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Preface

Big Data from Space refers to the massive spatio-temporal Earth and Space observation data col-
lected by a variety of sensors - ranging from ground based to space-borne - and the synergy with data
coming from other sources and communities. This domain is currently facing sharp developments with
numerous new initiatives and breakthroughs from intelligent sensors’ networks to data science appli-
cation. These developments are empowering new approaches and applications in various and diverse
domains influencing life on earth and societal aspects, from sensing cities, monitoring human settle-
ments and urban areas to climate change and security.

The main objectives of the BiDS’19 Conference are:

• Focus on new paradigms of data intelligence addressing the entire value chain: data processing to
extract information, the information analysis to gather knowledge, and knowledge transformation
in value;

• Maximise the uptake and impact of multi-source space data;

• Promote the use of platforms and analytical methods to maximise the value extracted for scientific
exploration and discovery, societal benefits, commercial exploitation and operational applications;

• Bring together major European actors, including research, industry, institutions, and users, to
strengthen the communication and transfer of requirements, methods and technologies, and to
reinforce an interdisciplinary approach;

• Promote research and applications in innovative/disruptive data analysis methods;

• Advance the upscale of new solutions from research and innovation to operational use (e.g. for
the security domain);

• Promote cross-fertilisation with similar works in other data intensive domains (e.g. high-energy
physics, microbiology, social media, etc.).

The BiDS’19 Conference is co-organised by the European Space Agency (ESA), the Joint Research
Centre (JRC) of the European Commission, and the European Union Satellite Centre (SatCen). It is
hosted by the German Aerospace Center (DLR) in Munich, one of the key European cities with numer-
ous activities focused on space and aerospace developments and applications.

These proceedings consist of a collection of 75 short papers accepted for oral or poster presentation
at the conference as a result of the peer-review process by the conference programme committee. The
papers are lined up around the topics matching the oral sessions as well as the poster session, also
organised by topics.

This 4th edition of the Big Data from Space conference is directed towards ’Turning Data into
Insights’. Indeed, while the first editions of the conference concentrated on technologies and platforms
capable of sustaining the sharp increase of data streams originating from space sensors, the development
of efficient and effective methodologies and algorithms capable of extracting insights from these data
is gradually becoming the main challenge. In this context, artificial intelligence and machine learning
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techniques have started to play a key role as illustrated by numerous papers of this conference edition.
Methodological developments are motivated by the pressing need to extract information on large areas
and/or over long time series to better understand the dynamics of the processes that are shaping our
planet and indeed our universe in the case of data collected by telescopes. The topic of analysis ready
data has also emerged since the last edition and is closely linked with the development of new data
cube representations. Big Data from Space is also introducing some new legal challenges and the
need for further developments of standards and interoperable interfaces between the growing number
of platforms hosting multi-petabyte scale data co-located with processing capabilities. All these topics
as well as other generic key aspects of big data are mirrored in dedicated sections of these proceedings.
They provide a snapshot of the current research activities, developments, and initiatives in Big Data
from Space.

Further to the regular oral and poster contributions, the conference has been enriched by 5 enlight-
ening invited keynote lectures addressing various big data topics of interest to Big Data from Space:

1. Artificial Intelligence and Data Science in Earth Observation
by Xiaoxiang Zhu (DLR-IMF, Head of Department ”EO Data Science”)

2. Mosaics in Big Data: Stratosphere, Apache Flink, and Beyond
by Volker Markl (Technical University Berlin, Data Analytics Lab & DFKI)

3. Overview of JPL data science for Earth science
by Tomas Huang (NASA JPL, Computer Science for Data Intensive Applications)

4. European Data Relay System Achievements and Capabilities
by Harald Hauschildt (European Space Agency, Telecom & Integrated Applications Dept.)

5. Machine learning in Earth Observation data analysis
by Gustau Camps-Valls (Universitat de València, Dpt. Enginyeria Electrònica (DIE), Image Pro-
cessing Laboratory (IPL))

Additional conference materials such as electronic version of the slides presented at the conference,
including those regarding the opening session talks and keynote lectures, are available on the conference
website: www.bigdatafromspace2019.org.

Great thanks goes to all authors and presenters of BiDS’19 as well as the numerous participants
(over 600 registrations from more than 50 different countries). Together, they have ensured the success
of the 2019 conference on Big Data from Space. Special thanks goes to the Programme Committee
members and the additional reviewers for their thorough reviews and detailed comments that were taken
into account by the authors when preparing the final version of their paper included in these proceedings.

This edition of the BiDS conference is deeply grateful to the German Aerospace Center (DLR) for
its strong support in having BiDS’19 hosted in Munich.

Pierre Soille, Sveinung Loekken, and Sergio Albani
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Jutta Graf German Aerospace Center (DLR), Germany
Jacopo Grazzini DG ESTAT (Eurostat) - European Commission
Harm Greidanus European Commission, Joint Research Centre (JRC)
Steve Groom IPAC/Caltech, USA
Michele Iapaolo European Space Agency (ESA), ESRIN, Italy
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Pieter Kempeneers European Commission, Joint Research Centre (JRC)
Doris Klein German Aerospace Center (DLR), Germany
Riccardo Lanari IREA, National Research Council (CNR), Italy
Henri Laur European Space Agency (ESA), ESRIN, Italy
Samantha Lavender Pixalytics Ltd
Michele Lazzarini European Union Satellite Centre (SatCen)
Jacqueline Le Moigne National Aeronautics and Space Administration (NASA),

USA
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ROAD PASSABILITY ESTIMATION USING DEEP NEURAL NETWORKS AND SATELLITE
IMAGE PATCHES
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ABSTRACT

Artificial Intelligence (AI) technologies are getting deeper and
deeper into remote sensing and satellite image processing of-
fering value-added products and services in a real-time manner.
Deep learning techniques applied on visual content are able
to infer accurate decisions about concepts and events in an
automatic way, based on Deep Convolutional Neural Networks
which are trained on very large external image collections in
order to transfer knowledge from them to the considered task.
Existing emergency management services focus on the detec-
tion of flooded areas, without the possibility to infer if a road
from point A to a point B is passable or not. To that end, we
propose an automatic road passability service that is able to
deliver the parts of the road network which are not passable,
using satellite image patches. Experiments and fine-tuning on
an annotated benchmark collection indicates the most suitable
model among several Deep Convolutional Neural Networks.

Index Terms— Road passability, Deep Convolutional
Neural Networks, Crisis Management, Road Network

1. INTRODUCTION

The high applicability of the Artificial Intelligence (AI) has
led to the utilization of its technologies in order to develop and
advance numerous other fields, among them remote sensing.
Applying deep learning techniques on satellite images can
offer an automatic identification of concepts or events. More
specifically, we are based on Deep Convolutional Neural Net-
works (DCNNs) that are pre-trained on an external dataset of
millions of images and use them to classify satellite imagery,
a technique known also as transfer learning.

Our field of application is the Emergency Management
applications, a managerial function that seeks to cope with
hazards and disasters. While state-of-the-art mainly focuses
on the detection of flooded areas in general, we target an
explicit problem: starting from a point A to a point B, is a road

∗This work was supported by EOPEN project, partially funded by the
European Commission, under the contract number H2020-776019.

passable or not due to a flood? Therefore, we introduce a road
passability method that can automatically decide whether a
roadway depicted in a satellite image is clear and able to be
traveled.

The paper is structured as follows. In Section 2 we ex-
amine the existing works that are related to the problems of
road extraction and flood detection. Section 3 describes the
methodology, while Section 4 concerns the experiments and
presents the results. Finally, Section 5 concludes and discusses
future enhancements.

2. RELATED WORK

Road passability relies on two major sub-problems of remote
sensing, being a combination of road extraction and flood
detection procedures, with the most recent trends based on the
exploitation of neural networks’ capabilities. In the following
we present the recent advances in both directions.

Road extraction detects road segments, as also defined in
[1] where it is proposed to extract the road components from
satellite images using Laplacian of Gaussian operator. The
image is pre-processed to identify the color space components.
At start, a panchromatic and a multispectral image of an area
are combined (fused) to obtain more details of the image. Then,
objects are identified using HSY color models components.
Trying to distinguish roads from sandy regions, hue and lumi-
nance may have similar values but can be distinguished using
saturation. A morphological method is applied to remove the
unwanted objects in the image. In a more recent approach, the
work of [3] explores 3 different Fully-Convolutional Neural
Networks (FCNNs): FCN-8s with a VGG-19 backbone, Deep
Residual U-Net0 and DeepLabv3+ for semantic segmentation.
All networks were trained from scratch, where a considerable
performance drop is noticed when using weights pretrained
on ImageNet, due to the different nature of SAR images com-
pared to optical ones. Adjusting the object segmentation, the
task changes from a binary classification to a binary regression
model, and instead of predicting each pixel as either road or
background, the network weighs how likely it is for each pixel
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Fig. 1. Part of a Web application that exploits the road passability service, developed for the purposes of H2020-EOPEN project.

to be a road. Due to Object awareness in FCNN, the predicted
roads are sometimes disconnected at intersections, requiring
re-connection of loose segments. In another work, in order to
improve performance at heterogeneous areas (cars, trees on the
road) a method on Generative Adversarial Networks (GAN)
[6] is proposed to handle road detection. For the segmentation
model, the so-called “Segnet” is used to generate a pixel-wise
classification map. The GAN defines two models; the gener-
ative model, which is used to stimulate the data probability
distribution, and the discriminative model, which is used to
find whether a sample is coming from the generative model or
the ground truth map. The generative and the discriminative
models together form an adversarial network. Contrary to
these approaches, we aim to infer whether a satellite image
patch contains a passable road segment or not, without the
need to segment the image patch into “road” and “no-road”
regions.

Flood detection has been a popular problem in the re-
mote sensing community, while nowadays the focus is on
the use of Neural Networks, such as in [4], where the Fully-
Convolutional Network (FCN), a variant of VGG16 on Gaofen-
3 SAR images, is utilized for flood mapping. FCN demon-
strates robustness to speckle noise in SAR images. Speckle
noise is not filtered, making the deep learning model more
universal (data augmentation). To make the model less com-
plex, 7 x 7 kernels are replaced with 3 x 3 kernels greatly
reducing conv6 parameters. In [5] the most widely used cri-
teria performances, namely coefficient of determination (R2),
sum squared error (SSE), mean squared error (MSE), and root
mean squared error (RMSE) are used to optimize the perfor-
mance of the Artificial Neural Network (ANN). Each method
is estimated from the ANN predicted values and the measured
discharges (targets). Seven input nodes, each representing
flood causative parameters, including rainfall, slope, elevation,
soil, geology, flow accumulation, and land use are used during
the ANN modeling. There is little variation in maximum and
minimum connection weights between the input and the hid-

den layers nodes except from the rainfall parameter. Rainfall
factor is the main factor in the training of the neural network.
The sensitivity analysis has shown that the elevation is the
most important factor for flood susceptibility mapping. The
approach in [8] is based on the segmentation of a single SAR
image using self-organizing Kohonen maps (SOMs) and fur-
ther image classication using auxiliary information on water
bodies that could be derived, from optical satellite images. A
moving window is applied to process the image and spatial
connection between the image pixels is taken into account.
Neural networks weights are adjusted automatically using
ground-truth training data. In contrast, we propose a unifying
approach to infer whether a road is passable or not, due to a
severe flood event. We examine state-of-the-art classification
methods with transfer learning, aiming to develop an effective
road passability estimation service for the case of flooded road
networks.

3. METHODOLOGY

3.1. Road passability service

In order to showcase the applicability of the proposed road
passability service, we demonstrate a Web user interface that
involves a classification service that adopts a DCNN archi-
tecture. As seen in Figure 1, the user is presented with a
collection of satellite images, which are accompanied by their
metadata (i.e., date, location, type). When an image is clicked,
it is partitioned to smaller pieces and the classification method
is performed to every piece. If a passable road is detected,
then a green border appears around the image segment. Oth-
erwise, a red border indicates the detection of a non-passable
road. In case that no roads are recognized inside the image, no
border is shown. With the results clearly illustrated, one can
easily evaluate the effectiveness as well as the usefulness of
the service.
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3.2. Model selection and implementation

In order to classify satellite images to the class “road pass-
ability” we build models by using pretrained Convolutional
Neural Networks (CNN). Namely, we experimented with the
following models: VGG-19 [7], Inception-v3 [9], and ResNet
[2]. VGG was originally developed for the ImageNet dataset
by the Visual Geometry Group at the University of Oxford.
The model involves 19 layers and it has as input images of
size 224 x 224. Inception-v3 is another ImageNet-optimized
model. It is developed by Google and has a strong emphasis
on making scaling to deep networks computationally efficient,
having as input 299 x 299 images. Finally, ResNet-50 is a
model developed by Microsoft Research using a structure that
uses residual functions to help add considerable stability to
deep networks, using as input 224 x 224 images. For each
of the aforementioned networks, we performed fine-tuning
which involved removing the last pooling layers and replacing
it with a new pooling layer with a softmax activation function
with size 2 given that our aim is to recognize whether there is
evidence of road passability or not.

For the implementation we used TensorFlow1 and the open-
source neural network Python package Keras2 for developing
our models. In general, Keras package simplifies the train-
ing of new CNN networks by modifying easily the network
structure and the pre-trained weights, freezing the weights in
the imported network and eventually training the weights in
the newly added layers, in order to combine existing knowl-
edge from the imported weights with the gained knowledge
from the domain-specific collection of satellite images with
ground-truth annotation on road passability.

4. EXPERIMENTS

4.1. Dataset description

The dataset consists of 1,437 satellite images provided for
the MediaEval 2018 Satellite Task “Emergency Response for
Flooding Events”3 - data for “Flood detection in satellite im-
ages”. These are satellite image patches of flooded areas
that were manually annotated with a single label to indicate
whether the road depicted is passable or not due to floods. The
dataset was randomly split into a training a validation set. The
training set contained 1,000 images, while the validation set
the remaining 437 images.

4.2. Settings

Several experiments were run in order to find the best per-
forming model. The parameters that were tuned concern the

1https://www.tensorflow.org/
2https://keras.io/
3http://www.multimediaeval.org/mediaeval2018/

multimediasatellite/

learning rate, the batch size and the optimizer function. Specifi-
cally, the values considered for the aforementioned parameters
were the following: learning rate values = {0.001, 0.01, 0.1},
batch size values = {32, 64, 128, 256}, and the optimizer func-
tions = {Adam, Stochastic Gradient Descent (SGD)}. Finally,
the epoch was set to 35 and the loss function considered was
the sparse categorical crossentropy.

4.3. Results

To evaluate the performance of the different networks we
considered accuracy as the evaluation metric. The results of
our analysis are shown in Tables 1 and 2 and in general they
present the accuracy of the train and the validation set for
the four networks (i.e. VGG-19, Inception v3, ResNet-50,
ResNet-101) for two widely used optimizers, i.e. Adam and
SGD. Specifically, Table 1 shows how the learning parameter
affects the performance of the networks. After a careful ob-
servation we can deduce that the networks perform better for
the lower values of the learning rate, as they reach an average
accuracy of 81.2% and 78.5% for learning rates 0.001 and 0.01
respectively.

In the sequel, we experimented with the batch size param-
eter and observed the impact on the networks accuracy (Table
2). The conclusion that rises from this experiment is that the
increase of the batch size generally improves the accuracy. The
best values of accuracy are achieved by ResNet-50 for batch
size 256 and Adam optimizer (88.2%) and the Inception v3
for batch size 128 and Adam optimizer (89.9%) (highlighted
in bold). However, the accuracy of the validation set for the
Inception v3 is significantly lower than that of ResNet-50,
probably due to over-fitting reasons.

5. CONCLUSION AND FUTURE WORK

In this work we presented our approach in road passability
from satellite images using the recent advances in Deep Neural
Networks. Tweaking the core settings of the network signifi-
cant improvement in accuracy can be achieved. Better results
appear with lower values of the learning ratio, while increasing
the batch size improves accuracy, up to a certain level so as to
avoid over-fitting. Additionally, this work highlights the ne-
cessity to evaluate alternative ways of fine-tuning pre-trained
networks to compare performance differentiation.

Future work includes the combination of our approach with
RCNN region proposal neural networks, to inherently perform
semantic segmentation, as also described in [10], fusing het-
erogeneous data sources, to also highlight the road segments,
in case they are not available through an external source as a
GIS layer or any other format.
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Table 1. Neural networks accuracy for different learning rate values.
Learning rate 0.001 Learning rate 0.01 Learning rate 0.1

DCNN Optimizer Dev. Set Acc. Valid. Set Acc. Dev. Set Acc. Valid. Set Acc. Dev. Set Acc. Valid. Set Acc.
VGG-19 Adam 0,85 0,6911 0,5640 0,4851 0,5700 0,5904
VGG-19 SGD 0,8600 0,7140 0,8380 0,7277 - -

Inception v3 Adam 0,796 0,6018 0,8120 0,5973 0,4190 0,4348
Inception v3 SGD 0,7050 0,6590 0,8100 0,6499 0,8040 0,5995
ResNet-50 Adam 0,872 0,6247 0,8400 0,6453 0,5670 0,5973
ResNet-50 SGD 0,789 0,6865 0,8470 0,5538 0,8060 0,6796

ResNet-101 Adam 0,866 0,5515 0,8450 0,4668 0,7470 0,6590
ResNet-101 SGD 0,799 0,6041 0,8700 0,4668 0,8450 0,5858

Table 2. Neural networks accuracy for different batch size values for best performing learning rates.
Batch size 32 Batch size 64 Batch size 128 Batch size 256

DCNN
Learning

rate Optimizer
Dev. Set

Acc.
Valid.

Set Acc.
Dev.

Set Acc.
Valid.

Set Acc.
Dev.

Set Acc.
Valid.

Set Acc.
Dev.

Set Acc.
Valid.

Set Acc.
VGG-19 0,01 Adam 0,861 0,7666 0,8610 0,7666 0,8610 0,7667 - -
VGG-19 0,001 SGD 0,876 0,7071 0,8630 0,7117 0,8740 0,7162 - -

Inception v3 0,01 Adam 0,788 0,6247 0,8610 0,5789 0,8990 0,5629 0,8800 0,5378
Inception v3 0,001 SGD 0,792 0,5950 0,8330 0,6224 0,8480 0,5973 0,8550 0,5995
ResNet-50 0,01 Adam 0,833 0,4943 0,8640 0,6957 0,8720 0,7094 0,8820 0,7323
ResNet-50 0,001 SGD 0,804 0,6911 0,8310 0,7094 0,8390 0,7140 0,8390 0,7185

ResNet-101 0,1 Adam 0,86 0,5492 0,8710 0,5126 0,8850 0,5126 0,8890 0,4989
ResNet-101 0,001 SGD 0,789 0,5835 0,8260 0,5995 0,8380 0,5881 0,8390 0,5812
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ABSTRACT

The detection of inshore and offshore ships is an important
issue in both military and civilian fields. It helps monitor-
ing fisheries, managing maritime traffics, ensuring safety of
coast and sea, etc. In operational contexts, ship detection
is traditionally performed by a human observer who identi-
fies all kind of ships from visual analysis on remote sensing
images. Such a task is very time consuming and cannot be
conducted at a very large scale, while Sentinel-1 SAR data
now provides regular, worldwide coverage. Meanwhile, with
the emergence of GPUs, deep learning methods are now es-
tablished as a state-of-the-art solution for computer vision,
replacing human intervention in many contexts. They have
been shown to be adapted for ship detection and recognition,
most often with very high resolution SAR or optical imagery.
In this paper, we go one step further and propose a deep neu-
ral network for the joint detection, classification and length
estimation of ships from SAR Sentinel-1 data. We benefit
from synergies between AIS (Automatic Identification Sys-
tem) and Sentinel-1 data to build significant training datasets.
We then design a multi-task neural network architecture com-
posed of one joint convolutional network connected to three
networks dedicated to the different tasks, namely ship detec-
tion, classification and length estimation. Experimental as-
sessment showed our network provides satisfactory results,
with relevant ship presence probability maps, accurate classi-
fication and length estimation.

Index Terms— Deep neural network, Sentinel-1 SAR
images, Ship characterization, Multi-task learning

1. INTRODUCTION

Deep learning is considered as one of the major breakthrough
related to big data and computer vision [8]. It has become
very popular and successful in many fields including remote
sensing [14]. Deep learning is a paradigm for representation
learning and is based on multiple levels of information. When
applied on visual data such as images, it is usually achieved
by means of convolutional neural networks. These networks
consist of multiple layers (such as convolution, pooling, fully

connected and normalization layers) aiming to transform
original data (raw input) into higher semantics representa-
tion. With the composition of enough such operations, very
complex functions can be learned. For classification tasks,
higher representation layers amplify aspects of the input that
are important for discrimination and discard irrelevant vari-
ations. For humans, it is simple through visual inspection
to know what objects are in an image, where they are, and
how they interact in a very fast and accurate way, allowing to
perform complex tasks. Fast, accurate algorithms for object
detection are thus sought to allow computers to perform such
tasks, at a much larger scale than humans can achieve.

Sentinel-1 SAR images are well adapted for ship detec-
tion. Almost all coastal zones and shipping routes are covered
by Interferometric Wide Swath Mode (IW), while Extra-Wide
Swath Mode (EW) acquires data over open oceans, providing
a global coverage for sea-oriented applications. Such images,
combined with the Automatic Identification System (AIS),
represent a large amount of data that can be employed for
deep learning models. AIS provides meaningful and relevant
information about ships (such as position, type, length, rate
of turn, speed over ground, etc.). Combining these two data
sources could ease accurate detection and estimation of ship
parameters from SAR images, which remains a very challeng-
ing task. Indeed, detecting inshore and offshore ships is crit-
ical in both military and civilian fields (e.g. for monitoring
of fisheries, management of maritime traffics, safety of coast
and sea, etc). In operational contexts, the approaches used
so far still rely on manual visual interpretations that are time-
consuming, possibly error-prone, and definitely not able to
cope with big data issues. On the contrary, the availability of
satellite data such as Sentinel-1 SAR makes possible efficient
and accurate ship detection.

Among existing methods for ship detection from SAR im-
ages, Constant False Alarm Rate (CFAR)-based methods have
been widely used to detect ships in the sea [9, 1]. The advan-
tage of such methods is their reliability and high efficiency.
As the choice of features has an impact on the performance
of discrimination, deep neural networks took the lead thanks
to their ability to extract (or learn) features that are richer
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than hand-crafted (or expert) features. In [10], a framework
named Sea-Land Segmentation-based Convolutional Neural
Network (SLS-CNN) was proposed for ship detection, com-
bined with the use of saliency computation. A modified Faster
R-CNN based on CFAR algorithm for SAR ship detection
was proposed in [4] with good detection performances. In [6],
a method categorizing ship targets from SAR images using
texture features in artificial neural networks (TF-ANN) was
proposed. The TF-ANN method selects an appropriate tex-
ture feature for SAR images and uses the feature as the input
of neural network to extract ship pixels from sea ones. [12]
employed highway network for ship detection in SAR images
and achieved good results, especially in detecting correctly
false positive. These state-of-the-art approaches focused on
ship detection in SAR images. In this paper, we rather aim to
achieve the recognition of ship types and their length estima-
tion, which to our knowledge has not been dealt with before.
Furthermore, our network is able to provide pixelwise prob-
ability map of ship presence, that can be further threshold to
also allow ship detection.

2. PROPOSED APPROACH

2.1. Creation of reference datasets

With a view to implement deep learning strategies, we first
address the creation of reference datasets from the synergy
between AIS data and Sentinel-1 SAR data. AIS data are
interpolated in order to know the ship location when the SAR
images have been captured. Thus it is possible to know the
precise location of the ship in the SAR image and its related
information (in our case, length and type). The footprint of
the ship is obtained by thresholding the SAR image in the
area where it is located.

2.2. Proposed framework

The proposed multi-task framework is based on two stages,
with a first common part and then three task-oriented branches
for ship detection, classification and length estimation, re-
spectively (see Fig. 1). The first part is a convolutional
network made of 5 layers. It is followed by the task-oriented
branches. For the detection task, the output consists in a
pixel-wise probability of presence of ship. It is composed
of 4 convolutional and 1 fully connected layer. For the clas-
sification task, we consider 4 ship classes (Cargo, Tanker,
Fishing and Passenger). The branch is composed of 4 convo-
lutional and 2 fully connected layers. The last task is related
to the length estimation. The related branch is composed of 4
convolutional and 5 fully connected layers.

Such settings are commonly employed in deep learning
methods [11]. All the activations of the convolutional lay-
ers and fully connected layers are ReLu [7]. Other activation
functions are employed for the output layers: a sigmoid for

conv, 64x20x20

upsampling, 64x40x40

Detection

conv, 256x20x20

conv, 512x4x4

conv, 256x4x4

conv, 128x20x20 conv, 128x20x20

+

+

+

conv, 128x80x80

maxpooling, 512x20x20

Input, 2x80x80

Fig. 1: Proposed multi-task architecture for ship detection,
classification and length estimation from Sentinel-1 SAR.

the detection, a softmax activation for the classification, and
a linear activation is employed for the length estimation.

2.3. Loss functions

2.3.1. Detection

The detection output is the probability of ship presence. We
thus employ a binary cross-entropy loss, which is defined by:

Ldet = −
1

N

N∑

n=1

∑

k∈I

(yklog(p(k)) + (1− yk)log(1− p(k)),

(1)
where N is the number of samples, k is a pixel of the output
detection image I , yk is the ground truth of ship presence (0
or 1), and p(k) is the predicted probability of ship presence.

2.3.2. Classification

The output for the last classification layer is the probability
that the input image corresponds to one of the considered ship
types. We use here the categorical cross-entropy loss:

Lclass = −
1

N

N∑

n=1

nc∑

c=1

(yo,clog(po,c)), (2)

where N is the number of samples, nc is the number of classes
(here, nc = 4), yo,c is a binary indicator (0 or 1) if class label
c is the correct classification for observation o and po,c is the
predicted probability for the observation o to belong to c.
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Fig. 2: Difference propagation flowchart in the fully-
connected layers.

2.3.3. Length

In the length estimation network, the 4 fully-connected layers
of shape (64×1×1) are connected to each other (see Fig. 2).
The idea is to propagate the difference between the first layer
and the current layer and is related to residual learning [3].
We use here the mean squared error defined as

Llength =
1

N

N∑

n=1

(lpred − ltrue)
2, (3)

where N is the number of samples, lpred is the predicted
length and ltrue is the true length.

2.3.4. End-to-end training

We define the loss function of the whole network as

L = Ldet + Lclass + Llength. (4)

Each specific loss employed to design the loss of the whole
network could have been weighted. But even if the range is
not uniform among the different losses, we observed no effect
on the optimization process. Thus, we have decided to equally
weight each specific loss in order perform each task with the
same importance. Our network is trained end-to-end using
RMSProp optimizer [13]. The weights of the network are
updated by using a learning rate of 1e-4 and a learning rate
decay over each update of 1e-6 over the 500 iterations.

3. DATA

In our experiments, we consider a dataset composed of 18,894
SAR images of size 400×400 pixels and having a 10 m reso-
lution. Each image is accompanied with the incidence angle
since it impacts the backscatter intensity of the signal. We rely
on Automatic Identification System (AIS) to extract images
that contain a ship in their center. Furthermore, AIS also pro-
vides us with information about the ship type and length. The
dataset is very unbalanced (10,430 instances of Tanker and
only 1,071 instances of Passenger), thus requiring dedicated
strategy [5]. Here we simply decided to enlarge our dataset
through data augmentation with translations and rotations in
order to have 20,000 balanced images. The images employed
to train our network are 80×80 images containing ships (not
necessarily in the center). The ship footprint ground truth is

generated by thresholding the SAR image since we precisely
know the location of the ship (i.e. it is the brightest pixel of
the SAR image). The obtained footprint is not perfect (see
Fig. 3b) but is sufficient in order to train the network. Let
us note that a CFAR approach could have been employed in
order to extract more precisely the ship footprint [9].

4. RESULTS

We train and test our network on a PC with a single NVIDIA
GTX 1080 Ti, an Intel Xeon W-2145 CPU 3.70GHz and
64GB RAM (with a Keras [2] implementation). For a 80×80
image, our method can run at 55 frames per second.

The network is trained using 16,000 images from the aug-
mented dataset and the remaining 4,000 images are used for
validation. Since our goal is to correctly estimate ships pa-
rameters (namely length and type), only results on small im-
ages are presented. Accurate evaluation of ship detection is
difficult, so we conduct a visual inspection to confirm that the
detection is well performed by our network (see Fig. 3). Let
us note that the detection task has been widely addressed in
the literature [10, 4, 6] and is not our main purpose here.

(a) SAR image. (b) Ship footprint ground truth.

(c) Detection result.

Fig. 3: SAR image (with backscatter intensity), the generated
ground truth and result of detection from the network.

To our knowledge, the length estimation is a task that
has never been investigated using learning-based schemes yet.
Our framework performs well with very promising results.
The length is slightly under-estimated: -2.4 m± 9.5 m, which
is very good regarding the spatial resolution of the Sentinel-1
SAR data. Indeed, having only the ship footprint and the spa-
tial resolution of the image is not sufficient and often leads
to an over-estimation of the length. The classification task is
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of high importance. Table 1 gives the confusion matrix, and
several accuracy metrics are also presented in Table 2. The
confusion matrix shows some light confusions for passenger
ships, decreasing slightly the precision for this class. Some
fishing ships are classified as passenger ships impacting the
recall for this class. For the tanker and cargo ships, the classi-
fication is very accurate. The accuracy metrics confirm these
satisfactory results with an overall accuracy and a mean F-
score of 95.4%.

Label Tanker Cargo Fishing Passenger Recall
Tanker 978 7 6 9 97.8
Cargo 8 946 7 39 94.6
Fishing 1 15 934 50 93.4
Passenger 5 13 24 958 95.8
Precision 98.6 96.4 96.2 90.7

Table 1: Confusion matrix of ship classification.

Label Tanker Cargo Fishing Passenger Overall
IoU 96.5 91.4 90.1 87.3 91.3
F-score 98.2 95.5 94.8 93.2 95.4
Accuracy 99.1 97.8 97.4 96.5 95.4
κ 0.98 0.94 0.93 0.91 0.95

Table 2: Accuracy metrics of ship classification.

5. CONCLUSION

In this paper, a multi-task deep neural network approach was
introduced to address joint detection (i.e. pixelwise prob-
ability maps), classification and length estimation for ships
in Sentinel-1 SAR images. We exploit AIS-Sentinel-1 syn-
ergies to automatically build reference datasets for training
and evaluation purposes. Regarding the considered architec-
ture, a mutual convolutional branch transforms raw inputs
into meaningful information. Such information is fed into
specific branches for each of the three considered tasks. In
our context, ship detection cannot be totally assessed, but a vi-
sual inspection still shows our network achieved good perfor-
mances. As expected, we reach state-of-the-art performance
for the detection task but jointly deliver relevant performance
for ship classification (above 90% of correct classification)
and length estimation (relative bias and standard deviation be-
low 10%). We may point out that the considered residual ar-
chitecture for length estimation seems to be a critical feature
to reach good estimation performance, but it should be further
investigated in order to confirm its relevance.

Further improvements will be investigated. Using false
positive in the dataset would allow to evaluate the relevance
of our detection network. We also consider to increase the
number of classes and see if our network is robust to more
complex scenarios.
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ABSTRACT 

Euclid is a high-precision survey space mission developed in 
the frame of the Cosmic Vision Program of ESA in order to 
study the nature of Dark Energy and Dark Matter. Its Science 
Ground Segment (SGS) will have to deal with around 175 PB 
of data both coming from Euclid satellite data, complex 
pipeline processing, external ground based observations or 
simulations, and with an output catalog containing the 
description of around 10 billion objects with hundreds of 
attributes. Thus, the implementation of the SGS [1] is a real 
challenge in terms of architecture and organization. This 
paper focuses on the Euclid processing challenge and how 
Machine Learning (ML) and Deep Learning (DL) approaches 
may solve some key issues though some concrete examples. 

Index Terms— Euclid, Astronomy, Astrophysics, Data 
Processing, Machine Learning, Deep Learning 

1. INTRODUCTION 

One of the challenges that the Euclid project has to tackle 
with is the unpreceded amount of data (> 100 PB) and number 
of objects (> 10 billions) that it will have to process, store and 
distribute. This has to be done through a complex multilevel 
processing pipeline ending with the generation of ready for 
science high level products. Some of the associated points 
have already been solved. For example, the requested 
processing and storage capacities will be provided by the 
federation of 9 Science Data Centers (SDCs) – 8 in Europe + 
1 in US. This architecture will allow to deploy and run a kind 
of distributed map-reduce Euclid pipeline thus taking benefits 
of any available SDC resources in parallel, through an 
optimized allocation of sky areas to the SDCs. Most part of 
the Euclid pipeline relies on “legacy” algorithms that have to 

be optimized and improved in order to fit this SGS 
architecture and to allow to deliver the Euclid scientific 
products in respect to the scientific requirements and within 
the requested time slot. 
 
However, some Euclid process cannot be efficiently 
automated by conventional algorithms and still requires 
human expertise and manual validation/rejection, e.g.: 

 
• Deblending of galaxy sources, 
• Galaxy structures and classification, 
• Galaxy/Star distinction, 
• Anomalies detections (outliers), 
• Redshift assessment, 
• Point Spread Function (PSF) modeling, 
• Image deconvolution, 
• Modified Gravity Cosmological Model 

Discrimination. 
 
This is not compatible with Euclid constraints, since it would 
take much many years to achieve the whole process. For 
example, the Galaxy Zoo project 
(https://www.zooniverse.org/projects/zookeeper/galaxy-
zoo/), that aims at galaxy classification, involves ~15 000 
volunteers who achieved 968 133 in months. We can easily 
infer how much time it would take to classify billions of 
objects in such a way!  
Thus, we have to find innovative ways in order to solve this 
issue. A segment of the Artificial Intelligence (AI) domain – 
Machine Learning (ML) and Deep Learning (DL) – is a very 
promising approach in this case. Coming back to the previous 
example, some tests show that the same amount of galaxy 
classification could be achieved efficiently in some hours 
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with the ML/DL approach after the appropriate training 
phase. 
This paper details four examples and current works in the 
framework of the Euclid Project involving ML/DL 
technologies at the French side, among many other current 
initiatives inside the Euclid Consortium: 
 

• CEA - Identification of blended galaxy sources, 
• LAM - Redshift reliability assessment, 
• OBSMP - Morphology and structure of galaxies, 
• IAS/IRAP - Stars & galaxies separation. 

2. CEA- IDENTIFICATION OF BLENDED GALAXY 

SOURCES 

Upcoming astrophysical surveys such as Canada-France 
Imaging Survey (CFIS) and Euclid aim to constrain 
cosmological parameters using properties derived from 
galaxy images, in particular their shapes via weak 
gravitational lensing. However, blending of sources (i.e. the 
overlap of extended objects) has a significant impact on the 
measurement of the morphological and structural properties 
of galaxies. It is therefore essential to develop effective and 
reliable methods for identifying blended sources in survey 
data and establishing appropriate means of dealing with them. 
This problem is even more complicated for surveys like CFIS 
that lack the colour information that could otherwise be used 
to help distinguish different galaxies from one another. 

 
Machine learning techniques have been shown to be 
incredibly successful when applied to complex classification 
problems (see e.g. [2]). The effectiveness of these tools, 
however, can be difficult to gauge without reliable labelled 
data, which is the case for real images. Therefore, 
circumventing these issues requires an innovative 
implementation of these tools. 

 
We have used Convolutional Neural Networks (CNNs), 
specifically the VGG16 network [3], to identify blended 
sources in CFIS simulations and have demonstrated 
extremely positive results (see fig 1 Blended & Non Blended 
Object). The network accurately identifies around 90% of 
blended sources in the simulations. The small percentage of 
failures generally correspond to cases in which it is virtually 
impossible to identify a given source as blended due to a 
complete overlap of the two galaxies. 

Figure 1 – Non Blended & Blending Object 

This network has been trained in a way that attempts to 
minimize the potential overfitting of the network to the 
simulated data by freezing most of the initial VGG16 layers. 
This is done in order to make the network more robust to 
unseen properties in real images. Initial results on real CFIS 
images are very promising, where network labels correspond 
well with visually identifiable blends. 

3. LAM - ML FOR REDSHIFT RELIABILITY 

ASSESSMENT 

As the size of massive surveys in Astronomy continues to 
expand, assessing the redshifts reliability becomes 
increasingly challenging. The need for fully automated 
reliability assessment methods is now part of the 
requirements for future surveys as ESA Euclid mission which 
will provide a large set of galaxy redshifts (more than one 
million). It is justified by the fact that automation provides 
predictable and consistent performances (while the behavior 
of a human operator remains unpredictable), and by the need 
for automation in order to deal with the orders-of-magnitude 
increase in the total number of spectra that will be processed. 
We propose to automate this assessment of a spectroscopic 
redshift reliability flag, by exploiting key features in the 
redshift posterior Probability Density Function (PDF) and 
Machine Learning (ML) algorithms based on a preliminary 
step of clustering (unsupervised classification) and a second 
step of classical classification. 

3.1. Introduction 

A Bayesian framework for the spectroscopic redshift 
estimation, incorporating all sources of information and 
uncertainties of the estimation process (prior, data-model 
hypothesis), enables to produce a full spectroscopic redshift 
posterior PDF (Jamal et al. [4]). It is the starting point of our 
automated reliability flag definition that we describe in the 
following sections. Indeed, in galaxy surveys, a key issue 
often overlooked is the necessary evaluation of the quality of 
a redshift measurement because spectroscopic redshift 
measurement methods may be affected by a number of known 
or unknown observational biases that may produce some 
errors in the output redshift, ranging all the way to a 
catastrophic measurement far from the real galaxy redshift. 
All previous methods imply subjective information, either by 
selecting adequate thresholds from a constructed sample or 
by involving a human operator within the (visual) verification 
process that becomes largely unfeasible for samples over 
millions of galaxies. For massive spectroscopic surveys such 
as Euclid, there is a critical need for a fully automated 
reliability flag, that will adapt to the observed data and 
display a greater use of all available information. 

 
Spectroscopic redshift measurements are obtained from 
maximization of the posterior probability p(z|D, I) in a 
Bayesian inference. We exploit some characteristics of the 
posterior PDF to build a discretized descriptor space that will 
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be the entry point for ML techniques to predict a reliability 
label. 
Our approach aims to build the "experience" of an automated 
system in order to assess the quality of a redshift 
measurement from the redshift PDF. 

3.2. Initial clustering step 

In machine learning, the typical entries of the model are a 
response vector Y and a feature matrix X. In the case of 
clustering (unsupervised classification), the response vector 
Y of the model is unknown. Therefore, the prediction of a 
label yj uses only the distribution of the feature matrix X in 
the features space. It will unveil the intricate structure and 
bring into light some properties (in the descriptor space) of 
the used reference dataset. We choose 8 key-descriptors of 
the zPDFs in order to construct the features matrix X: 

 
• the quantity P(zMAP |D, I) 
• the number of significant modes of the PDF. 
• the difference in probability of the first two best redshift 

solutions: P(zMAP |D, I) − P(z2 |D, I) 
• the dispersion σ = [ ∫ (z − z̄)2 p(z) dz ]1/2, with z̄  = ∫ z 

p(z) dz. 
• the cumulative probability in the region R2∗. 
• the 3 characteristics of the CR∗ (restricted version of the 

Credibility Region with 95% in probability): number of 
z candidates, width ∆z and cumulative probability. 

 
By using the 8 previous listed descriptors, we expect that the 
main features of the zPDF can be inferred. This design is not 
immutable. Supplementing the feature matrix with additional 
information about the observed spectra, or designing a 
different feature selection, will also be explored. 
 
In clustering, prior knowledge about class memberships is 
unavailable. Partitioning the descriptor space into K 
manifolds is realized by applying separation rules only to the 
feature matrix X. We used 3 different unsupervised 
classification algorithms: 

 
• Fuzzy C-Means (FCM) with bi-partitioning (2 kinds of 

groups have been defined and we choose to reapply a bi-
partitioning to decompose the all data in a dichotomized 
pattern). This partitioning strategy is applied to the entire 
descriptor components, 

• Classical FCM (see Bezdek et al. 1984 [5]). Using this 
classic clustering algorithm FCM to minimize the 
intraclass variance, the final groups identify distinct 
partitions in the feature space, 

• K-means. 
 
In this study, the selection of the total number of clusters is 
an empirical process by testing different configurations and 
by evaluating the performances of the final results after the 
classification step using the purity-completeness curve. 

3.3. Classification step 

At the end of the previous step, we obtain a subset of spectra 
to which a reliability label is known to belong to one of the 
cluster that have been defined by the unsupervised clustering 
algorithm. In this step we use these labels as the response 
vector Ytrain in a supervised classification, to train a 
classifier to predict redshift reliability labels for new 
unlabeled data. The chosen classifier is the Support Vector 
machine (SVM) with a Gaussian kernel. To evaluate its 
performances two tests have been conducted: Resubstitution 
and Test prediction. 
 
In the Resubstitution test, the "Training set" is reused as the 
"Test set" during the prediction phase. Extremely low 
prediction errors are expected (< 1% classification error rate): 
if a bijective relation exists between the observables Xtrain 
and the response vector Ytrain, the generated mapping from 
the training phase is supposedly accurate. The predicted 
labels Ypred in resubstitution tests are therefore expected to 
resemble the true labels Ytrain with high accuracy. 
 
In the Prediction test, the "Training set" and the "Test set" are 
two different subsets of the initial dataset and the 
performances are evaluated on the Test set which has not 
been used during the classification step in order to define the 
SVM predictor. 
 
Performances which have been observed for this SVM 
classifier in the resubstitution test give extremely low off-
diagonal elements in the confusion matrices and an average 
per-class error rate less 0.1%. By having low resubstitution 
errors, the mapping is deemed a reliable reproduction of the 
input data, and the prediction of Xtest can be examined. In 
the Prediction test, we find that the confusion matrices for the 
SVM classifiers (with a Gaussian kernel) still testify of a 
good predictive power. 

3.4. Preliminary results 

To evaluate the whole method, we are using at the 
unsupervised clustering step a preliminary Euclid simulated 
dataset (COSMOS-MCDR) of 34221 spectra from mock 
simulations for the Euclid mission. An end-to-end simulation 
pipeline is currently under development using catalogs of 
realistic input sources with spectrophotometric information 
and an instrumental model for the spectrophotometer, using 
the pixel simulator software TIPS (Zoubian et al. [6]), 1D 
spectra are obtained from 2D dispersed images. 
In order to evaluate the performances of the supervised 
classifier trained with the obtained labels we test its 
prediction of the reliability labels on a different preliminary 
dataset composed by 973 simulated spectra obtained from 
Euclid-SPV. For each spectrum, we estimate the redshift and 
compute the corresponding zPDF from which reliability 
labels are computed using the trained classifier described 
above. The obtained labels are then used to compute the 
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purity-completeness curve defined in the context of Euclid 
redshift estimation document (see Vibert et al. [7]), by 
rejecting sequentially the spectra belonging to the less 
reliable remaining class (see Fig 2). 

Figure 2: Purity-Completeness curve with the FC-Means 
algorithm & 6 clusters 

 
A random rejection would produce a flat curve, decreasing 
the completeness while keeping the same purity level. We see 
that the classifier is already able to reject bad spectra while 
keeping better ones with thus a strong benefit in purity at the 
price of losing completeness. 
 
This work is still in progress and many improvements can still 
be worked out: the descriptors space could be 
extended/refined, other algorithms for the clustering could be 
tested. 

4. OBSPM - MORPHOLOGY AND STRUCTURE OF 

GALAXIES 

Euclid will observe an area of 15.000 square degrees in the 
optical bands with a spatial resolution similar to the one 
delivered by the Hubble Space Telescope. The estimation of 
galaxy morphologies and structural properties for billions of 
galaxies spanning the last 10 billion years of the cosmic time 
will be one of the many legacy products of Euclid. The main 
challenge is to develop accurate and fast algorithms capable 
of dealing with the unprecedented amount of data. 

4.1. Visual classifications with supervised learning & 
knowledge transferring 

Deep learning appears as a very powerful way to overcome 
these issues. In two recent works (Huertas-Company+15, 
Dominguez-Sanchez+18) we have shown that CNNs reach an 
agreement close to 95% with morphological classifications of 
galaxies performed through visual inspection both a low 
redshift (SDSS) and high redshift (CANDELS). Extending 
this approach to EUCLID is a promising way towards 
providing a detailed morphological classification of billions 
of galaxies. One important limitation of a machine learning 
based approach for morphological classification is the need 
of a large training set. The aforementioned works benefitted 
indeed from significant efforts be community to visually 
inspect a large number of galaxies (typically tens of 
thousands) both by astronomers (e.g. Kartaltepe et al. 2016 

[8]) and by citizens (GZOO, Lintott et al. 2011 [9]). Since 
different surveys have also different spatial resolutions and 
depths, it is not obvious that a network model trained on a 
given dataset can be used to classify another one. We have 
explored the issue of transferring knowledge between surveys 
in Dominguez-Sanchez et al. 2018b. We used a CNN model 
trained on 20.000 SDSS galaxies to reproduce the Galaxy 
Zoo classification from Linottt et al. 2011 [9] to classify 
similar galaxies observed in the framework of the Dark 
Energy Survey (DES). The model is a simple CNN 
architecture with 5 convolutional layers followed by 2 fully 
connected layers. We performed two basic tests. First, we 
used exactly the SDSS model to classify DES galaxies. The 
impact is that the accuracy typically drops from 95% to 85% 
as shown in figure 3.  

Figure 3: Knowledge transferring for morphological 
classification. Adapted from Dominguez-Sanchez et al. 2018b. 
The figure shows the accuracy obtained in reproducing the 
Galaxy Zoo Classification as a function of the agreement 
between classifiers. The green line shows the accuracy with an 
SDSS training of 20.000 galaxies. The blue line is the result 
when the same model is applied to SDSS. The red line is the 
accuracy obtained after a transfer learning with 200 objects. 

 
The second exercise consisted in using a small dataset (200 
galaxies) of visually classified DES galaxies to continue the 
training of the already trained model. We tried both retraining 
the full model and only the fully connected layers as usually 
done when transferring models. The results in our case were 
similar given the simplicity of the architecture in the first 
place. Figure 3 shows that this transferring is enough to reach 
again the same accuracy as with SDSS. This is an important 
result which suggests network models for galaxy morphology 
can be easily transferred between datasets without the need of 
visually classifying a large number of objects. Applied to 
Euclid, it means that one could achieve an accurate 
classification of billions of galaxies with a minor effort in 
terms of visual inspection. It is worth noticing though, that 
the previous result is based on two fairly similar datasets 
(SDSS and DES) in terms of spatial resolution and depth. The 
transferring between surveys with major differences still 
needs to be addressed. 
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4.2. Unsupervised morphologies with generative models 

An alternative approach to morphology classification is to use 
unsupervised learning which would automatically classify 
galaxies based on their similarities. The advantage is 
obviously that no training set is needed. The main problem is 
that the interpretability of the obtained classification is not 
always straightforward. Generative model such as VAEs or 
GANs offer an interesting path to explore. Figure 4 shows a 
preliminary attempt to use VAEs to reconstruct H-band 
(F160W) images of galaxies from the CANDELS survey 
observed with HST.  

Figure 4. Two dimensional latent space representation of high 
redshift galaxies observed with HST in the H-band obtained 
with a VAE. The color code is the Sersic index of the galaxies 
obtained independently. High Sersic index galaxies (i.e. 
early-type galaxies) are preferentially located in the left part 
f the plane while low Sersic index galaxies (e.g. late-type) are 
in the right side of the    diagram. 
 

In this preliminary result, 128*128 pixel images are projected 
into a 2 dimensional latent space using a classical VAE. The 
figure shows the distribution of galaxies in the plane color 
coded by the Sersic index. At first approximation, the VAE is 
successfully splitting galaxies in groups of high Sersic index 
(typically early-type morphologies) and low Sersic index 
(typically late-type morphologies) with no pre-assumption. 
This could constitute an alternative approach to classify 
galaxies in the Euclid survey without the need of a training 
set. One of the problems in the current approach is that more 
detailed morphological structures such as clumps or other 
irregularities common at high redshift are not currently well 
captured by the VAE. A possible solution could be to increase 
the dimensionality of the latent space and/or to use generative 
adversarial models (GANs) instead which should be able to 
synthesize more realistic images. 

4.3. Bulge-disc decompositions of galaxies with encoder-
decoder networks 

Another important quantity, are structural parameters of 
galaxies (effective radii, axis ratios, bulge-to-total fractions). 
The classical approach to estimate these quantities from 
images is based on model fitting with codes such as GALFIT 
or GIM2D. These codes have not been conceived however to 

deal with big data surveys such as Euclid. Several efforts have 
been made to automatize their use for catalogue compilation 
in large survey applications. GALAPAGOS, programmed by 
Barden et al. (2012) [10], combines SEXTRACTOR (Bertin 
& Arnouts 1996 [11]) for source detection and extraction, and 
then makes use of GALFIT for modeling Sersic profiles. The 
computing time is still very large and probably incompatible 
with the data volumes Euclid will handle. An alternative 
approach is based on neural networks. In a recent publication 
(Tuccillo et al. 2018 [12]), we showed that CNNs in a 
regression configuration can achieve similar accuracies than 
standard approaches in deriving the sizes and Sersic indices 
of galaxies but 3000 times faster. This gain in computing time 
makes it doable to “fit” large famous of galaxies. The 
limitation of the mentioned approach is that no images are 
delivered (as opposed to a traditional model fitting where a 
best model for each galaxy is produced). We are currently 
exploring an alternative based on U-nets (Ronnerberger et al. 
2015) that aims at extracting from an image the bulge and 
disc components in two separate images. The results are still 
very preliminary (Fig. 5) but seem to indicate that the U-net 
is able to split light between the different components without 
the need of model fitting. 

Figure 5. Preliminary example of the output of a U-net to 
perform bulge/disc decomposition of galaxies. The left 
column shows the input simulated bulge and disc components 
and the right column shows the predictions of the U-net for 
the same object. 

5. IAS/IRAP – STARS & GALAXIES SEPARATION 

Cosmology space missions require an extreme control on 
systematics, among which a proper separation between 
resolved objects such as galaxies (used to measure estimators 
relevant for cosmology) and unresolved objects such as stars 
(used to measure the properties of the optical system). 
Machine Learning can perform in principle a very efficient 
classification based on images. A major difficulty, however, 
is the building of a reliable training set based on observed data 
(not simulations).  
 
Using ground-based data and an already star and galaxy 
classification obtained with a widely used method (such as 
SExtractor software, Bertin & Arnouts [11]) from public 
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surveys, namely the CFHTLS (McCracken et al., 2008 [14]; 
Ilbert et al., 2006 [15]) and the DES (Dark Energy Survey 
Collaboration, 2016 [16]), we trained a CNN with a few 
layers, as described in [17]. We reach an accuracy 
comparable with the widely used method.  
 
Our difficulty is currently to build a reliable training set. We 
plan to use simulated data, but real data closer to the Euclid 
expected properties are thought to be a better direction in 
order to be more realistic and reliable. We will review our 
progress and difficulties. 

6. CONCLUSIONS 

Machine Learning and Deep Learning technologies are very 
promising approaches in the framework of the Euclid project. 
Euclid teams are already exploring these solutions in many 
fields of the Euclid project where conventional approaches 
are not relevant.  The first results are conclusive and the next 
years should confirm Euclid ML/DL adoption. 
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ABSTRACT
This paper presents a new large-scale Sentinel-2 benchmark
archive together with a three-branch convolutional deep neu-
ral network (TB-CNN) designed for accurate characterization
of Sentinel-2 images. Our archive, named BigEarthNet, con-
sists of 590,326 Sentinel-2 image patches that are accompa-
nied by multiple land-cover annotations. The BigEarthNet is
20 times larger than existing archives in remote sensing and
thus is much more convenient to be used as a training source
in the framework of deep learning. Our TB-CNN with its
specifically designed three branch convolutional neural net-
work architecture considers all bands of Sentinel-2 images,
having different spatial resolutions in order to extract com-
plementary representation from different band combinations.
Both the BigEarthNet and the TB-CNN open up promising
directions to advance the research on image classification in
massive Sentinel-2 image archives.

Index Terms— Sentinel-2 image archive, classification,
convolutional neural network, remote sensing

1. INTRODUCTION

The huge number of recent Earth observation satellite mis-
sions has led to a significant growth of remote sensing (RS)
image archives. One of the most challenging and emerg-
ing applications in RS is related to efficient and effective
classification of RS image scenes present in such archives.
The performance of classification systems highly depends
on the capability of the RS image features in characterizing
the content of the images. Recent advances in deep learning
have attracted great attention in RS due to high capability of
deep networks (e.g., Convolutional Neural Network, Recur-
rent Neural Networks, Generative Adversarial Networks) to
model high-level semantic content of RS images. To train
such networks, very large training sets are needed with a high
number of annotated images in order to learn effective models
with several different parameters.

To date, publicly available RS image archives contain
only a small number of annotated images and a large-scale

annotated archive does not yet exists. As an example, the
recently published EuroSAT archive [1] is composed of only
27,000 annotated Sentinel-2 images from which accurately
learning the large number of parameters in deep learning
models is not feasible, as the models may overfit dramatically
when using small training sets. Thus, the lack of large training
sets is an important bottleneck that prevents the use of deep
learning in RS. In order to address this problem, fine-tuning
deep networks pre-trained on large-scale computer vision
archives (e.g., ImageNet) are considered. However, such an
approach has several limitations considering differences on
the characteristics of images in computer-vision and RS. As
an example, Sentinel-2 images are different with respect to
the high resolution RGB images in computer vision on which
modern deep networks trained on. Sentinel-2 images have not
only lower spatial resolutions with respect to those images
but also varying resolutions for different spectral bands. Fur-
thermore, using pre-trained models generally prevents to use
more than three channels, whereas accurate characterization
of the other spectral bands having different spatial resolutions
can further increase the performance of deep networks if used
in a convenient way.

To overcome all these problems, we introduce a new
large-scale Sentinel-2 archive, named BigEarthNet, that con-
tains 590,326 Sentinel-2 image patches with multiple anno-
tations. Moreover, we design a deep neural network that
includes three different convolutional branches, which are
specifically designed for different spatial resolutions to ben-
efit from all Sentinel-2 bands having 10m, 20m and 60m
spatial resolutions. Our network also contains feature-level
fusion of different representations extracted for different spa-
tial resolutions in order to map fused image patch embedding
into multi-label clases. It is worth noting that the BigEarthNet
and pre-trained model weights of TB-CNN will be made pub-
licly available and we believe that it will make a significant
advancement in terms of developments of algorithms for the
analysis of large-scale RS image archives. Our contributions
for this paper can be summarized as follows: 1) we introduce
a large-scale annotated Sentinel-2 benchmark archive and 2)
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discontinuous urban
fabric, construction sites,
green urban areas

coniferous forest, natural
grassland, moors and
heathland, peatbogs

non-irrigated arable land,
fruit trees and berry
plantations, pastures

discontinuous urban
fabric, port areas, green
urban areas, vineyards,
broad-leaved forest, water
courses, water bodies

construction sites,
non-irrigated arable land,
pastures, coniferous
forest, inland marshes,
water courses

pastures, water courses,
water bodies

Fig. 1: Example Sentinel-2 images and their multi-labels in our
BigEarthNet archive.

we design a deep network particularly designed for modelling
Sentinel-2 images with 13 bands.

2. THE BIGEARTHNET ARCHIVE

The BigEarthNet has been constructed by selecting 125
Sentinel-2 tiles distributed over 10 European countries (Aus-
tria, Belgium, Finland, Ireland, Kosovo, Lithuania, Luxem-
bourg, Portugal, Serbia, Switzerland) and acquired between
June 2017 and May 2018. The reason of selecting tiles from
these countries and acquisition dates is that European En-
vironment Agency has very recently received the updated
land-cover products of these countries, for which annotation
process has been carried out for the period of 2017-2018. In
other words, CORINE land cover products has been recently
updated as CORINE Land Cover (CLC) 2018 for these coun-
tries. In details, all the considered image tiles are associated
to cloud cover percentage less than 1% and they were atmo-
spherically corrected by the use of Sentinel-2 Level 2A prod-
uct generation and formatting tool of ESA [2]. All spectral
bands except for the 10th band, in which surface information
is not embodied, were included. The tiles were divided into
non-overlapping image patches with the size of 120x120 for
10 meter bands, 60x60 for 20 meter bands and 20x20 for 60
meter bands. Each image patch (denoted as image hereafter)
in the archive has been annotated with one or more labels
based on 43 classes of CLC 2018 and then visual inspection
has been also carried out in order to apply a quality check.
The considered class labels are: continuous urban fabric, dis-
continuous urban fabric, industrial or commercial units, road
and rail networks and associated land, port areas, airports,
mineral extraction sites, dump sites, construction sites, green
urban areas, sport and leisure facilities, non-irrigated arable
land, permanently irrigated land, rice fields, vineyards, fruit

Table 1: Seasonal distribution of Sentinel-2 images

Seasons Autumn Winter Spring Summer
Number of

Images 154943 117156 189276 128951

Fig. 2: The number of Sentinel-2 images with respect to acquisition
date.

trees and berry plantations, olive groves, pastures, annual
crops associated with permanent crops, complex cultiva-
tion patterns, land principally occupied by agriculture, with
significant areas of natural vegetation, agro-forestry areas,
broad-leaved forest, coniferous forest, mixed forest, natural
grassland, moors and heathland, sclerophyllous vegetation,
transitional woodland/shrub, beaches, dunes, sands, bare
rock, sparsely vegetated areas, burnt areas, inland marshes,
peatbogs, salt marshes, salines, intertidal flats, water courses,
water bodies, coastal lagoons, estuaries and sea and ocean.

Fig. 1 shows examples of images and the multi-labels
associated with them, while Fig. 2 shows the number of
Sentinel-2 images with respect to acquisition date. The num-
ber of labels associated with each image varies between 1 and
12, whereas 95% of images have at most 5 multi-labels. It
is worth noting that we aimed to represent each considered
geographic location with images acquired in all different sea-
sons. However, due to the difficulties of collecting Sentinel-2
images with lower cloud cover percentage within a narrow
time interval, for some areas it was not possible. The number
of images for each season is listed in Table 1.

We would like to note that in the existing archives (e.g.,
EuroSAT) each training image is annotated by a single label
associated to the most signicant semantic content of the im-
age. However, this assumption does not fit well with the com-
plexity of Sentinel-2 images, where an image might have mul-
tiple land-cover classes (i.e., multi-labels). The BigEarthNet
is very promising since according to our knowledge it is the
first large-scale Sentinel-2 benchmark archive that includes
multi-labels. We would like to also note that the BigEarthNet
will be publicly available at http://bigearth.net.

3. OUR THREE BRANCH DEEP CONVOLUTIONAL
NEURAL NETWORK

In this section, we introduce our approach for classification of
Sentinel-2 images considering all bands with different spatial
resolutions. LetX = {x1, x2, ..., xM} be an archive that con-
sist ofM images where xi is the i-th image (for the BigEarth-
Net, M = 590, 326). We aim to find a mapping of xi into
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the one or more class labels {y1, .., yC} while yj ∈ Y is the
set of all BigEarthNet class labels and C is the number of
possible labels. To this end, we introduce a new deep neu-
ral network architecture developed considering the specifica-
tions of Sentinel-2 images and learnt end-to-end on BigEarth-
Net archive. In our approach, there are three different convo-
lutional branches for each 10m, 20m and 60m resolution of
Sentinel-2 images. Each branch acts as a feature extractor for
different resolutions. To this end, unlike the existing deep net-
works for Sentinel-2 images that generate a single representa-
tion of xi with only RGB channels, we aim to extract different
image representations for each spatial resolution. The motiva-
tion behind using three branch convolutional neural network
to use different CNNs specialized for the different spatial res-
olution. Although all branches have the same regime for the
number of filters for each convolutional layer (starting with 32
filters, increasing with multiplication by 2 while going deeper
into model and decreasing again with division by 2 and end-
ing with 64 filters), filter size and applied operations between
convolutional layers are different. We have decided to select
decreasing filter sizes among different branches for capturing
the textural regions having similar size while keeping them
large enough. Thus, 5x5 filters for initial layers and 3x3 filters
for deeper layers are used for the first branch, which accepts
10m resolution bands. For the second and third branches de-
veloped for 20m and 60m resolutions, 3x3 filters and 2x2 fil-
ters are used respectively throughout the layers. For all con-
volutional layers, stride of 1 and zero padding are used to
prevent information deficiency and to retain the spatial di-
mensionality. Additionally, we apply max-pooling to have
partial translation invariance for the first two branches. How-
ever, in order not to decrease spatial resolution more, it is not
preferred for the last branch. For each branch, there is a fully
connected (FC) layer that takes the output of the last convolu-
tional layer and produces feature vector. Let φr be one of the
branches that takes all image bands, xir , having same spatial
resolution and generates image representation for the spatial
resolution r where r ∈ {10m, 20m, 60m} is the set of all
spatial resolutions for Sentinel-2 images. After obtaining dif-
ferent image features, all of them are concatenated into one
vector, φconcat(xi), as follows:

φconcat(xi) = [φ10m(xi10m)>, φ20m(xi20m)>, φ60m(xi60m)>]>

(1)
where φ10m, φ20m, φ60m are the result of different branches
for different spatial resolutions while xi10m , xi20m , xi60m are
the different spectral band subsets in which spatial resolution
is the same. Although all image features are represented as the
single vector by cascading all vectors, using all information
complementarily as the single feature vector for classification
is provided with a new FC layer that takes concatenated vector
and produces fused image representation as the final feature
vector, φfused(xi). By appyling feature-level fusion with FC
layer, our model is more capable of extracting complementary
visual features for contextual and spectral information. To

this end, fusion is applied to cascaded vectors as follows in
our approach:

φfused(xi) =Wfusionφconcat(xi) (2)

where Wfusion is the model weights of the fusion FC layer.
After obtaining final image representation, last FC layer gen-
erates class scores, zyj

, with respect to this fused feature vec-
tor for each class label yj where ∀j ∈ 1, ..., 43 is one of the
BigEarthNet class labels. Finally, class posterior probability
of yj for the image xi is written as the sigmoid of its class
score as follows: P (yj |xi) = 1/(1+e

−zyj ). After obtaining
class labels, we define overall model loss as the cross entropy
loss throughout all class labels and images as follows:

− 1

N

N∑

i=1

C∑

i=1

lij log(P (yj |xi)) + (1− lij)log(1− P (yj |xi))

(3)
where lij takes 1 if yj is the true class label of xi, 0 other-
wise. We should emphasize here that by using this loss func-
tion, which maximizes the predicted true class probabilities
of multi-labels for all training examples, our model is capa-
ble of classifying images into multi-labels. Our approach is
illustrated in Fig. 3.

4. EXPERIMENTAL RESULTS

To train our model for the multi-label classification of BigEarth-
Net images, we first randomly selected 105 training and
3 × 104 validation patches and shuffle them in order to pre-
vent biases occured in archive preparation process. For each
image, we splitted the bands into three subsets and in each
subset we stacked bands into a single volume. First, second
and third CNN branches accept bands 4, 3, 2 and 8 having
10m spatial resolution and 120× 120 image pixel size, bands
5, 6, 7, 8A, 11 and 12 having 20m spatial resolution and
60 × 60 image pixel size, bands 1 and 9 having 60m spatial
resolution and 20× 20 image pixel size.

End-to-end training of all branches together is employed
and thus we learn visual representations of spectral bands hav-
ing different resolutions simultaneously. We train the whole
model using Adam [3] method of Stochastic Gradient Descent
in order to decrease the sigmoid cross entropy loss, which
provides maximizing the log-likelihood of each label from the
set of BigEarthNet classes throughout all training images. To
this end, all model parameters were initialized with Xavier
method [4] and initial learning rate of Adam is selected as
10−3. The mini-batch size and the L2-regularization weight
for layer-wise regularization of convolutional and fully con-
nected layers are decided as 100, and 2 × 10−5 respectively
with respect to initial tests. In addition to those, Batch Nor-
malization [5] in order not to be affected from different spec-
tral band statistics and Dropout regularization [6] with 20%
dropping out probability in order to prevent overfitting over
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Fig. 3: Our TB-CNN in which each branch is developed for the different resolution bands of Sentinel-2 images.

training data were used in order to improve the training. For
our experiments, we use average recall as the performance
metric.

In order to evaluate our TB-CNN, we compare the results
of our approach with single branch CNN that only uses RGB
image channels. To use only RGB images, CNN branches
for 20m and 60m spatial resolutions, cascading and fusing
layer were excluded from our model that were retrained again
from scratch within the same conditions. As we can see
from Table 2, our TB-CNN provides 17.5% higher recall than
single branch CNN. Accordingly, the proposed TB-CNN is
much more suitable to be used on real Sentinel-2 image clas-
sification scenarios with respect to the single branch CNN
that considers RGB bands only. We note that the promosing
performance of our TB-CNN relies on: i) the high quantity
of annotated training images; and also ii) the use of tree CNN
branches that complementarily consider all the Sentinel-2
bands.

Table 2: Classification results for BigEarthNet images

Evaluation Metric Single Branch CNN Our TB-CNN
Average Recall 50.0% 67.5%

5. DISCUSSION AND CONCLUSION

This paper represents a large benchmark archive that consists
of 590,326 Sentinel-2 image patches annotated by multi-
labels for training and evaluating RS image classification
algorithms. In addition, we introduce a deep neural network
for the classification of Sentinel-2 images, which includes
both three convolutional branch for each spatial resolution
and fusion of different image representations obtained by
these branches. Experimental results show the effectiveness
of the TB-CNN trained on Sentinel-2 annotated images in our
BigEartNet archive.

We would like to note that we plan to regularly enrich the
BigEarthNet by increasing the number of annotated Sentinel-
2 images. Our current system does not include any scalable
architecture for the management of the BigEarthNet and also

for the training of the TB-CNN model. This could create a
limitation when BigEarthNet grows. However, we are cur-
rently working on designing and implementing a scalable ar-
chitecture for massive processing and analysis of images in
the BigEarthNet, which can be very beneficial for the com-
plete analysis of Sentinel-2 archives with petabytes of images.
In details, we give special emphasize on developing an archi-
tecture for: i) an efficient management of the BigEarthNet;
ii) scheduling of large number of data-depending tasks; and
iii) an efficient implementation of TC-CNN on hierarchical
cluster-based parallel systems.
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ABSTRACT 

This paper describes CANDELA - Copernicus Access 

Platform Intermediate Layers Small Scale Demonstrator - a 

general platform for the handling, analysis, and 

interpretation of Earth observation satellite images, mainly 

exploiting big data of the European Copernicus Programme. 

Its workflow allows the selection of satellite images, the 

generation of local image patch descriptors, the ingestion of 

image and descriptor data into a common database, the 

assignment of semantic content labels to image patches, and 

the search and retrieval of similar content-related image 

patches. 

Index Terms—Data science, Earth observation, 

Copernicus data, data mining, data fusion. 

1. INTRODUCTION 

With the advent of the Copernicus Programme with its 

wealth of open data, the Earth observation (EO) application 

and service development domain is increasingly adopting 

big data technologies. This adoption is first related to 

efficient data storage and processing infrastructures, but 

most importantly to data analytics and application 

development concepts. Efficient data retrieval, mining 

augmented with machine learning techniques, and 

interoperability are key in order to fully benefit from the 

available assets, create more value and subsequently 

economic growth and development of the European member 

states [1-2]. 

CANDELA - Copernicus Access Platform Intermediate 

Layers Small Scale Demonstrator - aims at building a 

platform that delivers building blocks and services which 

enable users to quickly use, manipulate, explore and process 

Copernicus data. The main objective of CANDELA is to 

bridge the gap between big data technology and the EO data 

user community. While the objective is very ambitious, the 

pragmatic approach that we follow when building 

CANDELA makes it reachable. With the right blend 

between solid, operational existing assets and innovative 

tool integration, the platform shall help current and future 

Copernicus users to take a leap and profit from big data 

technology to maximize value creation. 

In addition to an existing set of tools that our consortium 

already implemented for the platform [2], CANDELA will 

enable users to integrate already existing building blocks 

with a homogeneous, powerful and operational platform, 

opening up collaboration possibilities to research new 

approaches and offerings. This approach is highlighted by 

the development of scenarios such as urbanization, vineyard 

development, or forest disaster monitoring that will not only 

contribute as validation scenarios, but that constitutes real 

commercial, operational scenarios with existing customers. 

The goal of one of CANDELA’s work packages (WPs) 

is to develop the data science workflows and data analysis 

tools needed for implementing the functionality needed for 

the practical use cases of CANDELA. Each of the data 

science workflows will require configuration of data and 

optimization of the overall processes which will be 

performed through this task. 

In this paper, we report about the data science workflows 

of the CANDELA project. The measured performance of 

the platform/system is beyond the scope of this paper. 

2. DATA SET DESCRIPTION 

Our main data sets extracted from different instruments are 

Earth surface images of the European Copernicus 

Programme, namely Sentinel-1 and Sentinel-2 images. 

While Sentinel-1 is an active twin satellite synthetic aperture 

radar (SAR) system, each of the Sentinel-2 twin satellites 

carries a passive optical multi-color imager. All instruments 

have been designed, calibrated, and are being operated by 

the European Space Agency (ESA) [3-4]. 

There are many reasons why we advocate the use of 

Sentinel-1 and Sentinel-2 images. 

Firstly, we can recognize different target area details in 

overlapping radar and optical images complementing each 

other with rapid succession.  

Secondly, individually selectable Sentinel-1 and 

Sentinel-2 images can be rectified and co-aligned by 

publicly available toolbox routines offered by ESA allowing 

a straightforward image comparison.  
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Thirdly, all Sentinel instruments are well-documented, 

and typical data sets are already well understood within the 

remote sensing community. Many publications describe 

newly discovered Earth surface characteristics derived from 

the individual instruments.  

Furthermore, the long-term operations of the Sentinel 

satellites allow the interpretation of image time series, or 

even the combination of time series data with external 

supplementary data via additional data mining/data fusion 

tools [5-7]. 

Besides these data sets, we include other 3
rd

 party EO 

data sets as specified by CANDELA users (e.g., TerraSAR-

X, WordView, and Landsat). 

3. DATA MINING AND DATA FUSION 

COMPONENTS OF THE CANDELA PLATFORM 

The CANDELA - Copernicus Access Platform Intermediate 

Layers Small Scale Demonstrator - platform allows the 

prototyping of EO applications by applying interactive data 

mining and knowledge discovery functions to satellite 

images in order to select appropriate products in large data 

archives. It also helps to detect objects or structures, and to 

classify their land cover categories. The system allows 

ingesting Synthetic Aperture Radar (SAR) and multispectral 

images (e.g., Sentinel-1, Sentinel-2, WorldView-2, 

TerraSAR-X). For other types of data, the main requirement 

is that the input data are provided in GeoTIFF format. 

The main components of the CANDELA system are 

depicted in Figure 1 and are the following ones: Data Model 

Generation (DMG), DataBase Management System 

(DBMS), Image Search and Semantic Annotation, and 

Multi-Knowledge and Querying. 

a) Data Model Generation 

The data mining image ingestion can be seen as a 

processing chain, which, in our case, is managed by the 

Data Model Generation (DMG). This component is 

responsible for extracting the basic primitive features from 

the EO images (e.g., SAR or multispectral images), 

generating tiles and their corresponding high-resolution 

visual quick-looks, and storing all the generated information 

into a database. The information is stored into an XML file. 

Finally, this file is automatically transformed into SQL 

statements and inserted into the DBMS. 

It’s important to mention here that for the DMG module, 

the input EO images should be GeoTIFF files (e.g., 

Sentinel-1, TerraSAR-X), and their associated metadata 

XML files, widely used remote sensing data standards. An 

exception are the Sentinel-2 images, which are composed of 

several quadrants; here it is necessary to specify the folder 

of the quadrant-image that shall be processed. 

Before starting the ingestion, it is necessary to verify that 

a freely available and thus popular MonetDB database 

installation is running. Once this has been verified, the next 

step is to select the input images and the output location, 

together with the size of the image patches and the number 

of grid levels (e.g., 1, 2 or 3). The relation between the size 

of the image patches and their grid level is that, in case of 

grid level 1, an image is divided into patches with the 

specified size. If the grid level is 2, the same patch, from the 

previous step, is further divided into four patches with half 

of the previous size. Therefore, the number of patches of 

grid level 2 will by four times the number of patches of grid 

level 1. This procedure is repeated for grid level 3, etc. 

In addition, for each generated image patch a visual 

quick-look file is created in JPEG format. In the case of 

SAR images, their brightness is adjusted to create this JPEG 

file. In the case of multispectral images, the RGB bands are 

used to create the JPEG quick-look file. 

In case of Sentinel-2, since the data come in JPEG2000 

format, an intermediary step is needed in order to convert 

the JPEG2000 format to GeoTIFF format necessary for the 

DMG input. 

Within the ingestion, the sensor type can be chosen by 

the user from the following sensor types that correspond to 

the type of images one would like to ingest: TSX for 

TerraSAR-X data, S1A for Sentinel-1A/1B data, S2A for 

Sentinel-2A/2B data, or OPT for WorldView-2 data or 

other multispectral data (all in GeoTIFF format). 

Depending on the type of input data and the envisaged 

application, different feature extraction methods can be 

applied. In the current version we implemented: Gabor 

filters, Weber local descriptors, and histograms [8]. The 

feature extraction methods are classified and used according 

to the input data. As for example, for SAR images one can 

use Gabor filters with the two options Gabor linear 

moments and Gabor logarithmic cumulants or adaptive 

Weber local descriptors, while for multispectral images 

one can use either Weber local descriptors or 

multispectral histograms. The size of the feature vector 

depends on the combination of the selected parameters (e.g., 

for Gabor linear moments the mean and variance of 4 scales 

and 5 orientations gives us a feature vector of 2×4×5=40 

parameters). Typically, data ingestion and patch tiling take 

together 1.5 ms per patch of 256×256 pixels, while feature 

extraction requires 2 ms per patch (for 40 parameters). 

Inside the DMG module, there are a number of 

components that have been developed for data fusion. 

These fusion components are data fusion ingestion, data 

fusion feature generation, and data fusion high-

resolution quick-look. 

For each EO product within the data fusion component, 

there are a number of features/descriptors which can be 

selected by the user. For multispectral products (e.g., 

Sentinel-2, WorldView) there are three feature algorithms 

being implemented, namely multispectral histograms, 

Weber local descriptors, and Gabor linear moments 

(computed for each band and concatenating the results). For 

SAR products, the same number of feature algorithms are 

implemented, namely Gabor linear moments, Gabor log-

cumulants, and adaptive Weber local descriptors.  
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Based on the available features, the user can select one 

type of feature per sensor (one for multispectral, and one for 

SAR data) and after that, the features are fused and 

normalized before being inserted into the DataBase 

Management System (DBMS). 

b) DataBase Management System 

Here in the DBMS, the inputs from data ingestion and from 

the semantic annotation are stored into a relational database 

structure and act as the core of the system interacting with 

all components and supporting their functionality. The 

database is used also for different types of queries. 

c) Image Search and Semantic Annotation 

This module is used to search for image content and to 

create semantic annotations of the ingested images. Our 

implementation is based on the Cascaded Active Learning 

for Object Retrieval (CALOR) algorithm [9], which 

contains a Support Vector Machine (SVM) as our active 

learning and relevance-feedback method in order to allow 

the inclusion of human expertise in the annotation. 

The definition of image semantics is achieved using an 

interactive loop where human expertise is required to define 

the most appropriate semantic category and to terminate the 

loop [10]. The employed CALOR algorithm is based on 

active learning methods. The idea behind active learning is 

that a machine learning algorithm can achieve higher 

accuracy with fewer training labels if it’s allowed to choose 

the data from which it learns. 

Another important component is data fusion, the 

generation of high-resolution quick-look data which 

includes the DMG from each sensor as well as the 

corresponding high-resolution quick-look image, and 

generates a single fused quick-look image needed for the 

image search and semantic annotation module. This module 

has been developed for semantic annotation of the image 

content by using machine learning algorithms and human 

interaction; another benefit of this module is that it can be 

used for fusion of different semantic labels. These fused 

semantic labels are saved into the database management 

system from where the user can run a query using the Multi-

Knowledge and Querying module. 

d) Multi-Knowledge and Querying 

This module reads the required information from all tables 

in the database. 

The query module is an interactive component, which 

allows the user to better exploit the EO products (e.g., image 

and metadata). Based on these two types of data (image 

content and metadata), there are two different queries being 

available: query by metadata, and query by semantics. These 

queries can be also combined.  

The first type of query is exploiting the entire metadata 

of each EO product by extracting and storing the 

information into the DBMS. Depending on the user needs, 

different metadata parameters can be combined during 

querying.  

The second querying option is a query by semantics. In 

this case, the user can select one or several labels from a 

given list in order to perform the query. Please note that the 

semantic labels are generated a priori via the Image Search 

and Semantic Annotation module. Using this module the 

quality of the semantic annotation can be verified after the 

interactive part has been finished. To query new data 

(Sentinel-1 /-2), these data need to be annotated before. 

4. DATA SCIENCE WORKFLOWS 

In this section, we explain the functionality of the data 

mining and data fusion modules. First, we start by 

presenting in Figure 2 and 3 the data mining capabilities for 

two functions, namely data mining exploration and data 

mining semantic annotation. Similar workflows can be 

created for data fusion. Our example refers to a single 

sensor and can be extended to multi-sensor configurations. 

After the first stage has been completed (see Figure 2) 

and the user has a first idea of the content of the data set, 

now he/she can go ahead and can assign semantic labels to 

each retrieved category (see Figure 3). 

Based on the output of these schemes (Figures 2 and 3), 

two possible scenarios can be imagined in close connection 

with known CANDELA use cases. The first one is a data 

mining query together with data analytics, and the second 

one is semantic sensor fusion. 

 
Figure 2. Data mining exploration. 

5. DISCUSSIONS 

After the final testing of our system has been completed, we 

will select a dataset for which the output is known and we 

will try to find similar systems, if such systems exist, to 

compare the results. 

Load and ingest EO 

images together with 

their metadata 

Extract and tile the 

images into patches 

Data Model Generation 

(DMG) component 

Automatically ingest all 

given information into 

the database 

DataBase Management 

System (DBMS) 

component 

Visual exploration of the 

content of the database 

by giving positive and 

negative examples 

Image search 

component 

Capabilities CANDELA components 

Multi-knowledge and 

querying component 

Step 1 

Step 2 

Step 3 

Output 
Visual inspection of the EO 

image content and types of 

classes that can be 

extracted 

Data Analytics and Artificial Intelligence

Proc. of the 2019 conference on
Big Data from Space (BiDS’19) doi:10.2760/848593

21 Munich, Germany
19–21 February 2019

http://dx.doi.org/10.2760/848593


Multi-Knowledge 
and Query

Metadt.

Feature

Tile

HR-QL

All

DBMS-KDD

DBMS-QE

ING-DDMS

Database Management System

HR-QL

Annot.Tile

Sem CatFeature

Metadt.

Image Search and 
Semantic 

Annotation

DBMS-ING

PGS Component / System

 CANDELA Component / System

PGS Data Item

CANDELA Data Item

Interface

Legend:

Access to all Data

Data Path

Annot.

KDD-DDMS

Annot.

Sem Cat

Annotation Interface

Data Model 
ingestion

Annotation 
Update

L1 Prod

Metadt.

 

Figure 1. Components of the CANDELA - Copernicus Access Platform Intermediate Layers Small Scale Demonstrator - 

platform. 

 

In addition, we are very much interested in comparable 

approaches implemented by other institutions. 

 

 
Figure 3. Data mining semantic annotation. 
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ABSTRACT

With the rapid growth of available earth observation data and
the rising demand to offer web-based data portals, there is a
growing need to offer powerful search capabilities to efficiently
locate the data products of interest. Many such web-based
data portals have been developed with vastly different search
interfaces and capabilities. Up to now, there is no general
consensus within the community how such a search interface
should look like nor exists a detailed analysis of the user’s
search behavior when interacting with such a data portal.

In this paper we present a detailed analysis of user’s search
behavior based on a log analysis of a real earth observation
data portal and generalize our findings to recommendations
for future data portal search frontends to improve the overall
user experience and increase the search quality.

Index Terms— Geoportal, Search, Query Log Mining

1 Introduction
Earth Observation (EO) data is growing rapidly in volume and
increasingly scientific and commercial users demand efficient
and intuitive access to value-added EO data products. EO geo-
portals offer such functionality by providing advanced search
capabilities over the archived data. With the increasing diversi-
fication of potential user groups and different levels of EO do-
main knowledge, this poses a tremendous challenge to offer an
intuitive yet powerful search interface that can be successfully
operated by multiple user groups. Missing domain knowledge
or different vocabularies often lead to underspecified queries
(too many results) or unsuccessful searches (no/wrong results).

To better serve user groups with different levels of domain
knowledge and experience it is essential to better understand
the user’s search behavior based on an analysis of a real-world
system with real user queries. Real EO data portals typically
log all incoming search requests, effectively providing value
information about the most commonly used search keywords
and additional temporal and geospatial constraints.

In the past, log data from NASA’s Physical Oceanography

Distributed Active Archive Center (PO.DAAC)1 has already
been analysed [3]. However, the authors focused on the techni-
cal aspects of processing large amounts of heterogeneous log
data and provide only little information about the results of
their analysis. Regarding the constraints used by their users,
only a list of top ten keywords and their frequency is given.

In this paper we give a detailed analysis over 6 months
(April–October 2018) of log data from DLR’s EOWeb Geo-
Portal.2 We summarize our findings and provide practical
guidelines for the development or enhancement of the search
interface of EO data portals.

The remainder of the paper is structured as follows. In
Section 2 we introduce the EO data portal that was used for the
analysis. In Section 3 we describe our analysis setup before
we present our log analysis in Section 4. We summarize our
findings and sketch specific search enhancement possibilities
in Section 5, before we conclude the paper in Section 6.

2 EOWeb GeoPortal
The German Satellite Data Archive (D-SDA) consists of a
large collection of Earth Observation (EO) data from both
national and international missions maintained by the German
Aerospace Center (DLR). The EOWeb GeoPortal (EGP) has
been developed as a multi-mission web portal for accessing
the heterogeneous data sources of the D-SDA [4]. It provides
access via a set of services compliant with the standards of the
Open Geospatial Consortium (OGC) as well as an open web
interface that allows users to query the archive for its products
and services. Users can express their information need using
multiple constraints:

Collections: They can achieve a catalog-like browsing of
datasets by restricting their search to single or multiple of col-
lections, e.g., spotlight images from the TerraSAR-X mission.
In addition, collections are ordered in a hierarchical fashion, so
users may directly select all TerraSAR-X collections without
the need to iterate through all of them manually.

Geospatial: Users can restrict the spatial extent of their

1https://podaac.jpl.nasa.gov
2https://geoservice.dlr.de/egp/
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search via a map interface to a specific region of the world.
They can either draw a bounding box within the map, upload
an own area of interest as a Shape or KML-file, or select one
from a predefined list of regions. The list covers most countries
in the world as well as selected regions like central Africa.

Temporal: The third option is to restrict the search by a
time period, which reflects the acquisition time of the satellite
scene. Similar to spatial restrictions, a number of predefined
values can be selected. Besides including generic time inter-
vals like “last week”, this also allows setting the time frame to
the life time of a specific mission like SRTM.

Keyword: EGP allows the specification of keywords
matching datasets’ content. Predefined keywords can guide
novice users through the portal and may provide experi-
enced ones with shortcuts in their workflow. The offered
options include keywords derived from thesauri such as
the INSPIRE Spatial Data Themes (e.g., “Atmospheric con-
ditions”), uniform resource names (URNs), such as, e.g.,
“urn:eop:DLR:EOWEB:GOME.TC”, and mission related
terms like “MERIS”. The keyword search is modeled as a
full-text search over the collection metadata provided by a
OGC-compliant CSW (Catalog Service for the Web) interface.

Type: Users can also restrict their search to a specific type
of result. EGP offers not only EO collections, so users can
focus their search on either datasets, dataset series, or services.

The search result for EO collections can be further limited
through additional filter criteria, which are derived from the
product metadata. For example, this allows restricting the
search to a cloud coverage of less than 20% in case of op-
tical satellite data or a HH-polarization in case of Synthetic
Aperture Radar (SAR) data.

After users identified the products of interest, they can
directly order them through the EGP interface. For some
products there are access restrictions in place, but most of
the products are freely accessible after registration and can
be downloaded or retrieved via one of the OGC-compliant
services (e.g., WMS, WFS, WMTS, and WCS).

3 Methodology
We performed an offline analysis of the EGP log files for the
time period between April and October 2018 of the EGP as the
main source of information about current users’ requirements.
Before the actual analysis, the log files were stripped of any
personal identifying information. They were then parsed and
stored using an Elastic stack3 pipeline. In this process each log
entry was classified and deconstructed into its components like
identifying spatial constraints used or an anonymous session-
id to connect different requests of a single search session. This
preprocessing allowed us an easy and efficient access to the
various aspects of the query log.

Neither ELASTICSEARCH4 nor KIBANA5 supports the full

3https://www.elastic.co
4https://www.elastic.co/products/elasticsearch
5https://www.elastic.co/products/kibana

0% 20% 40% 60% 80% 100%
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17.78%

30.6%
7.73%

36.56%

Fig. 1. Frequency of queries using at least the given constraint.

extent of our analysis out of the box. Nonetheless, we tried
to automate most of the data extraction tasks using manually
created scripts and queries.

Keyword constraints were decomposed into used concepts.
Note at this point the difference between terms, which are most
commonly used in query log analysis, and concepts. A concept
may consist of a single term, but can also contain an n-gram
of terms, e.g., “digital elevation model”. While the individual
terms refer to rather general concepts, in conjunction this
concept denotes a specific type of value-added product.

Individual concepts were subsequently categorized using
information extracted from publicly available resources. In par-
ticular, we made use of Wikidata [7], as it covered a wide range
of appearing concepts. Further inspection revealed several
uncategorized concepts. To increase coverage we employed
stemming techniques as well as manually curated mapping
files to mitigate the impact of typos and similar mistakes. Un-
categorized concepts after this step contain single letters and
other unidentifiable sequences of either letters or numbers. We
collected those in a separate category “unknown”.

The use of predefined values is not tracked separately in
the log files. We attempt to gauge their usage by comparing
the respective restrictions with the set of predefined values.
Although users may enter the exact value directly, we believe
this approach to be sufficiently precise for both keyword and
spatial constraints. However, it is not applicable to temporal
constraints, as here the generic options like “last week” will
not translate to fixed values usable for comparison.

4 Patterns of Use
In our analysis we followed established approaches in query
log mining. For an overview we refer the reader to [5]. Unless
otherwise noted, the following results refer to initial search
requests. Requests that arise from traversing the different
result pages are excluded.

In addition to common keyword-based queries, EGP al-
lows users to apply other constraints like spatial or temporal
restrictions (cf. Section 2). As shown in Figure 1 almost
31% of all queries contain at least a spatial restriction and
18% a temporal one. On the other side only 8% of queries
use keywords, while type restrictions contribute to only 2%
overall. The high frequency of collection-based queries is
predominantly caused by the order process that requires users
to browse collections before ordering.

The use of predefined constraints varies. They are barely
used for spatial restrictions: only 0.64% use predefined values.
On the other hand, about 21.5% of keyword restrictions make
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TerraSAR-X FIREBIRD
*DLR *Land Cover
SRTM Elevation

TanDEM Terra
DEM *Climatology, meteorology, atmosphere

Table 1. Most frequent concepts used (* - predefined option).

use of the offered options. Note, that the predefined term
“DLR” accounts for more than half of those.

Our main focus then shifted to the keywords used. Prior
work [6] establishes rather low numbers for terms used per
query. They give an average number of terms per query at
about 2.4. For EGP we observed on average 1.02 concepts per
query with a standard deviation of 0.176. Also the distribution
of terms is highly skewed: Only 1% of the unique concepts
contribute to over 25% of the keyword-restricted requests.
A list of the ten most frequent concepts is given in Table 1.
Kindly recall, that we refer to concepts at this point.

As mentioned in Section 3 we had to cope with vari-
ous abbreviations and different spellings for some concepts.
The concept for TerraSAR-X mission was, e.g., labeled
using the following terms (omitting several variations of
upper-/lowercase): “TSX”, “TerraSAR-X”, “Terrasar--X”,
“TerraSar x”, “TerraSAR”, or “Terra SAR”.

A more comprehensive impression of keyword usage can
be gathered from the classes of concepts used. An overview
of their respective frequencies is given in Figure 2. The dom-
inant classes relate to the initial gathering of the data with
slightly over half of the concepts used referring to specific mis-
sions. Furthermore, users looked for instruments (about 4.3%)
or specific observational parameters of them (around 1.5%).
Also part of these provenance-related classes are organizations
(about 12%)7 and types of products (about 9.6%).

Some users chose to search for applications data products
can be used for (around 10.7%). Setting aside the predefined
suggestions, the most frequent concept here is “elevation”,
followed by “snow”, “flood”, and “water”.

Notable is also the share of location-related information
entered as a keyword (about 7.5%). These concepts iden-
tify regions of varying size reaching from generic ones like
“world” or “global”, over countries and areas like “Romania”
or “Baltic” to specific locations like “Moscow” or “Rome”.
Most location are referenced by their English name. How-
ever, there are some exceptions like the Polish “Warszawa” for
Warsaw or the German “Kroatien” for Croatia.

A few users use the keyword field to enter coordinates di-
rectly (below 0.5%). Here we observed values like “51.75602
/ 14.31971” pointing to a location in Cottbus, Germany, or
“N39E068” near the border of Uzbekistan and Tajikistan.

The remainder of concepts includes system-specific IDs
(around 2%) – presumably obtained in previous sessions – and

6Terms per query was slightly higher at an average of 1.20 terms per query
with a standard deviation of 0.60.

7Note that this class is largely dominated by the concept “DLR”, which is
also part of the suggested keywords.
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Fig. 2. Frequency of concept classes.

rather general terms (around 1%). The later consists of terms
like “collection” or “data formats”, which seem to indicate an
information need that does not aim at a single data product.
Finally, there is a number of concepts we could not assign
to a specific class: fragments of terms and arbitrary numbers
apparently not referring to any coordinate.

As mentioned before, the search logs showed quite some
variation in the keywords used to describe a specific concept.
In an ideal world, all those variations would lead to the same
result set. However, for many variations we observe substantial
differences. One example are the keywords “Ozone” and “O3”.
Both denote the same concept, but the former returns 31 results,
while the latter one only matches 5.

5 Observations and Directions
The analysis of the EGP log files offered some interesting
insights: First, although the predefined spatial restrictions
are barely used, users seem to prefer the keyword input for
the same purpose. Here, we observe a substantial amount of
keywords relating to location or region names.

We can imagine different possible reasons. Independent
of the actual techniques used to satisfy user requests, most
popular search engines offer a single keyword input field as the
default way of interaction. Users familiar with those interfaces
might transfer that usage pattern to EGP and describe their
information need primarily using keywords.

Another reason might be caused by the current user inter-
face design. Predefined options for spatial restrictions are not
available on the default interface itself, but need to be accessed
via the “Advanced Map” menu. Users new to the system might
not notice that and, hence, resort to the keyword input field.

The final possible reason concerns the selection of prede-
fined options. While those options mostly define the scale of
countries or other large regions, many location keywords refer
to much smaller areas like specific cities. So users might be
lacking the options there to express their search intent.

Most of the keyword-based location queries have no suit-
able result, as the metadata information does not include the
respective terms. This problem could be tackled by adopting
databases like OSMNames8. They offer a wide selection of
geographical entities and their spatial extent. Transparently

8https://osmnames.org
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translating from location-keywords to a spatial constraint could
significantly improve the quality of search results here.

Another side-effect of using such databases is the sup-
port for different languages. Metadata information is usually
restricted to a rather low number of languages. However, OSM-
Names and similar collections offer labels in a wide variety
of languages. In particular, OSMNames uses OpenStreetMap
[2] as a data source, which has crowdsourced the collection of
geographic data including the names of locations. The result is
a steady influx of updated data from a multilingual community.

Similar problems arise in other keyword classes as well.
The backend currently employs a full-text search engine over
the collection metadata. A collection needs to include the exact
term as entered by users to appear in the results. This may fail
for several reasons, thus preventing users from discovering the
datasets they need. The examination of keywords found in the
search logs suggests three different categories of reasons:

Typographical Issues: A first category is given by mere
typos of different degree. It includes the inconsistent use
of space, dash, and similar characters, as well as common
misspellings. As example we refer to the different variations
denoting the concept TerraSAR-X as mentioned before.

Abbreviation Issues: A second category consists of syn-
onyms and similar relations. Besides traditional synonyms and
abbreviations, we also include the various representations in
different languages here. The aforementioned pair “O3” and
“Ozone” is an example for this category.

Semantic Issues: The final category is comprised of se-
mantically related terms. Metadata authors and end-users
oftentimes have different backgrounds and, hence, use differ-
ent terminologies. This results in a semantic gap that prevents
users unfamiliar with the specific vocabulary used in the meta-
data from finding appropriate datasets. An example here is
“height”, which probably refers to the concept “elevation” as
used throughout the metadata descriptions.

While all these categories will deteriorate a users search
experience, there are different techniques to mitigate them.
Misspellings can generally be addressed by the use of string
similarity measures like Levenshtein distance or stemming/-
lemmatization approaches. Similar to the aforementioned res-
olution of location-related terms, codelists can also counteract
the effect of abbreviations by expanding the respective terms,
so they concur with the usage within the metadata.

The most challenging category are semantically related
terms. A brute-force approach using codelists will soon reach
its limits given the vast amounts of terms and relations as well
as the effort needed to maintain it. The Semantic Web [1] uses
a graph-based knowledge base connecting terms using various
relations. It promises to bridge the semantic gap between
content creators and consumers beyond the capabilities of
traditional search engines.

Beyond the aforementioned keyword-focused aspects, we
recognize that other techniques can also improve users’ search
experience. This includes, but is not limited to using visualiza-

tions to represent the results, providing support for explorative
search strategies, or recommender engines that are based on
users’ past interactions. However, we consider their discussion
too broad and, hence, out of scope for this paper.

6 Conclusion
EO data grows rapidly in both size and topics addressed. With
an increasingly broad range of possible usecases, geoportals
serve as the entry point for a diverse group of users coming
from a wide range of domains.

As a first step to cater to this expanded audience that might
lack knowledge of terms and procedures used in the EO com-
munity, in this paper we analyzed the current user behavior in
the EOWeb GeoPortal. Based on an analysis of the log files
we described different usage patterns and highlighted existing
issues with a focus on keyword-based queries. We outlined
possible strategies to mitigate those issues and increase user
satisfaction and efficiency at finding suitable EO products.
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ABSTRACT 

EO On-Line Data Access (OLDA) in the Big Data era poses 

a number of challenges related to the need of providing 

access to large and diverse data holdings with high 

performance, scalability and reliability and an easy to use 

data discovery search and access method both from UI and 

standard interoperable APIs. The EUMETSAT OLDA 

addresses all the above points, using leading edge 

technology for storage management, discovery search and 

access, user management integration and scalability.  

Index Terms— EUMETSAT, OLDA, Big Data, 

Kubernetes 

1. INTRODUCTION 

In 2017 CGI, who is representing a consortium consisting of 

Con terra GmbH, 52North, ask - Innovative 

Visualisierungslösungen GmbH, GeoSolutions and The 

Server Labs, has been awarded a contract by EUMETSAT 

[1] for engineering, development and maintenance of 

services in support to implementing the EUMETSAT Data 

Services Roadmap [2], including, among other things, the 

development of an EO On-Line Data Access (OLDA). This 

paper elaborates on the relevant developments CGI 

performed on behalf of and together with EUMETSAT. 

Traditional EO data ordering in archive systems affects 

data access timeliness and is resource consuming. EO online 

data access in the big data era poses a number of challenges:  

 High performance and fast response; 

 Managing large data volumes, variability and 

granularity; 

 A single access point providing easy data discovery, 

search and access both from UI and API; 

 Guaranteed service quality and reliability. 

 

Moreover, in terms of usability nowadays users’ 

expectations are significantly influenced by popular content 

access services such as Netflix and Spotify. Last but not 

least, the solution must be cost effective: 

 Reducing overall costs by: order handling automation; 

low cost storage and no data duplication; optimised 

processing resource usage; 

 Minimising the refactoring of legacy infrastructures. 

The very innovative EUMETSAT OLDA addresses all 

of the above with leading edge solutions for: 

 Storage and data management 

 Discovery search and access 

 User management integration 

 Service level scalability and reliability control 

2. STORAGE AND DATA MANAGEMENT  

Object storage technology can be used to implement 

inexpensive and easily scalable solutions. On the downside 

object storage typically performs worse than a distributed 

file system when multiple writes and reads are necessary, 

but this is not relevant for a data access system in which 

files are written once and read multiple times. 

In EO multi-mission systems data often span across 

multiple storage domains. The OLDA storage management 

adopts a configurable rule engine to dynamically associate 

data to different Object Storage Providers, e.g. depending on 

mission, location, time, etc. This also supports elasticity 

between on-premise and external commercial cloud 

solutions and allows distributing data across systems with 

different service quality depending on the access frequency 

and concurrency.  

One of the challenges when using object storage is to 

support variable data access granularity. EO products are 

provided in the form of Submission Information Packages 

(SIP), implemented by ZIP archives. Some users want to be 

able to access the whole package in one request, while 

others are only interested in a single file within the package 

(e.g. a single Sentinel-2 band). This issue has been tackled 

using metadata information of the ZIP files Central 

Directory (e.g. file name, byte offset and length) in 

combination with the range parameters of the Get Object S3 

request. To support this, the following actions are performed 

at ingestion time: 

 Identifying the target storage system based on the rule 

configurations;  

 Retrieving metadata of the single files in the ZIP 

product and referencing these in the OLDA Catalogue; 

 Storing the SIP into the appropriate storage system.  

 

When retrieving the product, if the user wants to have 

access to a single file in the ZIP archive the data access 

engine uses the Central repository metadata to identify and 

download only the specific item from the package.  
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3. DISCOVERY SEARCH AND ACCESS 

Discovery search and access functions are implemented via 

a UI as well as through an API. Following the HATEOAS 

approach the application status is defined by the resource 

representation, materialized as links defining the options of 

the client. The UI discovery is implemented by the 

EUMETSAT Product Navigator [3], which allows browsing 

through the available data collections with a simple and 

intuitive presentation of metadata, sample pictures and 

general descriptions, as illustrated in Figure 1.  

 
FIGURE 1 –OLDA PRODUCT NAVIGATOR 

Once the user has selected a collection, it is possible to 

browse by date (year/month/day) and tile using Equi7grid 

[4]. This gridding system is based on the 7 independent 

continental zones where tiles are projected using Azimuthal 

Equidistant projections and is a particularly suitable tiling 

system for referencing high resolution EO data, due to 

hierarchical grid structure (3 tiling levels) and minimal 

distortions. The list of available products is dynamically 

updated and shown on the UI while the user interactively 

navigates into the tile structure, as shown in Figure 2.  

Alternatively the user may also adopt the traditional 

AOI and TOI search.  

 
FIGURE 2 – OLDA UI USING THE EQUI7GRID  

The OLDA Catalogue, indexing EO metadata, uses 

Elasticsearch, which supports scalability using shards and 

replicas. GeoHashing [5] is used for efficient AOI 

geographic searches.  

The data access API, defined in OpenAPI 

(2.0/Swagger) [6] is implemented by 3 components: 

 Browse API 

 Download API 

 OpenSearch-EO interface 

 

The Browse API associates the needed resources to 

predefined URL paths, allowing implementing browsing 

and navigation similarly to the UI use case, like in the 

examples provided below.  

URL request GET Operation 

/collections Provides the metadata for every 

Collection available in OLDA in 

GeoJSON- or HTML-format depending 

on the requested format. 

/collection{collectionId

}/dates/{year}/{month} 

/{day}/tiles/{Zone} 

The response provides the list of finer 

grained value ranges in the navigation.  

/products/{productID} Provides the EOP metadata of the 

identified product ID (see also Figure 

3).  

/footprints/{sensorMod

e}/{subSatLon} 

Provides the footprint corresponding to 

sensor mode and sub-satellite longitude 

of a geostationary product.  

TABLE 1- EXAMPLE REQUESTS FOR THE OLDA 

BROWSE API 

The Download API, leveraging the storage manager 

flexibility described above, allows retrieving the whole SIP 

product or parts of it. Some products and/or collections have 

restricted download access, which is controlled by the back-

end service. The Download API enforces access control 

based on the JSON Web Token (JWT) provided in the 

HTTP header (see next section for details). The (Geo)JSON 

information provided by the Data Access API can be easily 

incorporated into programming environments such as 

Jupyter Notebook [7], etc.  

The OpenSearch-EO interface represents an industry 

standard (OGC 13-026) based OpenSearch interface for 

search and discovery of EO collections and products. OLDA 

uses version 1.1 including the GeoJSON response 

encodings. All details can be found in OGC 13-026r9 [8], 

OGC 17-047 [9], OGC 17-003 [10]. The search on 

collection is based on text match on the collection title 

and/or description, while the search on products is based on 

mission, TOI and AOI.  
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FIGURE 3 – EXAMPLE OF METADATA DISPLAY 

4. USER MANAGEMENT INTEGRATION 

Main user management challenges were: 

 Supporting API access control, moving on from the UI-

only SSO support; 

 Integrating legacy systems with the associated user 

bases and diverse technologies. 

 

The OLDA solution is based on an API Gateway, built 

using the WSO2 API Manager and Identity Server products 

[11], which is fully integrated with the legacy EUMETSAT 

user management system based on CAS [12] and complies 

with the following requirements: 

 EUMETSAT users registered using CAS shall 

automatically be granted access to the OLDA services; 

 Data collections access authorisation is based on pre-

existing user attributes (e.g. organisation, type of 

license held) stored in the CAS as part of the 

registration process. 

 

The OLDA implements the OAuth2 [13] workflow 

illustrated in Figure 4 for API access. In steps 1-4 the user 

accesses a web page on the API Gateway Store, is 

authenticated using the CAS pre-existing credentials and 

obtains API access credentials to be used in subsequent 

programmatic API requests.  

The API access logic is represented in steps 5-8. The 

calling program uses the access credentials to obtain a short-

lived token, which is embedded in the actual API request. 

The API Gateway translates this into a JSON Web Token 

(JWT) adding relevant user attributes (e.g. organization, 

license status) obtained previously from the CAS and injects 

it into the actual API request. The back-end service finally 

enforces authorization based on its internal logic.  

 
FIGURE 4 - API ACCESS SCENARIO 

This paradigm has the following strengths: 

 Adopts protocol transformation to simplify integration 

with legacy systems; 

 Supports machine to machine authorisation protocols 

through the OAuth2 standard, opening to new 

possibilities for development of virtual marketplaces; 

 Increases security because access tokens, differently 

from the access credentials, have configurable duration 

and scope.  

5. SERVICE LEVEL SCALABILITY AND 

RELIABILITY CONTROL 

Controlling resources dedicated to each user category allows 

guaranteeing predefined service levels to a large number of 

users, while optimizing resource costs. 

Besides authentication and authorization, the API 

Gateway component also implements throttling, i.e. limiting 

the number of successful hits to an API for a given period of 

time, which allows to: protecting APIs from Denial Of 

Service security attacks; regulating traffic according to 

infrastructure availability; making an API, application or 

resource available to a consumer at different levels of 

service. Moreover some tests have been performed using 

NGINX to implement rule-based rate limiting features, 

based on the leaky bucket algorithm [14], which proved to 

be very efficient and will be integrated in the upcoming 

releases. 

Scalability and reliability are based on Kubernetes [15], 

the world’s most popular production-grade container 

orchestration platform, and the most important project of the 

Cloud Native Computing Foundation [16], which provides 

the following advantages: 

 Velocity: evolving quickly, while staying available; 

 Scalability: number of service replicas supports auto-

scaling using pre-defined configurations; 
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 Abstraction from the infrastructure:  applications 

deployed using Kubernetes APIs can be easily 

transferred between environments; 

 Efficiency: applications can be co-located on the same 

machine without impacting the application themselves.  

OLDA is deployed using the standard Kubernetes 

architecture, sketched below. 

 
FIGURE 5 -KUBERNETES ARCHITECTURE 

Kubernetes allows building self-healing systems, 

managing how to reach the desired state. Using Prometheus 

[17] it is possible to gather service performance metrics (e.g. 

number of calls per second of a certain web service) to be 

used together with the Kubernetes Horizontal Pod 

Autoscaler service to dynamically control the number of 

active replicas of a certain service depending on the service 

load (e.g. scaling application pods between 3 and 10 

replicas, when the load of a pod exceed 100 calls per 

second). Health checks in Kubernetes can be implemented 

using liveliness probes, which are agents used to know when 

a container should be restarted. 

6. CONCLUSIONS 

The EUMETSAT OLDA uses state of the art and cost 

effective big data technologies to create a superior data 

access experience that meets the users’ needs and 

expectations in the big data era, making it simple to find the 

data of interest, access it with the desired level of 

granularity, guaranteeing high service levels while 

minimizing and controlling resources costs.  

A flexible data storage mechanism allows getting data 

efficiently and with the desired granularity without 

replicating storage. Kubernetes technology implements 

elasticity by autoscaling resources as needed. A simple 

modern UI navigates the user through the data providing the 

needed information at the right time. A data navigation and 

download API supports programmatic access and uses a 

standard OAuth2 protocol which could be easily extended in 

the future to replace the legacy identity server with any 

other identity provider (e.g. a Google or Facebook account). 

The OLDA is currently under service validation by 

EUMETSAT and is planned to be opened to EUMETSAT 

member state users in the course of 2019 via a pilot service 

phase.  
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ABSTRACT 

Knowledge management practices ensure the identification, 
capture, organisation, preservation and sharing of core 
knowledge and information in order to continuously improve 
an organisation’s effectiveness and efficiency in pursuing its 
mission [1]. In the context of Big Data, it is vital to manage 
the vast amount and variety of the knowledge around the data, 
as this knowledge facilitates our capacity to extract 
information and meaning from the data. The European Space 
Agency recognizes that knowledge represents the most 
valuable resource of the organisation, and therefore, that 
knowledge management represents a crucial aspect when 
considering the successful completion of the Agency’s goals. 
This paper will give an overview of the European Space 
Agency’s Heritage Data Programme (LTDP+) Earth 
Observation Data Preservation System and will discuss in 
more detail the ESA LTDP+ Knowledge Management 
System (KMS), which is composed of the OMNES platform 
and the Preserved Data Set Content (PDSC) Management 
System. These two environments focus on ensuring the long 
term preservation and discovery of ESA and Third Party 
Missions (TPM) Earth Observation knowledge and 
information. 

Index Terms— associated information; knowledge 
management; preservation; discovery; access; PDSC; 
documentation; information; Knowledge Management 
System; OMNES 

1. INTRODUCTION 

In order to understand the present and to be able to shape the 
future, we need to know the past. Historical information and 
knowledge is key to making informed decisions. The 
European Space Agency has the mandate to assure the long 
term preservation, sharing and exploitation of space data and 
its associated knowledge. ESA aims to achieve these goals 
through the Heritage Data Programme, which is built on four 
main pillars:  

• Preservation – preserve and manage ESA’s Space 
Mission Data and Information   

• Discovery – inventory and assure discoverability of 
all ESA Space Mission Data and Information   

• Access – share ESA Space Mission Data and 
Information  

• Value Adding – enhance the value of ESA’s Space 
Mission Data and Information  

In order to achieve these objectives an Earth Observation 
Data Preservation System (EO-DPS) was set up.  This 
system is primarily composed of a Master Archive, a Cold 
Back-up data archive, and a Knowledge Management System 
(KMS). The main aim of the EO-DPS is to preserve the EO 
Mission/Sensor Data Set, which is comprised of the Data 
Records and the Associated Knowledge, acquired or procured 
by ESA EO and Third Party Missions (TPM). 
Data Records include raw data and/or Level-0 data, higher-
level products, browse images, auxiliary and ancillary data, 
calibration and validation data sets, and descriptive metadata. 
Associated Knowledge includes all the Tools used in the Data 
Records generation, quality control, visualization and value 
adding, and all the Information needed to make the Data 
Records understandable and usable by the designated 
community (e.g. mission architecture, products 
specifications, instruments characteristics, algorithms 
description, calibration and validation procedures, 
mission/instruments performances reports, quality related 
information). It also includes all the Data Records’ 
representation information, packaging information and 
preservation descriptive information [2].   
One of the main components of the ESA LTDP+ EO Data 
Preservation System (Fig. 1) represents the Knowledge 
Management System (KMS), a CCSDS (Consultative 
Committee for Space Data Systems) OAIS (Open Archival 
Information System) Reference Model compliant 
environment [3], which is composed of the OMNES platform 
(© DB Seret)  and the Preserved Data Set Content (PDSC) 
Management System. Together, these two elements aim to 
ensure the long term preservation and discoverability of all 
ESA and TPM missions’ Earth Observation space data 
knowledge and information. 
 

 
Figure 1 – ESA LTDP+ EO Data Preservation System 
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2. OMNES PLATFORM 

The OMNES system is a complex software application used 
for the preservation, traceability, discovery, and access of 
digital resources [4] captured in various digital formats. It is 
designed to adopt an easy, fast and flexible ingestion process 
for archiving and information retrieval of digital content. The 
objective of the OMNES platform is to ingest digital 
information, such as documentation or images, and to 
preserve it in a digital repository, with an appropriate long 
term archive format. 
 
The OMNES platform currently supports the following file 
formats as input: 

• Native PDF (digital text and images) 
• PDF with images (e.g. scanned document) 
• Images in TIFF, JPG or PNG format 
• MP3 audio file (currently only supported in the 

OMNES ISE system) 
• MP4 video file (currently only supported in the 

OMNES ISE system) 
 
The OMNES platform is composed of two sub-systems: 
OMNES ISE (Indexing and Search Engine) and OMNES 
LTDP (Long Term Digital Preservation). 
 
OMNES ISE has the following characteristics: 

• Conversion of digital content during ingestion 
process (e.g. searchable PDF/A creation, page 
previews, etc.) 

• Full-text and metadata indexing using Optical 
Character Recognition (OCR) and Text Extraction 
processes 

• Use of Dublin Core metadata for discoverability 
• Web front-end for information retrieval, discovery 

and access (e.g. search metadata/resource and 
download) 

 

 
Figure 2 – OMNES ISE Dashboard 

 
OMNES LTDP sub-system focuses on: 

• Long Term Digital Preservation using FITS 
(Flexible Image Transport System) file format [4] 

• Conversion manager to/from FITS archiving format 
• Preservation Metadata Implementation Strategy 

(PREMIS) metadata model for long term 
preservation of digitalized documents and images  

 

OMNES Ingestion Workflow (Fig. 3) comprises the 
following four stages: 

• Pre-Ingestion 
• Ingestion 
• Indexing 
• Long Term Digital Preservation 

 

 
Figure 3 – OMNES Ingestion Workflow 

 
As part of the pre-ingestion phase, documentation in digital 
format (e.g. PDF) or scanned images (e.g. TIFF) that are 
ready for ingestion are copied to the ingestion subfolder by 
an operator. Here, a File Content Notifier, containing a 
minimal set of metadata, is created for each digital resource. 
At this stage, additional Dublin Core metadata can be added 
by the operator to the FCN file. In the future it is envisaged 
to have templates used for the generation of documentation, 
which will facilitate automatic generation of Dublin Core 
metadata. It will be the responsibility of each document 
author/owner to fill in the correct corresponding information. 
During the ingestion stage, the files are loaded into the 
system, together with their corresponding FCN files. The 
system then checks if the digital resource has already been 
ingested and either rejects the file, reporting the reason for 
rejection, or ingests it and indexes the content. As part of the 
indexing phase, Optical Character Recognition (OCR) and 
Text Extraction processes occur, and the full text is indexed, 
allowing a user to search for the resource or its content, 
through the ISE platform. The OMNES system then prepares 
the resource for Long Term Digital Preservation. As part of 
this stage, the digital resources are converted to FITS files 
and PREMIS metadata is generated. The FITS files together 
with the PREMIS metadata represent what is preserved for 
the long term [5]. If, for a certain reason, a digital resource 
(e.g. PDF document) has to be regenerated, this can be 
performed starting from the FITS files and PREMIS 
metadata. 
The OMNES platform is aimed at ensuring the preservation, 
discoverability and accessibility for all ESA EO Space Data 
Associated Knowledge, in line with LTDP+ objectives. It is 
initially intended for ESA internal use and will comprise the 

Data Discovery and Access

Proc. of the 2019 conference on
Big Data from Space (BiDS’19) doi:10.2760/848593

32 Munich, Germany
19–21 February 2019

http://dx.doi.org/10.2760/848593


information generated during each mission phase, from all 
ESA Earth Observation Programmes. 

3. PRESERVED DATA SET CONTENT 
MANAGEMENT SYSTEM 

The OMNES platform does a good job at managing digital 
information, such as documentation. However, as part of the 
Heritage Data Programme, ESA is also interested in 
managing and preserving the all the knowledge around the 
data. This is where the Preserved Data Set Content (PDSC) 
Management System steps in.   
The PDSC Management System deals with the management 
of the Earth Observation Preserved Data Set Content. The 
platform aims to link ESA Earth Observation data records 
with related documentation and software, in order to be able 
to manage the Preserved Data Set Content [2] and trace the 
provenance of the data. The PDSC System has the objective 
of ensuring the long term preservation, discoverability and 
stewardship of ESA EO associated knowledge, in line with 
the LTDP+ Programme objectives.  
The PDSC Management System is composed of an open 
source web enterprise environment, CMDBuild, and an 
Associated Knowledge repository, Alfresco. CMDBuild 
allows the management of IT assets’ configuration so that the 
organisation may be able to keep under control the situation 
of data and associated digital resources, knowing at all times 
the composition, dislocation, functional relations, rules for 
updating over time. The CMDBuild is a flexible tool that has 
been customized for managing the complete EO mission 
associated information and data records life-cycle. The 
metadata used by the PDSC Management System are related 
to the Dublin Core metadata, while taking into consideration 
the particular needs for ESA Earth Observation information. 
The digital resources (e.g. documents) are ingested together 
with the corresponding metadata into the PDSC System and 
they are saved in the Alfresco repository, for discovery and 
access.  
The ingested digital resources are then linked (Fig. 4) to the 
related data records and software tools, based on the 
associated metadata. The Data Curator covers an important 
role in this activity because he creates the link and the 
relations among the CMDBuild’s records as well determining 
what the PDSC will preserve for the future. The criteria for 
ingesting content into the PDSC Management System is 
given by the tailoring of the Earth Observation Preserved 
Data Set Content for each Earth Observation 
mission/sensor/phase [2]. In this scenario the Data Curator 
accesses the OMNES platform to retrieve the associated 
information to be preserved, based on the EO mission 
tailoring. Other Data Curator uses cases are currently under 
definition, and these involve mainly the annotation, 
publication and presentation of data, in order to maintain the 
data over time for reuse and preservation. 

 
Figure 4 – PDSC data set relationship graph for the Seasat 

mission  
 
Once the associated knowledge and tools are linked to the 
corresponding data records (including their physical 
location), the data set is considered consolidated from an 
information point of view. The CEOS PDSC Best Practices 
document [2] has been, and continues to represent, a crucial 
guide in the collection of information necessary for 
understanding, preserving and valorising Earth science data. 
At ESA’s Centre for Earth Observation (ESRIN) a significant 
amount of associated information has been collected for each 
EO mission, and the PDSC Best Practices [2] have helped in 
identifying the missing documentation, some of which was 
recovered from the various ESA sites around Europe, and 
ingested into the PDSC Management System. The PDSC 
Best Practices [2] represent the fundamental criteria for 
identifying the necessary information to be preserved, thus 
avoiding individual choices and preferences.  
 
It is important not to confuse the PDSC Management System 
with a catalogue. It is a system that enables EO heritage data 
and information discoverability, insight, exploitation and 
curation activities. The PDSC Management System 
facilitates the valorisation of Historical EO Missions Data 
Sets for long time data series and innovative applications, for 
multi-disciplinary use, favouring “cross-fertilization” with 
current and future missions, thus adding value to heritage 
data.  

4. KNOWLEDGE MANAGEMENT SYSTEM AND 
OAIS REFERENCE MODEL 

The ESA LTDP+ Knowledge Management System is 
compliant with the OAIS Reference Model developed by 
CCSDS. Considering the growing interest in the digitalisation 
of resources, for long term preservation, discovery and 
access, the OAIS Reference Model is being revised in order 
to adjust and extend it to new types of users and use cases, 
including non-space institutions such as libraries and other 
long term digital preservation organisations. In order to 
achieve this, the CCSDS DAI (Data Archive and Ingest) 
Working Group is finalising an OAIS architecture model and 
a use cases document which will embrace different types of 
institutions involved in long term preservation, discovery and 
access of data and information. Once these CCSDS 
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documents are approved, the ESA Knowledge Management 
System will be used to support the implementation of the 
CCSDS DAI OAIS resolutions and use cases.  
These use cases include: 

• Single mission: EO mission preservation and 
curation 

• Sensor family missions: long-term data series and 
Fundamental Climate Records  

• Space mission and in-situ data fusion 
• Multi space domain missions: data cross-

valorisation 
• From heritage missions to new mission conception  
• New space missions simulations and test bed 

5. CONCLUSION 

Knowledge and information are the most valuable resources 
of the European Space Agency, and therefore, knowledge 
management represents a crucial aspect when considering the 
successful completion of the Agency’s goals. The ESA 
LTDP+ Programme, contributes to reaching these objectives 
through the established Knowledge Management System, 
ensuring the long term preservation, discovery and access of 
ESA Space Data and Associated Information.  
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ABSTRACT

Cloud Computing has become the ubiquitous approach to our
Big Data challenge. However, one will quickly discover that
moving (a.k.a. forklifting) existing on-premise data analytic
solutions to the Cloud doesn’t always translate to costing sav-
ing and performance boost. The Cloud’s elasticity, its avail-
ability, and its wide selection of computing options and selec-
tions of costing models making Cloud an attractive environ-
ment to tackle our Big Data challenge. Cloud by itself can-
not tackle our daunting challenge need for analyze and derive
scientific inferences through vast collections of multi-sensor
measurements. We need an integrated analytic architectural
solution that allows researcher to conduct science without the
overhead of search and download. This paper describes the
open source data analytic web architecture NASA is develop-
ing by infusing instances of Integrated Data Analytic systems
next to the data. The goal is to create a connected web of
analytics platforms.

Index Terms— Big Data, Distributed Analytics, Parallel
Analytics, Cloud Computing, Ocean Science, OceanWorks,
Apache SDAP, Apache NEXUS, CEOS, PO.DAAC, NASA

1. INTRODUCTION

Climate change is a defining issue of our time. It is touching
on direct human and societal impacts. With increasing global
temperature warming of the ocean and melting ice sheets and
glaciers, the impacts can be observed from our coastline, and
may involve drastic changes to marine ecosystems. While
there is no lack of information and publications on climate
change impacts on aspects such as sea level rise, floods,
droughts, and hurricanes, understanding of ecosystem level
impacts on and effects on flood security is critically impor-
tant yet very poorly understood. Adding to the science and
data integration challenges that understanding these impacts
poses is the complexity of broader public and policy-maker
engagement as stakeholders and fundamental determinants of
future outcomes.

While much of the satellite observations from various dis-
ciplines are accessible from different data centers, the solu-
tion for analyzing decades of measurements and coordinating
measurements collected from various instruments for time se-

ries analysis is both difficult and critical. Climate research is
a big data problem that involves high data volume, measure-
ments collected by various sources, methods for on-the-fly
extraction and reduction to keep up with the speed and data
volume, and the ability to address uncertainties from data col-
lections, processing, and analysis.

For decades scientists have been relying on a common
process flow, which includes scrape FTP sites, download data
files to their local computing environment, and developing al-
gorithms to analyze the downloaded data. Data center are
only chartered to distribute file products. In this age of big
data, our climate research community recognizes the tradi-
tional analytic workflow is unsustainable. While data centers
do provide some tools for reduction, such as data subsetters,
the size of the subsetted data may still be too large to down-
load. A more efficient approach is to have large analytic so-
lutions right next to the data holdings to eliminate data move-
ment. With affordable Infrastructure as a Service (IaaS) of
commercial Cloud and semantic web, we are still seeing much
of the informatics community is in the business of building
one-off, stovepipe tools. Users are finding themselves work-
ing with different disjoint tools and having to manually trans-
late between different data formats and nomenclatures, often
data have to be transformed into different representations to
satisfy different tools requirements.

We need a web of Integrated Data Analytic systems
that shares common taxonomy and provides common web-
service API for access and analysis that allows the service
providers to scale-up or scale-down the computing accord-
ing to the requirements and user needs. The users of these
services shouldn’t have to be concerned about the physi-
cal computing and internal data management architecture.
More importantly, these services share common taxonomy
and nomenclature to enable federated analysis of different
measurements.

2. DISTRIBUTED ARCHITECTURE

The Committee on Earth Observation Satellites (CEOS)
Ocean Variables Enabling Research and Applications for
GEOS (COVERAGE) initiative [8] is an international initia-
tive that seeks to provide improved access to multi-agency
ocean remote sensing that are better integrated with in-situ
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Fig. 1. Distributed Analytics Architecture

and biological observations, in support of oceanographic and
decision support applications for societal benefit. While it
would be ideal to have all data in one place, such as a com-
mon Cloud computing environment, such solution is unsus-
tainable due to various factors including international policies
between agencies and security requirements, access to subject
matter or domain experts, and the overall cost for managing
and providing open access to exabyte (EB) of data in one
place. COVERAGE has taken on a distributed analytic archi-
tectural approach [1], Figure 1, where each data provider or
agency can standup their own Integrated Data Analytic Plat-
form for the data they manage. The services share common
API, taxonomy, and metadata model. All analyzed results are
packaged in JSON documents. This architectural approach
reduces the need for unnecessary massive data movement
between services and the client application will only have to
develop logics to process the result JSON responses. CEOS
Service Registry can be established according to the conti-
nents and/or agency alliance to serve as the data and services
lookup and discovery access point.

Clients of COVERAGE include

• Data portals for data and climatological events discov-
ery that link to relevant data, analytics services and
published results.

• GIS-based domain-specific data tools that is tailored to
specific science investigation and/or community. Ex-
amples of such tools include

– NASA Sea Level Change Portal’s Data Analysis
Tool
(http://sealevel.nasa.gov/data-analysis-tool/) [3]

is an advanced data visualization and analysis
tool for sea level rise research

– The GRACE Data Analysis Tool
(https://grace.jpl.nasa.gov/data-analysis-tool/) is
an advanced analysis tool specifically for the
GRACE data.

– The NASA Physical Oceanography Distributed
Active Archive Data Center (PO.DAAC)’s State
of the Ocean Tool
(https://podaac-tools.jpl.nasa.gov/soto/) is a web-
based tool for physical oceanography data.

• Domain-specific applications which could ranges from
simple scripts to advanced GIS-based programs in any
programming languages (e.g. Python, Java, MATLAB,
IDL, C/C++, etc.) to orchestrate search results and an-
alytic operations.

• Interactive workbench, such as the popular Jupyter
Notebook (https://jupyter.org), for researchers to inter-
act with these services to create recipes to share with
other researchers. Figure 2 is an example of an inter-
active workbench demonstrated at the 2018 CEOS SIT
Technical Workshop at Darmstadt, Germany [1]. The
demo generated coordinated time-series between river
gauges and perception data from the Tropical Rainfall
Measurement Mission (TRMM). The river time series
was computed by an analytic service at the NASA JPL
and the TRMM time series was produced by the ana-
lytic service hosted under the Amazon Web Services
(AWS). This demo involved no data movement. The
Jupyter Notebook was running on a typical laptop com-
puter connected to the internet over WIFI. The demo
shows the spike on river runoff after abnormal rate of
rainfalls around February 1998 in the county of Los
Angeles.

3. INTEGRATED DATA ANALYTIC PLATFORM

An Integrated Data Analytic Platform, also known as Ana-
lytic Center Framework (ACF), is an architectural concept to
encapsulate the scalable computational and data infrastruc-
tures and to harmonize data, tools and computation resources
to enable scientific investigations. The goal is to create a web-
service platform for researchers and tools developers to dis-
cover, interact and analysis massive amount of related data
without having to move data between systems over the in-
ternet. This platform must tackle both storage and software
architecture together in order to fully leverage of its operating
environment, such as the elastic cloud, without tying the users
of the platform to a specific cloud provider and/or a specific
underlying technology.

The Apache Science Data Analytics Platform (SDAP)
(https://sdap.apache.org) is an open source implementation
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Fig. 2. Plotting Time Series between River and TRMM Pre-
cipitation Measurements. The two time series were computed
by two, distributed services without data movement

of an Integrated Data Analytic Platform. The technology
is the backend for the NASA’s Sea Level Change Portal,
NASA’s GRACE science portal, and the core for the NASA’s
Advanced Information Systems Technology (AIST) Ocean-
Works technology, which will be the analytics solution for the
NASA’s Physical Oceanography Distributed Active Archive
(https://podaac.jpl.nasa.gov) for the ocean science commu-
nity. Figure 3 illustrates the architecture of an Integrated Data
Analytic Platform [2]. Rather than aiming for creating a killer
scientific application, the goal is to create a service platform
to enable suite of scientific applications and systems. The
platform can be divided into three tiers

1. Tools and applications – these are the clients of the
platform. Their only binding to the platform is through
RESTful APIs with all responds packaged in JSON
documents. These clients can be implemented in any
web-enabled programming languages, that is, able
to make HTTP(S) calls and able to parse simple text
response in JSON format. These clients have no knowl-
edge of the physical hardware infrastructure and how
the actual data is being stored.

2. Services and Workflow – these are the implementation
of the data access and analytics webservices. They are
the clients of the Analysis-Ready Storage tier. These
services and workflow are built to leverage the parallel
GIS-based data query and retrieval services provided
by the Analysis-Ready Storage tier. It is a parallel an-
alytic environment. The SDAP analytics services are
implemented using Apache Spark for fast, in-memory
MapReduce statistical analysis operations. It has no
knowledge of how the data is physically stored and how
the spatial indexes are being maintained. These ser-
vices include area-averaged time series, climatological
map, etc. The Workflow are for automated processing

such as generation of climatology and large on-demand
services.

3. Analysis-Ready Storage – it is more than a collection
of disks and folders. The platform is designed for hor-
izontal scaling, that is, to enable parallel fetching and
conduct parallel analytic operations. This tier harmo-
nizes different satellite observation data and its meta-
data to create a unified representation of information to
simplify the development of analytic webservices and
workflow systems. It is also equipped with its own
workflow system to automate the discovery, transfor-
mation, and ingestion of various new observational and
model data from different data providers.

The deployment of such big data analytics solution is no
small task if done manually. As a horizontal-scale solution,
depending on the volume and the kind of analysis, it involves
orchestration of large number of compute nodes. Container
deployment technology, such as Kubernetes and Docker, has
matured over the years. SDAP packages all of its components
and services into a collection of Docker containers where the
deployment can be automated using Continuous Integration
(CI) tool such as Jenkins or Atlassian Bamboo.

3.1. NASA’s OceanWorks project and the Apache Science
Data Analytics Platform (SDAP)

OceanWorks is an NASA Advanced Information Systems
Technology (AIST) project to establish an Integrated Data
Analytic Platform at the NASA PO.DAAC for big ocean
science. It focuses on technology integration, advancement
and maturity by bringing together several previous NASA-
funded analytics projects as an effort to deliver a production-
ready data science platform for the ocean science community.
OceanWorks is a key part of PO.DAAC’s solution for en-
abling big ocean science on the cloud. With NASA’s upcom-
ing Surface Water Ocean Topography (SWOT) mission that
is expected to generate over 20PB of data, it is expected the
future ocean science will be conducted on the Cloud to reduce
unnecessary data movement. Recognizing the building blocks
of OceanWorks can support multi-disciplinary Earth Science,
the OceanWorks project collaborates with the Apache Soft-
ware Foundation and established the Apache Science Data
Analytics Platform (SDAP) (https://sdap.apache.org). The
goal is to establish a community-driven and supported GIS-
based big data analytics platform. The components of SDAP
includes:

• NEXUS: the big data analytics engine. See the follow-
ing subsection.

• Extensible Data Gateway Environment (EDGE) [4]: a
GIS-based OpenSearch and metadata translation inte-
gration service for fast geospatial lookup of data and
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translate metadata into various standards includes ISO-
19115, DIF, UMM-C and UMM-G, etc.

• OceanXtremes [9]: a big data analytics solution for
anomaly detection that enables to perform on-the-fly
computation of daily difference by comparing obser-
vation against the climatology and provides tools for
scientists to register anomalies and publish them using
RSS feed.

• Distributed Oceanographic Matchup Service (DOMS)
[7]: a big data analytics solution to perform on-the-fly
matchup of in-situ measurements against satellite ob-
servation. To date, the in-situ data include SPURS I/II
from JPL, SAMOS from the Center for Atmospheric
Prediction Studies (COAPS) at Florida State Univer-
sity, and ICOADS from the National Center for Atmo-
spheric Research (NCAR).

• Data relevancy [10] and event search: the data rele-
vancy engine is a machine learning based technology
to continuously analyze web search logs to dynamically
rank the relevant datasets. The goal is to have the most
relevant datasets listed in the beginning of the search
results. The event search solution is to create relevant
search respond that is encoded with space and time in-
formation. If a user searches for a specific hurricane,
the responding datasets include URLs for the users to
directly visualize and analyze the relevant data for a
specific time period and location.

The Apache SDAP is currently under Apache Incubation
process. It is in active development and infusion into various
domain-specific environments.

3.2. Big data analytics engine

NEXUS, Figure 4, is an emerging data-intensive analytics
framework. It takes a different approach on handling file-

based observational temporal, geospatial artifacts in order
to fully leveraging existing horizontal-scaling technologies
like MapReduce and the elastic cloud environment. NEXUS
breaks the original data file into tiles and stores tiled data
in cloud-scaled databases with an added high-performance
spatial lookup service. NEXUS provides the bridge between
science data and horizontal-scaling data analysis. This plat-
form simplifies development of big data analysis solutions by
bridging the gap between files and MapReduce solutions.

In addition to delivering the typical analytics services
such as area-averaged time series and coordination map,
NEXUS is also the base analytic framework for OceanX-
tremes and DOMS.

NEXUS is designed to be adaptable to different deploy-
ment environments. It supports on-premise computing clus-
ter and private/public cloud (such as AWS). It uses Apache
Solr as its spatial registry for data tiles, metadata and pre-
computed tile statistics. For data tile management, NEXUS
supports fast, cloud-based NoSQL databases like Apache
Cassandra and ScyllaDB, and it also supports storing tiles
in an object store like AWS S3. For data ingestion, it uses
serverless architecture when operate on the AWS and uses an
ingestion cluster when operate on local hardware. The goal is
to create a GIS-based analytics framework that is flexible to
the project needs. Since this is a webservice-based solution,
the internal infrastructure is hidden from the users of this
framework.

3.3. Performance

NEXUS is still evolving as the community continuously find-
ing new ways to improve its architecture and performance.
A recent benchmark was gathered to analyze 16 years of
MODIS TERRA Aerosol Optical Depth 550nm [5] [6] on a
point-based, regional, and global scale. The analysis involves
subsetting 5790 daily files (2.9GB) and apply analysis on the
subsetted data. Performance numbers were gathers between
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NASA’G GIOVANNI, AWS EMR, and NEXUS. NASA’s
GIOVANNI is a popular web-based data analysis tool, that
is built around file-based analysis, Figure 5, shows NEXUS
outperforms the traditional analysis method by hundreds of
times. What usually takes nearly 30 minutes to compute, it
only took NEXUS less than 2-second to compute.

4. CONCLUSION

In the age of Big Data, we look to the Cloud as the solution
to our challenge. We should consider Cloud as an instrument
to our solution. In order to tackle our big data challenge and
to deliver high performance analytic capacities to our climate
researchers, we need to start with a scalable architecture. Our
goal is to have our computing close to the data and deliver
services for users to work with the data without the need of
data download. The idea of Distributed Data Analytics relies
on federated instances of Integrated Data Analytic systems.
The demonstration and performance figures presented here
have proven the importance of having a community-driven
open source architecture for big data analytics in order to de-
liver end-to-end data management and horizontal-scale an-
alytic services, which eliminates the need for massive data
download and expensive hardware procurement for a domain-
specific science investigation. The NASA OceanWorks will
be infused into PO.DAAC to introduce on-the-fly capabilities
to PO.DAAC’s SOTO tool this year. Apache SDAP is ex-
pected to graduate from the Incubator this year as well.
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ABSTRACT

Whether participatory urban planning, digital agriculture or
near real-time monitoring of flooded plains – the demand for
processing large quantities of Earth Observation (EO) and
geodata is constantly increasing. In addition to the amount
of data to be processed, the lack of compatibility between dif-
ferent data systems has often been an obstacle.

The cloud based geoprocessing platform actinia is able to
ingest and analyse large volumes of data already present in the
cloud. Through actinia’s REST API, following the paradigm
of computing next to the data, users can now process and anal-
yse EO- and geodata. Due to the scalability of cloud plat-
forms, insights and tailor made information are delivered in
near real-time. Furthermore, methods and algorithms can be
easily integrated into own business processes.

Actinia provides an open source REST API for scalable,
distributed, and high performance processing of geographical
data that mainly uses GRASS GIS for computational tasks.

Index Terms— Earth Observation applications, GIS,
cloud based processing, geospatial analysis, open source

1. INTRODUCTION

While open geo- and/or earth observation data is increasingly
available, the massive processing of such data still remains
a challenge. This causes a mismatch between the enormous
information potential of the data on the one side and its ac-
tual use on the other side. Organisations, businesses or ad-
ministrations interested in such information still need special
knowledge, appropriate software tools, access to the required
data and also adequate processing power.

With actinia the company mundialis develops a cloud-
based geoprocessing-platform, that aims at enabling users
to access and process these kinds of geodata as easily as
possible. The access to actinia is available through a web-
based application programming interface (API, e.g. available
at https://actinia.mundialis.de/). In order to use it, the
API can be integrated into existing business workflows. For
GIS experts and developers, usage of the well documented
API and the power of actinia is more suitable.
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…

actinia

Fig. 1. Workflow of actinia geoprocessing engine.

It is also possible to define own processes by chaining the
powerful processing-tools provided by actinia. Since actinia
supports space-time cubes through its GRASS GIS backend
(https://grass.osgeo.org), data aggregation over time,
zonal statistics and more, the users are provided with latest
technology being applied to Sentinel time series. Figure 1
shows the general workflow of actinia geoprocessing engine.
Multiple data sources can be integrated into the different
processes for EO and geodata within actinia which can be
connected to different business processes via API.

The actinia engine consists of several components: i)
actinia-core (available at
https://github.com/mundialis/actinia_core), ii) actinia-
gdi with an interface to Geonetwork Open Source for the
access to a metadata catalogue (under development), and
iii) actinia-plugins for domain-specific applications (under
development).

In the remainder of the paper we will illustrate the archi-
tecture of actinia (user, job and data management, backend),
as well as actinia process chains and plugins. This is fol-
lowed by means of deploying actinia locally, on the cloud
and embedded systems. After the description of integration
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with other systems we briefly describe a use case, followed
by conclusions.

2. ARCHITECTURE OF ACTINIA

The REST API of actinia allows the user to process satellite
images, time series of satellite images, arbitrary raster data
with geographical relations and vector data. The REST in-
terface accesses, manages and manipulates the GRASS GIS
database via HTTP GET, PUT, POST and DELETE requests.
Processing of raster, vector and time series is performed
on data located in persistent or in ephemeral GRASS GIS
databases. Actinia supports the processing of cloud based
data, for example all available Landsat 4-8 scenes as well as
all Sentinel-2 scenes. The API endpoints are realized with
the Python framework called Flask-RESTful.

2.1. User management

Actinia provides a sophisticated user, user role and user group
management, that allows administrators to specify fine gran-
ular access to actinia resources as well as time and mem-
ory consumption. The following specific concepts are imple-
mented in actinia:

• user role hierarchy: superadmin – admin – user – guest,
with restricted access to actinia endpoints for each user
role,

• read-only access to the global actinia persistent GRASS
GIS spatial database commonly used for base geodata,

• read-write access to the user group specific persistent
GRASS GIS spatial database,

• maximum size of the computational region (i.e. amount
of allowed pixels), and maximum number of processes
for a single process for each user,

• process specific maximum computational and enqueue
time for each user.

2.2. Job management

Several actinia REST API endpoints are provided to enqueue
and manage jobs. The actinia REST framework supports
asynchronous and synchronous processing and therefore pro-
vides a job queue to manage the execution of actinia process
chains.

Actinia will keep track of the processing time of each
computational process as well as the size of the user specific
data. Processes can be terminated by their owners or admin-
istrator. Each job has a maximum runtime and will be termi-
nated by the queuing system if the runtime was exceeded to
avoid broken jobs to block the computational subsystem.

All jobs as well as their logs and resources are written
temporarily into a Redis database for fast REST API access
and persistently into an elastic search database for analytical
and accounting tasks.

2.3. Data management

Actinia uses the GRASS GIS database to store global and user
specific geo-data in i) ephemeral or ii) persistent databases.

i) Ephemeral databases exist only for the computational
time and will be deleted after processing has finished. How-
ever, the computational results of ephemeral processing are
available via object storage as GeoTIFF files for raster data or
zipped GeoJSON files for vector data.

ii) Two kinds of persistent databases are provided in ac-
tinia: The read-only global persistent database and the read-
and write-able user group specific persistent database. Both
databases can be accessed read-only from processes that work
on ephemeral databases. The actinia REST API allows the
import of any online available geo-data source into ephemeral
and user group specific persistent databases. Geo-data can be
raster images, vector feature collections or raster collections.
Import of online resources can be directly defined in an ac-
tinia process chain.

Actinia provides several endpoints to list all data of user
specific accessible persistent databases. These endpoints pro-
vide functionality to query raster, vector and raster time series
data and to analyze their metadata like data descriptions, valid
time and transaction time stamps as well as statistics gener-
ated at runtime.

2.4. Backend

The core of actinia is GRASS GIS [3], an open source geoin-
formation system (https://grass.osgeo.org). It comes
with an integrated temporal framework that provides spatio-
temporal capabilities, delivering comprehensive functionality
to implement a fully featured temporal geographic informa-
tion system (GIS) based on a combined field and object-based
approach [2]. Through that it manages spatial fields of raster,
three-dimensional raster and vector type in time series re-
ferred to as space-time data sets (STDS).

2.5. Actinia process chains

GRASS GIS provides over 500 processing modules. The ac-
tinia REST API that is used to access the GRASS GIS back-
end supports the definition of process chains, in which any
number of GRASS GIS modules can be defined and their data
exchanged. The actinia process chain approach provides a
great flexibility to define very complex analytic processes that
involve many GRASS GIS modules as well as external tools
like GDAL (Geospatial Data Abstraction Library). However,
complex analytic tasks are already available as simple REST
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endpoints that require no knowledge about process chain cre-
ation. Some of these endpoints require the installation of the
actinia-plugins (see Sec. 2.6). They include following func-
tionality:

• creation of Landsat 4-8 and Sentinel-2 raster time se-
ries,

• NDVI computation for arbitrary Landsat 4-8 and
Sentinel-2 scenes,

• zonal statistics on raster time series based on vector
polygons,

• spatio-temporal sampling of and algebraic operation on
raster time series,

• raster and vector data export.

2.6. Actinia plugins

Actinia can be extended using plugins. Plugins provide end-
points for very specific computational tasks, that can be ex-
posed as single REST endpoints. At the moment there are
two plugins available: i) processing plugin for satellite data
from Landsat and Sentinel-2 satellites; ii) statistical analysis
plugin for raster and raster time series data as well as spatio-
temporal sampling.

2.7. Support for GRASS GIS addons

The actinia framework supports any addon that is available
for GRASS GIS. Moreover, developers and power-users can
use the PyGRASS [5] and the GRASS GIS Temporal frame-
work [2, 1] in GRASS GIS to implement high performance
spatio-temporal applications that can directly be used as pro-
cesses in the actinia process chain.

2.8. Authentication

The actinia REST framework uses basic HTTP authentica-
tion using user/password or authentication tokens. REST API
endpoints are available to create authentication tokens for spe-
cific users.

3. DEPLOYING ACTINIA

Actinia can be deployed on a wide range of hardware and
cloud environments.

3.1. Personal computer and local data center

Actinia can be deployed on a workstation computer or local
data center as being a Python package together with GRASS
GIS and a Redis database server. Moreover, actinia and all of
its sub-components can also be deployed as docker image at
these systems as well.

3.2. Public and private Cloud

Actinia and its sub-components: geospatial backend (GRASS
GIS), user and job database (Redis), and logging (fluentd,
elasticsearch, kibana) can be deployed either as docker swarm
or Kubernetes cluster in scalable cloud environments. It is
designed to run in thousands of containers in parallel. Ac-
tinia provides a granular locking mechanism, so that users
that work in parallel on the same persistent database, can
not interfere or corrupt each others data. Actinia has been
successfully deployed in the Google Cloud, Amazon AWS,
CloudFerro, the Open Telecom Cloud and many more.

3.3. Embedded systems

Actinia requires a Linux environment, Python3, GRASS GIS
and Redis to work. These components are available on many
embedded systems, which makes actinia fit for running in
rough environments that are populated by IoT devices, remote
controlled robots and drones as well as satellites to provide
real-time and batch processed sensor and image analyses.

4. INTEGRATION WITH OTHER SYSTEMS

4.1. Business logic

The REST API based approach of actinia in combination with
ad hoc processing of literally any online available geo-data
using ephemeral databases makes actinia suitable to be used
in business logic systems which require high performance
spatial and spatio-temporal analysis and processing.

4.2. openEO wrapper and User Defined Functions

The OpenEO H2020 project (http://openeo.org/) aims at
developing an open API to connect R, Python, Javascript and
other clients to big Earth Observation cloud back-ends in a
simple and unified way [4]. GRASS GIS is one of the back-
ends; the GRASS GIS driver uses the actinia REST API to
send processing requests based on the actinia process chain
approach to the GRASS GIS backend (https://github.
com/Open-EO/openeo-grassgis-driver). The current pub-
lic endpoint is available at http://openeo.mundialis.de:

5000/capabilities. The full archives of Landsat 4 - 8 and
Sentinel-2 are accessible and in near future also Sentinel-1.

The support for openEO approach of User Defined Func-
tion (UDF) is currently under development and will run as
part of an actinia process chain (https://open-eo.github.
io/openeo-udf/api_docs/).

4.3. Copernicus DIAS

As part of the European Union’s Copernicus program several
Data and Information Access Services (DIAS) platforms are
currently being implemented. They consist of cloud-based
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infrastructures that will make Copernicus data available to its
users along with tools and marketplaces to offer third party
applications. While actinia is cloud vendor agnostic and com-
patible to Google Cloud or Amazon AWS; it would be possi-
ble to deploy actinia on the new European DIAS platforms.

4.4. Actinia shell in GRASS GIS

GRASS GIS was recently extended to support the creation of
valid actinia process chain JSON building blocks by simply
calling a GRASS GIS module with all of the required param-
eters. At time the development of a GRASS GIS shell ex-
tension is under way, so that module calls that operate on the
local GRASS GIS database can be directly sent to an actinia
server for remote execution. Hence, complex process chains
can be tested on a local GRASS GIS installation and then
send directly via HTTP request to a remote actinia server that
resides near the cloud based geo-data (Sentinel-2, Landsat,
MODIS, . . . ) without the requirement of deploying actinia
locally.

5. POTENTIAL OF ACTINIA IN THE FIELDS:
AGRICULTURE, LULC AND FORESTRY

Automated Sentinel-1 and Sentinel-2 time series preprocess-
ing using actinia is a prerequisite for numerous Earth Obser-
vation applications. For agricultural monitoring, we devel-
oped a cutting frequency index besides crop type classifica-
tion. Furthermore, Land Use/Land Cover (LULC) time series
status and change maps are derived in actinia using machine
learning algorithms. For example, LULC maps are the basis
for modeling and decision making in the field of water man-
agement and projecting the water consumption in the future
in the region of Drâa in Morocco.

Being weather independent and generated by active sen-
sors, SAR images are most adequate to monitoring tropical
rain forest disturbances. Sentinel-1 image processing requires
large RAM which becomes an issue when working with desk-
top computers, e.g. using SNAP (Sentinel Tool Box). For
massive SAR data processing, SNAPPY (SNAP Python API)
as the Python interface to the SNAP processing technology is
most promising and allows the integration of SNAPPY based
processing chains into the actinia cloud environment. As ac-
tinia itself is mainly based on GRASS GIS, the SNAPPY
processing chain can be wrapped as a standard GRASS GIS
Python addon. A study area in Guyana of a managed for-
est concession is selected to evaluate the potential of actinia
to monitoring the forest logging damages between the years
2015 and 2017 using Sentinel-1 images. The actinia based
processing shows a considerable processing time reduction
due to the automation of the processing steps (example: i) EO
analyst – 50 min for data selection, download, manual prepro-
cessing, index creation; actinia – ¡ 5 min for data selection
and automated processing), allowing for fast decision mak-

ing and support through improved reporting in the context of
sustainable development and climate change commitments.

6. CONCLUSIONS

The cloud based geoprocessing engine actinia follows the
central paradigm of Big Data to “bring the software to the
data”. It is cloud vendor agnostic open source software. Its
functionality be extended through user plugins written in
Python, C, or originating from other software packages. The
user management supports group, roles and access rights.
Process chains can be written in JSON (developer friendly),
an actinia shell is available (power user friendly); it supports
integration into own business processes through API (busi-
ness friendly). To comply with the general data protection
regulations it can be deployed in European cloud solutions.
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ABSTRACT

The JRC Big Data Platform (JEODPP) is serving JRC
projects and their partners for any big data application with
emphasis on geospatial data. It has recently evolved into
a multi-petabyte scale platform offering advanced web en-
abled services for container-based batch processing, remote
desktop, and interactive analysis and visualization. This
later service, based on Jupyter, has recently unfolded into a
complete and powerful prototyping environment. This paper
describes the most significant advances in this area.

Index Terms— deferred processing, Sentinel, Coperni-
cus, visualisation, Jupyter, JupyterLab, IPython

1. INTRODUCTION

The results presented in this paper are implemented on the
JRC Big Data Platform (JEODPP) [4]. This platform serves
the needs of JRC policy support activities requiring big data
capabilities with emphasis on geospatial data as well as any
data sources associated with a geolocation (news articles,
official statistics, pictures, etc.). The platform is implemented
on a commodity hardware solution scalable to the multi-
petabyte scale. This is achieved through distributed storage
(CERN EOS) coupled with a cluster of computing nodes for
distributed computing. The JEODPP platform can be viewed
as a three layer pyramid with a multi-petabyte scale storage
and processing basis. The first layer accommodates massive
batch processing. The second layer provides a remote desktop
environment with all software needed for further developing
legacy applications. The tip of the pyramid (third layer) pro-
vides interactive visualization and analysis in a web-based
environment integrated in a Jupyter notebook [1].

This paper concentrates on the advances regarding the
interactive analysis and visualization layer. The following
aspects are detailed: evolution from Jupyter to JupyterLab,
availability of new data collections, the possibility to execute
arbitrary Python code, and applications for users without pro-
gramming capabilities exploiting the temporal dimension of
geospatial data cubes.

2. FROM JUPYTER TO JUPYTERLAB

JupyterLab1 is an evolution of Jupyter released to users in
February 2018. It provides a series of features improving the
user-experience such as the use text editors, terminals, data
file viewers, and other custom components side by side with
notebooks in a tabbed work area [2]. In particular, it gives the
possibility to redirect the map view area in a side map.

3. DATA COLLECTIONS

Since its inception, the JEODPP platform has been charac-
terized by providing users with a wide variety of raster and
vector geospatial datasets. Complex raster collections such
as those originating from the Sentinel-1 and Sentinel-2 satel-
lites are available alongside continental or global open-source
DEMs (EU-DEM, SRTM, GEBCO, MERIT, etc.). They can
be interactively visualised together with vector datasets such
as NATURA2000, EFFIS forest fires, administrative territo-
rial units, and land use-land cover at European level (Corine
Land Cover and Urban Atlas). New datasets are continuously
integrated in the interactive mode. This is for instance the
case of the new global DEM at a resolution of 30 meters pro-
duced by the Japan Aerospace Exploration Agency (JAXA)
and called ”ALOS World 3D AW3D30” [6]. The deferred
mode processing functions of the JEODPP APIs allow to ob-
tain high-impact visualizations such as that presented in Fig. 1
displaying the coloured hill-shading of the ALOS DEM with
a custom colour scheme.

Other dataset recently made available in the interactive
mode are the Sentinel-1 global mosaic [5], and a cloud-free
Sentinel-2 global mosaic calculated from images acquired
in 2017 [3]. No less important is the availability of many
basemaps that can be used as background of views and rang-
ing from the classic OpenStreetMap, OpenTopoMap, up to
MODIS data with daily granularity, high resolution aerial
images, maps in neutral colors that better enhance the geo-
graphic content superimposed on them. The selection of the
basemap to use or of the dataset to be displayed, takes place
in a very simple way that allows the user to view the datasets

1JupyterLab: https://jupyterlab.readthedocs.io
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Fig. 1: ALOS Global Digital Surface Model ”ALOS World
3D 30m (AW3D30)” rendered on-the-fly on the JEODPP with
a colored hill-shading whose parameters are user-defined.

available in a tree structure, easily navigable and searchable
using keywords as well as the self-completion functions avail-
able in the Python language. Finally, place names originating
from CartoDB2 can be overlaid on the displayed layer.

4. EMBEDDING PYTHON CODE IN THE TILE
ENGINE

At the base of the interactive component of JEODPP there is
a library developed in C++ language that represents the real
heart of the Tile Engine, a highly parallelized component that
creates in real-time and in deferred mode, the raster tiles to
send to the visualization based on the ipyleaflet widget3.

After selecting the datasets to be displayed, processing
chains transforming and processing the input data in order
to extract the desired information are defined. The basic ele-
ments of these chains are a series of processing steps that have
been implemented within the Tile Engine through the integra-
tion of open source processing libraries or libraries developed
over the years at the JRC. These libraries (mialib and pktools,
among others) provide the main functions necessary for the
processing of geographical data and allow for the creation
of complex processing chains based on morphological oper-
ators, image classification and segmentation functions, band
arithmetic, and image filtering in space and time.

Although the list of processing steps is rather extensive
and comprehensive, the need has emerged for adding user-
defined functions. In a language like Python, dozens of very
efficient libraries manipulating images are available (e.g.,
Numpy, Scipy nd-image, Scikit-image, Python Imaging Li-
brary, and OpenCV). By adding a special processing step,
called execute, which allows the user to send to the Tile En-
gine that operates server-side, any function written in Python
and that could potentially use such libraries.
2CartoDB: https://carto.com
3Ipyleaflet: https://github.com/jupyter-widgets/
ipyleaflet

Fig. 2: (Top left) Informal description of the Stubble Burn-
ing detection algorithm. (Top right) Python implementation
of the algorithm using Numpy methods. (Bottom) Multi-band
processing chain containing the execute step calling the cus-
tom Python function.

Thanks to the Python inspect module, the source lines of
the user function are read and sent to the C++ Tile Engine
server, where a Python on-the-fly interpreter is instantiated.
The code is then executed within the interpreter at each tile
request. The function can freely modify the input image pix-
els to pass them to the next step of the processing chain.

As an example, in Fig. 2, an application of the execute
processing chain to the detection of stubble burning (the de-
liberate setting fire of the straw stubble that remains after
wheat and other grains have been harvested) from Sentinel-
2 images, based on a simple algorithm that takes as inputs the
bands B04, B06, B08 and B11 (Short Wave Infra Red band).

This new development is opening many new scenarios
to the JEODPP users that gain a completely new flexibility
in the analysis and processing of geospatial datasets. More-
over, it will allow, in the near future, to also take benefit from
the many Machine Learning libraries available in Python that
could be injected inside the server-side processing chain to
extract valuable information from EO data using artificial in-
telligence techniques.

4.1. Widget enabled applications

Researchers or scientists who possess programming capa-
bilities can easily get into using python to interact with the
viewing and analysis environment within Jupyyer notebooks.
Despite this, the need has emerged to create simpler tools
that would allow to work with geographic datasets through
a graphical user interface. This is even more true for the
manager level users and policy officers having no or very
little programming knowledge. For these users, an inter-
face exploiting the analysis/viewing capabilities without the
need to write code is needed. Within the Jupyter world, this
can be effectively and efficiently enabled by using the ipy-
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Fig. 3: S2-Explorer notebook in action. Loading of a custom
vector shapefile on the map, search of the Sentinel-2 products
that cover it and filtering on cloud cover percentage.

widgets suite4 for the creation of user interfaces and on the
use of components such as Bqplot5 for charting functions
and Qgrid 6 for displaying alphanumeric data in rows with
intuitive scrolling, sorting, and filtering controls.

The first fully fledged application implemented, called the
S2-Explorer, is devoted to easy browsing and searching of
Sentinel-2 products. It consists of a tabbed interface contain-
ing many functions going from searching of products cover-
ing the current view extents, displaying one or multiple prod-
ucts on the map, selecting between many possible RGB bands
compositions, apply local stretching to the products visualiza-
tion, and filtering of the searched products on multiple crite-
ria (for instance on cloud cover or product type or acquisition
dates, etc.). Input capabilities allow the users of S2-Explorer
to easily add a custom vector shapefile to the map, and use
it to select the Sentinel products covering its features. Many
export functions are available, e.g. export the list of the se-
lected Sentinel-2 products to be used for batch processing op-
erations, export of the map view in high resolution TIFF file,
creation of an animation video that displays one after the other
all the filtered products. The measure and draw tabs can be
used to measure distances and areas on the map and the cre-
ation of vector features with the possibility to save them in a
vector format. Figure 3 shows a snapshot of the S2-Explorer
in action.

5. EXPLOITING THE TEMPORAL DIMENSION

The Copernicus constellation of EO satellites is characterized
by the high temporal resolution of its acquisitions. As an ex-
ample, after the lunch of Sentinel-2B satellite, all emerged
lands will be covered by a new optical product at least ev-

4ipywidgets: https://ipywidgets.readthedocs.io/en/
stable/

5Bqplot: https://github.com/bloomberg/bqplot
6Qgrid: https://qgrid.readthedocs.io/en/latest

Fig. 4: Extraction of the multi-temporal NDVI profile over
the pixels inside a polygon by the S2-Explorer tool.

ery five days. This gives space to many applications were
the exploitation of the short revisit time allows for important
analytical results, whether for the agricultural, the forest, or
disaster monitoring applications. The JEODPP S2-Explorer
leverages on the temporal dimension of Sentinel products by
providing a series of analysis tools based on multi-temporal
data.

5.1. Temporal profiles

One of the tabs of the S2-Explorer tools is dedicated to the ex-
traction of multi-temporal information over the pixels covered
by polygonal features. After having searched and filtered the
Sentinel-2 products, users can ask the system to calculate, for
each of the products, the mean value of an index (e.g., NDVI,
EVI, or SAVI) or of a band, together with their standard devi-
ation and plot both values on a temporal graph where the line
series represent the mean value inside the polygon and the
vertical bars the homogeneity measured by the standard de-
viation (see Fig. 4). This function has many applications and
can be activated also on a custom edited polygon. It has to
be noted that the extraction is done server-side on the highly
parallel cluster and gives the results in few seconds even in
case of dozens or hundreds of input products. Once the de-
sired measurement is determined, it can be scaled to datasets
of any size via the batch processing service.

5.2. Easy comparison using the split map control

The ability to easily compare two different views of the same
area, whether based on two different datasets or on two dif-
ferent processing chains applied to the same data, is a funda-
mental capability of any geospatial data viewer. It can be used
for comparing two complementary datasets (like a DEM and
a EO image, or a basemap and a vector dataset, etc.) or two
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Fig. 5: Temporal comparison of two SWIR RGB composi-
tions, from Sentinel-2 images acquired before and after the
2018 Mati fires in Greece.

Fig. 6: Video overlay of a georeferenced temporal video
showing one after the other all the Sentinel-2 images acquired
over an area within a selected time period.

acquisition dates from the same sensor. This is implemented
thanks to a new function available on ipyleaflet: the split map
control. When activated, the tool displays a vertical line at
the center of the map and the two datasets on each side of the
line. The user can move the line horizontally to quickly com-
pare the left and right map on the same geographic area. This
is illustrated in Fig. 5 in the case of forest fires by comparing
the last Sentinel-2 product acquired before the event with the
first acquired after it.

5.3. Georeferenced temporal video

Recent versions of ipyleaflet allow for the overlay of videos
on top of the map. We are using this new function to cre-
ate georeferenced videos starting from the multi-temporal
Sentinel-2 products acquired over the same area. The videos
can be played directly over the map (even while zooming and
panning) and give an interesting insight on the evolution of
the land over time with possible application in agriculture
(like the evaluation of harvesting times) or in forest monitor-
ing (e.g. control of illegal deforestation activities).

6. OUTLOOK

Batch processing and remote desktop capabilities are fun-
damental to any platform aiming at extracting insights from
massive datasets. Interactive analysis and visualization are
also essential to leverage on the increasing number and diver-
sity of the available datasets. They help users to discover new
datasets and combine them for prototyping new information
extraction workflows. In this respect, the possibility to exe-
cute arbitrary code opens an avenue for countless possibilities
and in particular has unfolded the interactive analysis and vi-
sualisation layer into a complete and powerful prototyping
environment. In addition, the code used in the interactive
mode is decoupled from the complexity of the visualisation
engine so that it can be directly used for batch processing for
which precise analysis can be performed in any desired pro-
jection. On the other hand, higher level interfaces based on
widgets are increasing the outreach and impact of geospatial
data by attracting users with no programming skills. Future
developments of the JRC Big Data Platform include the inte-
gration of machine learning in all layers of the platform while
expanding the variety of the available datasets including those
not related directly to geospatial data in support to decision
and policy making.
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ABSTRACT

Pangeo[1] is a community-driven effort for open-source big
data initially focused on the Earth System Sciences. One of
its primary goals is to enable scientists in analyzing peta-
scale datasets both on classical high-performance computing
(HPC) and on public cloud infrastructure. In only a few years,
Pangeo has grown into a very productive community collab-
orating on the development of open-source analysis tools
for science. It provides a set of example deployments based
on open-source Scientific Python packages like Jupyter[2],
Dask[3], and Xarray[4] that bring together scientists and
developer with their actual use-cases.

In this paper, we first describe Pangeo ecosystem and
community. We then present its impact on the work of scien-
tists from CNES on the HPC deployment there. We conclude
with a future outlook for Pangeo in this agency and beyond.

Index Terms— Pangeo, Dask, Jupyter, HPC, Cloud, Big
Data, Analysis, Open Source

1. PANGEO

1.1. Motivations

The science community is facing several building crises:
datasets are growing exponentially (see 1) and legacy soft-
ware tools for scientific analysis cannot handle them; a grow-
ing technology gap between the technological sophistication
of industry solutions (high) and scientific software (low); the
fragmentation of software tools and environments renders
most science research effectively unreproducible and prone
to failure.

Pangeo’s core mission is to cultivate a collaborative envi-
ronment in which the next generation of open-source analy-
sis tools for ocean, atmosphere, climate and eventually other
sciences can be developed, distributed, and sustained. These
tools must be scalable in order to meet the current and future
challenges of big data, and these solutions should leverage the
existing expertise both inside and outside of the geoscience
community.

Fig. 1. Projected NASA EOS Cloud storage[5].

1.2. Community

Rather than being controlled by a single organization, Pangeo
is a community-driven project, in the model of successful
open-source software like Linux, Python, and Jupyter. In
this spirit, all Pangeo discussions and products occur on
GitHub[6], where anyone can easily get involved in the
community. As of today, Pangeo spans a list of people
from different governmental agencies, universities, or private
companies, and from different countries (the USA, the UK,
France, Austalia to name a few). By making the collaboration
as broad as possible, Pangeo successfully leverages shared
expertise to accomplish things no institution could alone.

1.3. Technology contributions to the Scientific Python
stack

Pangeo’s software ecosystem fits directly into the Scientific
Python stack, involving packages such as Numpy, Pandas, or
Sickit-learn. Three Python software projects are at the core of
Pangeo:

• Dask is a library for parallel and distributed computing
that coordinates with Pythons existing scientific soft-
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Fig. 2. Pangeo platform main components.

ware ecosystem. In many cases, it offers users the abil-
ity to take existing workflows and quickly scale them
to much larger applications.

• Xarray is the interface for working with big datasets: it
provides a Pandas-like API for labelled n-dimensional
arrays and has backends for established and upcoming
self-describing community data file formats and access
protocols like netCDF, GeoTIFF, OPeNDAP, and Zarr.
Xarray transparently integrates Dask arrays and hence
enables users to easily scale their work to massively
parallel computations.

• Jupyter: Jupyter notebooks and Jupyter Lab enable in-
teractive computing and analysis from a web browser,
and JupyterHub adds multi-user support. Jupyter note-
books are quickly becoming the standard open-source
format for interactive computing not only in Python,
but also in languages such as Julia and R.

There are several developments that either started in or
are fueled by the Pangeo community. Modules to automat-
ically deploy Dask distributed clusters in various infrastruc-
tures are being developed: dask-kubernetes for Kubernetes
clusters and thus for the public cloud, dask-jobqueue[7] for
HPC systems using scheduler such as Slurm, PBS Pro or LSF,
and dask-yarn for YARN clusters (i.e. Hadoop). The integra-
tion of a Zarr backend in Xarray paved the way to directly
access cloud-based object storage in parallel computations.

1.4. How Pangeo compares to other solutions

Pangeo primarily offers tools and environments for interactive
or batch analysis of scientific datasets at scale. At the heart of
this sentence are the three packages mentioned above: Jupyter
for interactive, Dask for scale, Xarray (and Dask) for scien-
tific datasets. As such it can be compared to a lot of exist-
ing tools. We can think of Apache Spark, Rasdaman, SciDB,
Myria, or even more specific libraries like TensorFlow or Or-
feo ToolBox (OTB). First ones are already mentioned in a
paper about imagery analysis [8] (where they are compared
to Dask only), which gives a good first overview.

Pangeo is not another Datacube or scientific database, but
you can build one using its core packages, as the Open Data
Cube team is doing. Xarray backed by Dask allows powerful
and at scale complex data manipulation such as regridding,
datasets fusion and so one. Another demonstrated use is to
perform some Google Earth Engine like analysis using Pan-
geo [9].

Dask can be compared to Spark, but is more versatile: it
does not only handles big collections or SQL like queries,
it can also perform distributed nd-arrays operations, or any
kind of inter node multiprocessing workload using Delayed
or Future API. There has been some experiment to use Spark
for Dask/Xarray like analysis with NASA SciSpark, but it was
not really conclusive.

Dask and Xarray can be leveraged interactively from a
Jupyter notebook plugged to a compute infrastructure (e.g.
HPC or Kubernetes cluster in the Cloud). A user can make use
of the computing power with a few lines of code and perform
manipulation on tens of Terabytes of data as if handling some
Megabytes on its own laptop.

Pangeo is not a focused scientific library such as OTB or
TensorFlow. It provides more high level means to use these
domain specific modules: it could be used to provide some
ways to orchestrate complex OTB applications, or launch
them at scale over thousand of images. It could also be used
to prepare data before feeding it to TensorFlow or other Deep
Learning libraries.

1.5. Deployment

The GitHub community offers online documentation, scripts
and other tools to link them together in order to deploy a Pan-
geo platform (see 2) and put the software stack on HPC sys-
tems or in the public cloud. The main elements allowing to
build and use the platform in the cloud are a set of scripts and
documentation that allows automatically creating the neces-
sary cloud infrastructure (a Kubernetes autoscaling cluster), a
Helm-chart and associated Docker image, which heavily re-
lies on Jupyterhub solutions. This is currently available for
Google Cloud Engine (GCE), and work is underway for doc-
umenting Amazon Web Services (AWS) use. Continuous De-
ployment tooling is also used for automating new Pangeo ver-
sions deployment with Hubploy and CircleCI.

To facilitate learning and using the Pangeo software stack
at scale, there is a Binder deployment[10] enabling the live
execution of any compatible github repo (providing environ-
ment description and some example notebooks) in a single
click, on Pangeo existing Google cloud infrastructure.

1.6. Applications and data

There are already several applications documented in earth-
system sciences that can be found online[11]. These exam-
ples can be directly executed on cloud infrastructure from a
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web browser, associated datasets are also published on Pan-
geo public bucket. Other scientific domains have developed
an interest in the Pangeo approach, including Satellite im-
agery analysis [9], Astronomy or Neuroscience.

As the computational resources necessary for most of
these applications can only be met with distributed comput-
ing, the data must be in a cloud or distributed storage friendly
format, like Zarr for multi-dimensional data, Cloud optimized
Geotiff for satellite imagery, or Parquet for tabular data. See
[12] and [13] for more details on this crucial point.

2. CNES DEPLOYMENT AND USE CASES

2.1. Context and projects

The Centre National d’Etudes Spatiales (CNES) is the gov-
ernment agency responsible for shaping and implementing
France’s space policy in Europe. As such it covers a wide
range of subjects: Ariane launcher, Sciences, Earth observa-
tion, telecommunication and defense.

On the ground segment processing side, it is involved in
several Big Data projects, most of them being hosted in CNES
Data Center: one of the Gaia data processing center; Sen-
tinel product Exploitation Platform, for sharing and online
processing of Copernicus products; Surface Water and Ocean
Topography (SWOT) mission...

CNES HPC platform is also hosting a lot of other process-
ing involving remote sensing data, flight dynamics, altimetry
or other domains.

2.2. Pangeo on our HPC System

CNES main processing platform is a modestly sized High Per-
formance Computer named HAL. Its computational resources
are about 8000 Intel cores and 6PB high bandwidth storage. It
uses PBS Pro jobqueue system to schedule the load on com-
pute nodes and handle user and project resource sharing.

Pangeo platform has recently been deployed on the clus-
ter, which basically means the configuration of two main
components: a JupyterHub, and Dask through dask-jobqueue
(see 3 for a graphical overview). JupyterHub has been de-
ployed on a Virtual Machine, which has direct access to HAL
cluster through PBS commands. This allows configuring
JupyterHub Batchspawner which launches user notebooks
using PBS qsub command, alongside Wrapspwaner to be
able to select adequate system resources for launched note-
book.

CNES directly contributes to dask-jobqueue in order to
improve its usability on HAL. This Python module deploy-
ment (alike Xarray or other domain scientific library) is quite
simple as it can be done through conda or pip packaging sys-
tem. All of this is documented, and some demonstration note-
books have been shared internally.

Fig. 3. Computation in Jupyter and Dask dashboard.

2.3. From embarrassingly parallel to more complex
workflows with Dask

One important use of our cluster is to do repetitive jobs: apply
the same computation or process to several inputs, which can
for example be a list of files or a list of parameters. This is
usually done with job arrays PBS mechanism. Results are
then written into our central storage facility, and a final job
gathers and consolidates them if needed. There are three main
drawbacks to this approach:

• When scaling this mechanism to hundreds of thousands
and short (under one minute) jobs, this can lead to PBS
scheduler contention and slow responsiveness.

• This often means a lot of bash script and machinery
to chain several analysis together, leading to workflows
that are hardly readable and difficult to maintain.

• As results can be really small and are exchanged
through a centralized storage system, this also means a
lot of I/O load onto the File System and side effects for
other users.

Pangeo, mainly through Dask, gives an adequate solu-
tion to all these problems (see 4 for an example). All the
workflow, cluster creation, data management parts are han-
dled from Python code. Reservation to PBS are done using
dask-mpi or dask-jobqueue. No need to write or exchange
data through disk, all data management is done through mem-
ory or high-speed network. This allows users to analyze the
result of a simulation in the same piece of code where it has
been launched, and eventually gather only the reduced valu-
able part for later use. The result of all this is elegant and
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1 # Create cluster and scale to 8 nodes
2 from dask_jobqueue import PBSCluster
3 cluster = PBSCluster(cores=24, memory="120GB",
4 interface='ib0')
5 cluster.scale(8)
6

7 # Connect to cluster
8 from dask.distributed import Client
9 client = Client(cluster)

10

11 # Submit a function on a list of inputs
12 futures = client.map(my_costly_simulation,
13 input_params)
14 results = client.gather(futures)

Fig. 4. Embarrassingly parallel workload using Dask.

simple Python code, which can scale easily to thousands of
cores and does not stress our HPC cluster.

2.4. Surface ocean currents analysis at scale

Ifremer (Institut franais de recherche pour l’exploitation de la
mer) recently used Pangeo tools and the CNES HPC cluster
to develop and run one of their workflow. Ifremer had already
used Dask before for scientific applications[14].

Surface ocean currents from a global high resolution nu-
merical simulation are analyzed in order to compute time-
frequency kinetic energy spectra. Spectra are averaged zon-
ally in order to emphasize meridional variations of these spec-
tra. These spectra may be compared to observed estimates in
order to validate the numerical model for example. Such val-
idation are critical because these numerical simulations are
used in order to perform Observing System Simulation Ex-
periments (OSSEs) for missions that are either under devel-
opment (e.g. SWOT) or proposed (e.g. SKIM). The input
data consists of a collection of snapshots which is a layout
that does not allow computations that are global in time such
as an fft. The analysis thus starts with a rechunking of the data
into larger temporal chunks and smaller spatial ones. Spectra
are then computed and averaged in latitude bins. Each of the
latter stage leverage the distribution of existing sequential fft
code to Xarray objects via the apply ufunc method.

3. CONCLUSION

Pangeo is a powerful ecosystem which enables science at
scale on Cloud or on premise infrastructure. We encourage
every lab, government agency, or even industry players to
take a look at what it provides. The community is open and
eager to welcome new users and collaborators. At CNES,
we decided to focus on this tooling for our shared computing
infrastructure, and it is already showing its power and its ben-

efit. Ongoing work is focusing on developing more and more
use cases with Pangeo to identify where it is most useful, and
possible limits to the software stack. We are also trying to
participate actively in the community and share our vision
and needs, helping to steer the common effort in a direction
beneficial to CNES researchers.
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QUOTING AND BILLING: COMMERCIALIZATION OF BIG DATA ANALYTICS

Ingo Simonis
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ABSTRACT

Big Data processing chains working on geospatial data such
satellite imagery have been subject of research for many years
and are now being operationalized in standardized ways.
Well-defined interfaces and standardized data exchange for-
mats have been developed that make working with satellite
imagery end-user friendly. Recent advances in the standard-
ization domain even support the ’applications to the data’
paradigm that allows executing arbitrary applications close to
the physical location of the data. What was missing so far was
a smooth integration of commercial principles, such as solid
authentication and authorization, as well as quotation and
billing mechanisms. This paper outlines how the integration
of those commercial key elements can happen.

Index Terms— spatial data infrastructures, markets, stan-
dards, big data, billing, security

1. INTRODUCTION

Historically, space and more precisely earth observing satel-
lites has been an industry only space administrations could
handle. The picture is changing with more private industry
now operating their own satellites, though most of earth-
observing data is still produced by space administrations.
Nevertheless, given that prices to build and launch a satellite
into orbit have dropped from USD 200M a decade ago to
just around 200k, space becomes more accessible and with
the growing amount of data, new exploitation avenues are
opening. The data itself is becoming much more useful for
businesses and governments. In particular the recent advances
in machine learning and artificial intelligence allow develop-
ing applications that provide previously inaccessible insights
on global-scale economic, ecological, social and industrial
processes.

At the same time, the availability of cloud based storage
and processing environments and the widespread acceptance
of container technologies open new exploitation pathways.
Data does not need to be sold anymore. Computing cycles,
input/output transactions, and on-demand storage capacities
form new markets. An essential requirement for these emerg-
ing markets are robust billing and quotation, authentication
and authorization,and auditing services. These services com-
bined with new data usage principles are the cornerstones to-

wards a new era of Big Earth Observation data commercial-
ization. Data is not purchased anymore, but rented just for the
time of analysis. This approach avoids high overhead costs
for data that might be used only once before being replaced
by newer data.

The private sector with companies such as Digital Globe
has made their petabyte sized satellite data archives available
on a ”pay-per-use basis” for quite some time now. Lately,
space agencies such as ESA follow these developments by
outsourcing satellite product storage, access, and processing
to commercial cloud operators. Data that has been formally
available for purchase is now offered through a number of
commercial partners for rent. End-users now enter in con-
tracts and service level agreements with cloud operators, but
instead of downloading the data, it is rented for the time
of processing. Rental fees depend on provider and nature
of data, with more and more data offered royalty-free. In
such a case, payments are being made afterwards based on
used computing cycles or other parameters typical to cloud
environment, such as input/output transactions or temporary
storage volume, but less often on a ”per-product” basis. In
such an environment where data is offered by a multitude of
providers, where applications can be developed and offered
by third parties that barely get in contact with the end-users,
and consumers that are interested in the results produced by
the applications rather than the original satellite data, stan-
dards play an essential role. In the following, this paper
will layout a standards-based software architecture that al-
lows such a market to grow and succeed. It will identify
the various decoupled players and their respective roles, and
identify important standards and design principles that allow
a geospatial Big Data market to be successfully established.
It introduces a billing and quoting model that has been im-
plemented and tested in the recent OGC Innovation Program
initiative Testbed-14.

2. STANDARDIZED BIG DATA PROCESSING

Standardization efforts are under way that allow the ad-hoc
deployment and execution of arbitrary applications close to
the physical storage location of the data. The Open Geospa-
tial Consortium (OGC) has worked for the last two years on
a set of standards and software design principles that allow a
vendor and platform neutral secure Big Data processing ar-
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Fig. 1. High level software architecture

chitecture. Driven by requirements set by European Space
Agency and Natural Resources Canada, OGC has developed
a software architecture that decouples the data and cloud oper-
ators from earth observation data application developers and
end-consumers.

2.1. Decoupled Roles for Successful Markets

As shown in figure 1, data generated by a data production
organization is hosted and made available for access by a sec-
ond organization that operates a cloud platform. Application
developers make their products available on application mar-
kets that are used by end-users for application discovery. An
application market can be organized as an independent entity,
though in its current setup, it is rather tightly coupled to the
cloud platforms. A connection that needs to be relaxed in
future. To ensure maximal interoperability between all com-
ponents, the envisioned architecture illustrated in figure 2 is
leveraging OGC standards and has been complemented lately
with security and billing and quotation elements to further
qualify for competitive market situations.

Data producers nowadays often host their data on cloud
platforms that are physically and organizationally decoupled,
i.e. the actual hosting of the data and the provisioning of
additional cloud features is outsourced to third parties. In
our working example, ESA data is provided on cloud plat-
forms operated by Cloudferro, Vito, or Amazon. These cloud
operators generate revenue by selling cloud services on top
of the actual data. Often, download capabilities are limited
and cloud services such as deployment and execution of con-
tainerized applications are offered instead. This approach al-
lows independent application developers to generate appli-
cations that operate on the data. These applications follow
emerging OGC standards to ensure interoperability across the
various cloud platforms. In future, end-users will discover
the applications on application markets similar to the Apple’s
App store or Google’s Play market. Thanks to standards,
these applications can be deployed and executed on the var-
ious cloud platforms seamlessly. Results are made available
through standardized data access services.

Fig. 2. Detailed Architecture with ADES, EMS, and AP

2.2. Big Data Processing Architecture

The architecture, described in full detail in [1] and outlined in
figure 2, builds primarily on three emerging standards: The
application deployment and execution service (ADES), the
execution management service (EMS), and the application
package (AP) standard. All three standards have been initially
developed in OGC Innovation Program initiative Testbed-13
and are available online [2, 3]. They are currently revised in
Testbed-14, with final results expected in early 2019.

As illustrated in figure 2, the Execution Management
Service (EMS) represents the front-end to both application
developers and consumers. It makes available an OGC Web
Processing Service interface that implements the new re-
source oriented paradigm, i.e. provides a Web API that
follows REST principles (WPS v3.0). The API supports the
registration of new applications. The applications themselves
are made available by reference in the form of containerized
Docker images that are uploaded to Docker Hubs. These
hubs may be operated centrally by Docker itself, by the cloud
providers, or as private instances that only serve a very limited
set of applications. Initially developed to deploy applications
only, the EMS is now emerging into a workflow environment
that allows application developers to re-use existing applica-
tions and orchestrate them into sequential work-flows that can
be made available as new applications again. This process is
transparent to the application consumer.

The Application Package (AP) serves as the application
meta data container that describes all essential elements of an
application, such as its functionality, required satellite data,
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other auxiliary data, and input parameters to be set at execu-
tion time. The application package describes the output data
and defines mount points to allow the execution environment
to serve data to an application that is actually executed in a
secure memory space; and to allow for persistent storage of
results before a container is terminated.

The execution platform, which offers EMS functional-
ity to application developers and consumers, acts itself as a
client to the Application Deployment and Execution Services
(ADES) offered by the data storing cloud platforms. The
cloud platforms support the ad-hoc deployment and execution
of Docker images that are pulled from the Docker hubs using
the references made available in the deployment request.

Once application consumers request the execution of an
app, the exploitation platform forwards the execution request
to the processing clouds and makes final results available at
standardized interfaces again, e.g. at Web Feature Service
(WFS) or Web Coverage Service (WCS) instances. In the
case of workflows that execute a number of applications se-
quentially, the exploitation platform realizes the transport of
data from one process to the other. Upon completion, the ap-
plication consumer is provided a data access service endpoint
to retrieve the final results. All communication is established
in a web-friendly way implementing the emerging next gen-
eration of OGC services known as WPS, WFS, and WCS 3.0.

3. BILLING AND QUOTING

Currently, satellite image processing still happens to a good
extent on the physical machine of the end-user. This approach
allows the end-user to understand all processing costs upfront.
The hardware is purchased, prices per satellite product are
known in advance, and actual processing costs are defined
by the user’s time required to supervise the process. The ap-
proach is even reflected in procurement rules and policies at
most organizations that often require a number of quotes be-
fore an actual procurement is authorized.

The new approach outlined in this paper requires a com-
plete change of thinking. No hardware other than any ma-
chine with a browser, which could even be a cell phone) needs
to be purchased. Satellite imagery is not purchased or down-
loaded anymore, but rented just for the time of processing,
and the final processing costs are set by the computational re-
source requirements of the process. Thus, most of the cost
factors are hidden from the end-user, who does not neces-
sarily know if his request results in a single satellite image
process that can run on a tiny virtual machine, or a massive
amount of satellite images that are processed in parallel on a
100+ machines cluster. The currently ongoing efforts to store
Earth Observation data in Datacubes adds to the complex-
ity to estimate the actual data consumption, because the old
unit ”satellite image” is blurred with data is stored in multi-
dimensional structures not made transparent to the user. Of-
ten, it is even difficult for the cloud operator to calculate exact

costs prior to the completed execution of a process. This leads
to the difficult situation for both cloud operators that have to
calculate costs upfront, and end-users that do not want to be
negatively surprised by the final invoice for their processing
request.

3.1. Billing and Quoting Standardization Efforts

The OGC has started the integration of quoting and billing
services into the cloud processing architecture illustrated in
figure 2. The goal is to complement service interfaces and
defined resources with billing and quoting information. These
allow a user to understand upfront what costs may occur for
a given service call, and they allow execution platforms to
identify the most cost-effective cloud platform for any given
application execution request.

Quoting and Billing information has been added to the
Execution Management Service (EMS) and the Application
Deployment and Execution Service (ADES). Both services
are implemented in a web-friendly way as a Resource Ori-
ented Architecture (ROA) Web API that resembles the behav-
ior of the current transactional OGC Web Processing Service
v2.0 (this version, v.3.0, is not published yet by OGC). The
API is described as an OpenAPI v3.0.0 that allows deploy-
ing and executing new processes by sending HTTP POST re-
quest to the ”DeployProcess” operation or ”Execute” opera-
tion endpoints. Following the same pattern, it allows posting
similar requests against the Quota endpoint, which causes a
JSON response with all quote related data. The sequence di-
agram in figure 3 illustrates the workflow. A user sends an
HTTP POST request to provide an quasi-execution request to
the EMS /quotation endpoint. The EMS now uses the same
mechanism to obtain quotes from all cloud platforms that of-
fer deployment and execution for the requested application.
In case of a single application that is deployed and executed
on a single cloud only, the EMS uses the approach to identify
the most cost-efficient platform. In case of a workflow that
includes multiple applications being executed in sequence,
the EMS aggregates involved cloud platforms to generate a
quote for the full request. Identification of the most cost-
efficient execution is not straight forward in this case, as cost-
efficiency can be considered a function of processing time and
monetary costs involved. In all cases, a quote is returned to
the user. The quote model is intentionally simple. In addition
to some identification and description details, it only contains
information about its creation and expiration date, currency
and pricetag, and an optional processing time element. It
further repeats all user-defined parameters for reference and
optionally includes quotations for alternatives, e.g. at higher
costs but reduced processing time or vice versa. These can for
example include longer estimated processing times at reduced
costs.

Quotation requests resemble execution requests, i.e. con-
tain the same elements and values as if an execution would
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Fig. 3. Sequence diagram for quotes

have been requested. It is then up to the execution platform to
obtain realistic quotes. This process is platform specific and
can be implemented in multiple ways. We expect machine
learning approaches to play an important role in this context.
Platforms learn over time what costs are caused by specific
requests and can generate better quotes for future requests by
learning. The generation of a quote may not be based on cal-
culations and experiences from prior requests exclusively, but
may take business considerations into account. As cloud plat-
forms are competing with each other, a platform might be mo-
tivated to advertise its performance by providing specifically
low quotes for a limited period of time.

4. SECURITY

Reliable communication within business environments re-
quires some level of security. This includes all public in-
terfaces as well as data being secured during transport. As
shown in 4, the system uses identity providers to retrieve
access tokens that can be used in all future communication
between the application consumer, EMS, and ADES. The
authentication loop is required to handle multiple protocols
to support existing, e.g. eduGAIN [4], as well as emerging
identity federations. Once an authentication token has been
received, all future communication is handled over HTTPS
and handles authorization based on the provided access token.
Full details on the security solution are provided in [5].

5. OUTLOOK

The current setup allows requesting quotations for service re-
quests and supports sequential executed processing chains.
The quotation and billing model are both intentionally sim-
ple to be applicable to a wide range of domains. Both mod-
els feature simple extension mechanisms to address specific
needs in some communities. Further research is necessary to
develop the described approach into a core and profile model.

Fig. 4. Security overview

This model would then allow negotiating specific quote and
billing profiles at runtime. Similar mechanisms can be used to
define Service Level Agreements on the fly. Further research
is required to add Linked Data principles that would allow
making the billing and quotation model to leverage Seman-
tic Web principles and capabilties. Processing results could
receive identity, be linked to the original data and input pa-
rameter, and may serve as a valuable resource to others.
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ABSTRACT 

The market for Earth Observation data and services is 

changing dramatically. Around the world, government 

agencies and commercial companies are investing in new 

Earth Observation satellites, sometimes including large 

constellations of small satellites. The rise of Earth 

Observation satellites goes along with a massive increase in 

available data. We see a shift from traditional data delivery to 

online, cloud-driven exploitation platforms as well as a shift 

from pure data delivery to more complex services. From the 

legal perspective, the current technology and market 

developments do mostly not raise previously unknown issues. 

However, the transposition to and use within the Earth 

Observation sector raises challenges for institutional and 

commercial stakeholders. In addition, some well-known legal 

issues in Earth Observation come into new perspectives. 

Index Terms— Earth observation, online platforms, 

cloud computing, legal issues 

1. INTRODUCTION 

The market for Earth Observation (EO) data and services 

is changing dramatically. According to Euroconsult, more 

than 400 EO satellites are expected to be launched during the 

next decade, generating $35.5 billion in manufacturing 

revenues.[1] The rise of EO satellites goes along with a 

massive increase in available data. The huge amount of data 

requires novel approaches for storage, archiving, and 

distribution.  

The market for EO services is also showing positive 

developments, with average yearly growth rates of 10% or 

more. Value adding services traditionally are bespoke, 

delivered upon individual customer request in dedicated 

projects. However, the market shifts to online services with 

new business models, such as automated delivery of regular 

updates.[2] EO data and services are increasingly provided 

via the internet, through platforms with E-commerce type 

elements. To handle the massive data volumes, such 

platforms are backed with Cloud computing services. Such 

Cloud computing services are used for data storage and long-

term archiving. More and more, for handling data access and 

distribution as well as for data analytics, processing, 

visualisation and value adding. Some elaborate platforms 

comprehensively offer all such functionalities. Users do not 

have to download the data to subsequently process them 

within their own laboratories and with their own value-adding 

tools; all these processes of the value chain can now be 

handled online. 

The strong need for cloud computing services adds new 

stakeholders to the EO market. Over the last years, several 

large IT players such as Google, Amazon, T-Systems, ATOS, 

or SAP have developed special solutions for EO (or, more 

broadly, geospatial) data and services. Similar solutions are 

also being developed by major players in the geospatial 

market such as Hexagon or ESRI. These new players indicate 

that the EO market starts to move out of its relative isolation 

and becomes part of the broader geospatial, data, and 

information markets. Technology convergence goes hand in 

hand with market convergence. 

From the legal perspective, the above-described 

developments generally do not raise previously unknown 

issues. Commercial E-commerce platforms are widespread 

and show similar approaches and functionalities as the 

specialized EO platforms. Specific legal issues of such 

platforms include E-commerce, consumer rights, and e-

privacy (section 2), cloud computing (section 3), open source 

software (section 4), or liability for third-party content and 

hyperlinks (section 5). In addition, other well-known legal 

issues in EO come into new perspectives. This includes data 

policies, copyright, data licensing (section 6), personal data 

protection (section 7), standardization and interoperability 

(section 8), as well as warranty and liability for EO data 

(section 9). The following analyses of these legal issues will 

focus on EU and national laws of EU member states. 

2. E-COMMERCE, CONSUMER RIGHTS, AND E-

PRIVACY 

EO online platforms are websites accessible on the Internet 

via web-browsers. Accordingly, they must include various 

information as prescribed by relevant EU and national laws. 

Where platforms enable the purchase of data, tools and 

services, the operators of such platforms also have to comply 

with applicable E-commerce laws.[3] Where EO products 

and services are also offered to consumers, distance-selling 

laws in EU member states by virtue of the Consumer Rights 

Directive may apply. The obligations imposed by the 

previously mentioned legal frameworks apply both to the 

operators of the EO platforms and to any third party offering 

EO data, tools, and services on such platform. This is 

especially relevant for EO platforms with marketplace 

functionalities, where commercial providers can set up their 

own web-stores on the platform for are value-adding products 

and services directly to their customers. 

New Challenges for Big Data

Proc. of the 2019 conference on
Big Data from Space (BiDS’19) doi:10.2760/848593

57 Munich, Germany
19–21 February 2019

http://dx.doi.org/10.2760/848593


3. CLOUD COMPUTING 

Cloud computing supports the shift from simple data 

download towards fully-fledged E-commerce type platforms 

with virtual workspaces, where data can be uploaded, 

analysed, merged, and processed with the help of software 

tools. The applicable EU and national legal frameworks for 

Cloud computing are complex. Cloud computing raises 

numerous legal challenges, including data ownership, data 

security, data protection, storage location, portability, 

performance obligations, warranty, and risk of provider lock-

in. Concerns regarding these issues are still hampering the 

wide use of cloud computing in Europe, especially by public 

authorities. Contracts for cloud computing services need to 

cover these issues. While best practices exist, and certain 

harmonization work is undertaken, terms and conditions of 

Cloud computing services contracts strongly differ.[4] 

Generally, contractual obligations must be flexible enough to 

cope with technology advances, emerging threats, and 

changing requirements. 

4. OPEN SOURCE SOFTWARE 

Open source software (OSS) is increasingly employed in 

EO for processing and value adding of EO data, in order to 

save development and maintenance costs for the individual 

users, avoids lock-in situations with the original creator(s), 

facilitates rapid evolution, and encourages reuse.[5] 

However, the use of OSS may also involve certain 

drawbacks, mostly caused by a lack of awareness by both 

developers and users of the characteristics of open source, 

applicable license conditions, and resulting legal 

implications.  

Many users of OSS assume that such software can be 

used without restrictions. However, OSS is copyright 

protected and the term “open” itself does not have the 

meaning of “unconditional.” OSS is subject to license terms, 

which have to be accepted by the user. Without such 

acceptance, the use of OSS is prohibited. License conditions 

typically impose so-called copyleft or share-alike regimes 

and stipulate exclusions of warranty and/or limitations of 

liability. The various open source licenses however differ 

from each other in many ways. Some open source licenses 

limit free use and, for example, exclude the right to amend 

the software for commercial purposes, while other open 

source licenses do not limit the use of the software at all. 

Some licenses have a strict copyleft regime (allowing the user 

only to distribute derivative works under the very same 

license), while other licenses use the “share-alike” approach 

(allowing the distribution also under a “compatible” license). 

5. LIABILITY FOR THIRD PARTY CONTENT AND 

HYPERLINKS 

EO online platforms with marketplace functionalities 

provide content of the different service providers present on 

the platforms. The question thus arises whether and to what 

extent the operators of such platforms – so called 

intermediaries – can be held liable for the third-party content. 

As a rule, intermediaries are exempt from liability for third 

party content, have no general obligation to monitor such 

content, and have no general obligation to seek circumstances 

indicating illegal activities. In practice, so-called “notice and 

take-down” procedures are applied, meaning that operators of 

an online marketplace have to remove infringing offers upon 

receipt of corresponding notifications by right owners. 

As with every website, EO online platforms may provide 

hyperlinks, some of which are to third party online services 

and some of which are for advertisements. The responsibility 

of the platform operator for such hyperlinks is of particular 

concern for matters such as third-party intellectual property 

rights (IPR) and personal data protection. According to recent 

jurisprudence of the ECJ,[6] the operator of a website who 

does not pursue a profit can generally not be held responsible 

if the linked website contains works published without the 

consent of the rightsholder, except when it is established that 

the operator knew or ought to have known that the hyperlink 

he posted provides access to such illegal content. When a 

website is operated for profit, the operator that posts a 

hyperlink is, according to the ECJ, under the obligation to 

carry out the necessary checks to ensure that the hyperlinks 

do not provide access to “illegal” content. Up to now, the 

scope and content of this obligation is rather ambiguous. 

6. DATA POLICIES, COPYRIGHT AND LICENSES 

There is a general trend for public EO data to be provided 

under open data policies. These policies, however, differ 

significantly in approach, definitions, scope, and content. 

This does not cause that many difficulties, as long as the user 

is accessing one particular data set from one supplier. On EO 

online platforms, users however combine datasets from 

multiple suppliers – each of which may apply its own data 

policies.  

Data policies generally establish that the mission operator 

(or data owner, if separate) retains ownership of the relevant 

data. Furthermore, data policies usually state that the mission 

owner holds the relevant intellectual property rights, namely 

copyright. Copyright laws generally require intellectual 

creation with a minimum level of originality. Accordingly, 

automatically generated data such as raw data from EO 

satellites are generally not protected under copyright laws. In 

addition, processing and value adding steps are now 

increasingly run by automated software applications. The 

trend of automatization will accelerate with cloud-based 

platforms providing virtual workspaces. Whether or not 

processed data and final products are still copyright protected 

under the applicable law therefore requires individual 

evaluation, leaving significant uncertainties for the data 

owners.[7] 

Licenses are the instruments for implementing applicable 

data policies. As copyright protection is increasingly 

questioned also for processed data and final products, 
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effective license management through the whole distribution 

chain becomes even more important to protect the ownership 

rights of the mission operator.  

From a user perspective, understanding, accepting, and 

observing multiple EO data licenses with divergent 

provisions is generally challenging. The existence of multiple 

data licenses then becomes a critical issue, when data sets 

from numerous sources are to be merged and processed 

towards final products or services. 

7. PERSONAL DATA PROTECTION 

Objectively, EO data per se are not very sensitive regarding 

personal data. The most advanced commercial imaging 

sensors provide a spatial resolution of around 30 cm 

(WorldView-3 image data from DigitalGlobe). With such 

resolution, it is not possible to directly identify an individual 

person from space. Due to the high speed of low-orbiting 

satellites, a specific scene can only be captured for a short 

time – it takes then at least one orbit until revisit. Therefore, 

it is not (yet) possible to “track” movements of individuals in 

real-time. However, high-resolution optical data, depending 

on their spatial resolution, may have the same quality as aerial 

photography and therefore may raise respective privacy 

issues. In addition, EO data may be combined with other data 

sets and then may raise privacy concerns, even if the raw or 

pre-processed data itself do not.[8]  

Even if EO data can be considered personal data, the 

lawfulness of its processing in general depends on the 

purpose of such processing. For example, while the 

processing of personal data for the purpose of contract 

management can be considered lawful, the processing of the 

very same data for the purposes of personalised advertising 

may be unlawful (without the data subject’s prior consent). 

Accordingly, the lawfulness of the processing of personal 

data in the context of EO services has to be reviewed on a 

case-by-case basis. For EO online platforms, platform 

operators need to comply with the applicable personal data 

protection laws, when processing user data for registration, 

identity checks, and user account management. 

8. STANDARDIZATION AND INTEROPERABILITY 

Data do not exist in a vacuum. To be useful, data must be 

accompanied by context on how they are generated, captured, 

calibrated, processed, and validated along with other 

information that enables their proper interpretation and use. 

Users require a solid foundation of such contextual 

information in order to verify data validity, accuracy, and 

reliability. This is vital for the creation of accurate value 

adding products and services. Appropriate technical and 

normative approaches are required to identify, capture, and 

track all necessary details to this end. In practical terms, this 

means that the metadata and further contextual information 

describing all the steps in the chain have to be made available 

in transparent way, so that users can easily check them. 

Compliance with recognized standards and interoperability 

across the different data sources play important roles in this 

respect. This will become even more important for EO 

products and services merged from several data sources. 

Today, there is however only partial convergence on standard 

ways of holding and transferring EO and other geospatial data 

and information.  

The variety of standards for EO data provide a technical 

challenge to users. But there are also legal implications, 

namely regarding warranty and liability of the data provider. 

In case users do not have access to metadata and necessary 

contextual information, they may come to wrong 

expectations or interpretations regarding the validity or 

accuracy of the data, leading to wrongful conclusions and 

resulting actions. The same applies, when the metadata and 

information is incomplete, outdated, or inaccurate. Users (or 

third parties) may base claims on the data provider´s breach 

of professional duty of care. 

9. WARRANTY AND LIABILITY 

The provision of EO data, as with geospatial data more 

generally, is faced with uncertainties regarding warranty and 

liability risks. So far, liability claims by users or third parties 

have been rare. The few known cases around the world 

mostly relate to aeronautical or maritime charts or to 

traditional maps and do not create sufficient precedence. 

However, a broader perspective into the geospatial sector 

shows the relevance of the matter; advances in technologies 

for data dissemination and new business models indicate 

increasing risks for the future.  

Far-reaching limitations or even exclusions of warranty 

and liability for EO data are still standard, both for public and 

commercial data. At best, the data provider commits to repair 

or replace defective data sets upon notice by the user. Further, 

license conditions aim to protect from liability claims for 

damage arising in relation to the use of the data, sometimes 

including infringement of third party IPR.[9]  

As to now, users seem to accept the exclusions/limitations of 

warranty and liability in data licenses. However, three 

considerations justify prudence regarding future 

developments. First, there is a general trend in the EO sector 

to move from licenses for the provision of individual data 

towards more comprehensive EO services contracts. While 

limitations of warranty and liability may be regarded as 

appropriate for individual data (especially where provided 

free of charge), this is not the case for the provision of EO 

services. Second, the EO sector becomes more and more part 

of the broader geospatial and ICT sectors. As convergence 

continues, the attitude and practice regarding warranty and 

liability may change. Finally, far reaching exclusions of 

warranty and liability may hinder the growth of the 

commercial EO market. Customers will more and more 

expect warranty for products delivered, as well as 

performance obligations for services provided. Value adding 

providers however have often no possibility of taking 
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recourse against the input data providers due to respective 

license terms. 

10. CONCLUSIONS 

The evolution of the EO market changes the legal 

framework considerably. Following technical convergence 

and the growing advent of online services, EO becomes part 

of the larger data and digital economy. Consequently, 

relevant legal issues fall under IT law much more than under 

international or national space law. The issues are not 

necessarily new; the challenge is how to apply existing 

regulations and best practices from the IT to the EO market. 

In addition, it might be required to rethink some of the 

heritage legal issues in EO. As described, the growing 

automatization in data acquisition, processing and value 

adding reduces the availability of copyright protection under 

the applicable law. However, individual licenses hinder the 

use and merger of data from multiple sources. Data 

interoperability requires more harmonized licensing 

conditions. The growing combination of EO data with other 

data sets may raise privacy concerns. The shift from data 

supply to service contracts will likely change the approach 

regarding limitations of warranty and liability. Public as well 

as commercial satellite operators, data distributors, platform 

providers, and value adding service companies all have to 

find reliable answers to these issues. 
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ABSTRACT 

The purpose of Ecosystem Natural Capital Accounts (ENCA) is to 

measure the impact of economic activities on ecosystems structures 

and functions and the sustainability of resource/services that they 

provide with the purpose of completing current accounting 

standards where ecosystem degradation recording is absent. 

Ecosystem accounts supplement “carbon” accounting with land, 

biodiversity and water accounts. They are tools needed for 

implementing ecosystem stewardship policies and practices. The 

spectacular progress of Earth observation by satellites, of in situ 

monitoring, of GIS and data analysis tools, of cloud computing and 

the access to Big Data, make it possible to implement swiftly the 

multi-scale and multi-actors information system needed. Whereas 

implementation by governments and business will follow various 

processes, ENCA can be undertaken NOW at the global scale with 

existing capacities. This first step would put 

biodiversity/ecosystem policies on par with climate change. 

 

Index Terms — Ecosystem Accounting, Biodiversity, 

Ecological Value, Intermediation Platforms 

1. INTRODUCTION 

Our neglect of the natural systems that directly and indirectly 

provide for our livelihoods results in the depletion of material 

resources and in the alteration of the functions that permit their 

renewal, and consequently, our life on Earth. This finding is 

renewed year after year, through warnings from the IPCC on 

climate, from the Global Footprint Network on the inexorable use 

of natural resources or from the WWF and IUCN on the collapse of 

biodiversity. But few solutions are drawn from these observations 

that match the magnitude of the ecosystem stewardship challenge 

that we face.  

 

The problem results more from the absence of an agreed metric 

for ecosystem and biodiversity than from a misunderstanding of 

the issue itself. Whereas economic capital depreciation is recorded 

as a cost and included in the value of commodities, no such 

recording is done for the ecosystem capital, which allows short-

term benefits for producers and consumers.  Indeed, ecosystem 

degradation results from unpaid externalities by economic agents 

behaving as free riders of the common good. There are growing 

concerns that these benefits are offset in the longer term by 

ecological losses as well as by financial losses. Tackling with this 

matter requires a standard metric for measuring ecosystem 

degradation, fostering integration of measurements into accounting 

reports of all actors and verifying the compliance, from 

governments and companies. To support this purpose, the 

Convention on Biological Diversity has published in 2014 a 

technical report on Ecosystem Natural Capital Accounting – A 

Quick Stat Package (ENCA-QSP) [1] which includes an integrated 

framework and a measurement unit for representing intrinsic 

ecological values. ENCA builds on decades of reflections but tests 

were constrained by gaps in data or technological shortcomings, a 

situation which has radically changed in the last decade.  

2. ACCOUNTING FOR ECOLOGICAL VALUES 

Book-keeping is the way to keep track of the multitude of facts 

with the joint purpose of control and performance assessment. 

Accounts record transactions and assets in an exhaustive way in 

order to calculate meaningful balancing items such as Operating 

Surplus, Profits and Losses, Assets Net Worth, or Value Added 

and Gross Domestic Product. Accounts are used for internal 

planning, but also as communication tools (with, in particular, 

shareholders, tax department, banks, auditors and, regarding the 

National Accounts, with the Parliament and international 

organizations such as the IMF, the World Bank and, for Europe, 

the European Commission…). Particulaly for the latter purposes, 

accounting standards are needed. For businesses, there are 

internationally agreed financial accounting standards. For 

countries, there is  the UN System of National Accounts.  

 

Important to note at that stage is that the meaningfulness and 

fairness of accounts relies on the completeness of accounting 

books records.  Any missing (positive or negative) entries can  

result in misleading or even fake results, which is frequently a 

matter for arbitration by courts. A particularly  important issue 

regarding completeness of accounts relates to the deferred 

consumption of capital goods which is spread over time. This is 

recorded in financial accounts as capital depreciation and in 

National Accounts as its equivalent of Consumption of Fixed 

Capital. It is deducted from companies’ revenues and from 

countries’ GDP to calculate income.  

 

However, no such recording is done for the consumption of 

ecosystem capital by economic activities when they degrade the 

condition of ecosystems. This incompleteness of accounting 

standards generates doubts regarding the relevance of conventional 

accounts for decision making, starting with the recurrent criticism 

of the Gross Domestic Product aggregate.  Implementing 

economic-environmental accounts therefore has been undertaken 

as a request of the 1992 Rio Earth Summit, firstly as a statistical 

project aimed at completing the national accounts. More recently, 

initiatives have multiplied from the business side considering the 

financial risks taken by companies  from activities that impact the 

Natural Capital, and by the financial institutions which are funding 

them. 
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3. MULTIPLE AND DIVERSIFIED DATA A

KNOWLEDGE FOR A COMMON PURPOSE

Because of the importance of global markets and

with  global issues like climate change, biodiversity collapse, 

food security, ecosystem capital degradation cannot be addressed 

only by public policies,  but should involve business

multinational companies to farmers) and the citizen

Integrating the environmental factor in decision making requires 

conveying knowledge to decision makers in a format which 

matches their usual tools, considering the appropriate scales

Ecosystem natural capital accounts aim at being

different scales from the global to the national, local and business 

levels.  

 

Ecosystem accounts integration must face the issue of complexity 

of the natural world, which means that aggregated accounts cannot 

be simply produced by adding up elementary accounts

way as is done in the economic sphere. The production and update 

of the information system should go beyond the usual vision of 

top-down and bottom-up processes and encompass the many 

bottom-bottom data and knowledge flows generated by the many 

practices. This is made possible by the development of 

intermediation platforms (Figure 1) which give access to large and 

frequently updated datasets (from Earth observation by satellite 

and in situ monitoring), high resolution data specific to particular 

contexts, geo-referenced statistics and advanced processing tools 

for data extraction and modelling. 

 

  

Fig. 1 Intermediation platform(s) for ecosystem accounting

 

Data platforms and “ecosystems” involving people, enterprises and 

institutions can contribute to the information system needed 

natural ecosystems conservation. “Platforms create ecosystems in 

which both users and economic players take a role

2014) [2]. “…platforms also hold fantastic potential for meeting 

one of society’s most important challenges, the more frugal use of 

resources.” [2] 

 

At the Global scale, accounts are necessary

development’s sustainability, the regions and countries at risk, 

the needs for international action. Accounts can be used 

the efficiency of existing policies and help to 

effects or “leakages” due to predatory behaviors
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It is therefore not a surprise that progress in ecosystem accounting 

is being made in parallel to that of earth observation by satellite 

and of geo-referenced in situ monitoring systems. Internet and the 

development of Big Data bring now a new wealth of opportunities 

to access micro-data and use AI algorithms to extract data needed 

for ecosystem accounting at the various scales. These technological 

advancement are particularly relevant for ecosystem capital 

accounting, which combines measurements of quantities of natural 

resources (in hectares, tons of carbon, m3 of water) with diagnosis 

of ecosystem health. Knowledge transfers are accelerating from the 

fast development of Big Data and AI applications in other realms, 

such as human health diagnoses.  

 

This progress should be seen as an enhancement, not as a 

replacement to other, more traditional, data sources. It is beyond 

the scope of this paper to address cautions and critics of  big data 

that are commonly formulated by statisticians and other scientists. 

They relate to incompleteness, instability, and insufficient 

validation, uncertainty of access in particular in the case of private 

databases and to the dependency of algorithmic extraction results 

from the contextual elements of the observed variables.  The rapid 

progress of development of  big data methods is quickly making 

such discussion  obsolete. The question that remains, however,  is 

what are the crucial  policy questions and outcomes that  use of big 

data will  influence?  

 

Big data does not provide specific social objectives for policy, big 

data is a tool for providing evidence to help to monitor and  

achieve common objectives. For Ecosystem Natural Capital 

Accounting, the expected contribution is the measurement of 

ecosystem degradation (or enhancement) with an agreed standard 

metrics and with a view for  integrating this factor into accounts 

and accounts-based decision making at all relevant scales. Big data 

does not help to determine the structure of accounts, which instead 

must be based on social consensus on targets and on the meaning 

of  ecological value. Another contribution of ENCA is the 

systematic definition and mapping of data of spatial units for which 

assessments should be done.  

 

Beyond the difficulties of assessing one’s environment from the 

micro perspective already mentioned, another  important point to 

consider is cost-efficiency. Not every situation demands high 

resolution real-time assessment. For a very large part of the planet, 

remote sensing is fit for delivering the broad picture, detecting hot-

spots and, jointly through regular monitoring (e.g. meteo, 

hydrology) and statistics (e.g. population, agriculture), for 

describing the context for appropriate understanding and action.  

 

As with global warming mitigation, ecosystem sustainable 

management requires a commitment of the whole international 

community.  In the process of reaching this goal, equity and 

fairness are important factors, which means that accounts are 

needed for verification and  for assessing the  liabilities of others, 

with their consequences in terms of production costs and financial 

risks.  

 

Models are based on assumptions that reflect, to some extent, the 

vision of the modeler. Statistics can be biased by a surveyors’ and 

a respondents’ understanding of the questions considering the 

purpose of the survey. Sampling patterns themselves can be biased 

due to short term or local priorities. Algorithmic extraction 

generates secondary data and services from primary data sets 

which are often,  in principle, targeted to different purposes, noting 

the multifaceted social demands for new services required to run 

new business models. In all these cases, the combination of diverse 

data sources is the best response, The neutrality of pixelated 

images collected from satellites, the exhaustiveness and 

repetitiveness of products and the capacity to re-process long series 

of data,  all contribute to key and growing  role of  earth 

observation by satellite to the development of  a measurement  

frame with consistency across  systems.  

5. ECONOMIC ACTORS, PEOPLE, INSTITUTIONS, 

PLATFORMS 

 

Sustainable ecological management of the planet is not the mere 

policy target of public institutions, but a goal which requires the 

involvement of everyone. It means that behaviors of free-riders of 

the common good must change, and social systems must migrate 

from short term views and  ignorance of consequences to ecolocial 

systems. We should also consider the extreme vulnerability of 

populations exposed to natural disasters and who survive 

precariously  at the limit of ecosystem degradation. Public policies 

are essential, but cannot face the task alone. Public policies can 

promote a paradigm change and design regulations and take 

measures, but in every case they need active participation of the 

society for the transition to happen.  

 

In particular, private enterprises need to adapt their business 

models to integrating ecosystem depreciation in their costs [3]. For 

the enterprises, this is within their own self-interest so far as it can 

help reduce financial risks and associated costs in the longer term 

and so far as it offers new business opportunities. Without 

engaging into fragile forward looking, it seems obvious that the 

implementation of ecosystem accounting standards will require 

important development of expertise regarding sustainable practices 

for scientific monitoring and assessment as well as ecological 

balance-sheet bookkeeping and the derived financial rating 

activities. Beyond scientific consulting, providing access to 

relevant information on ecosystem degradation embedded in 

commodities is a business which is critical and will certainly 

develop alongside the many applications informing on healthy 

products. Last but not least, ecosystem protection and restoration 

will generate investments and induce technological change which 

will stimulate business development.   

 

Regarding the public institutions, statistical offices, environmental 

agencies, meteorological offices, and,  more generally, research 

and in particular space agencies are interested and in a position to 

play a crucial role for ecosystem accounting.  

 

The national statistical offices have played an important role in 

early developments of environmental accounting in the 1970s-80s,  

with the purpose of broadening the scope of national accounts and 

macro-economic policy tools to take the environment into account 

(Weber, 2018) [4] . The main outcome of the process is the UN 

System is the System of environmental-economic accounting 2012: 

Central framework (SEEA CF, 2014) [5]  and the SEEA 

Experimental Ecosystem Accounting (SEEA EEA, 2014) [6]. 

Offical statistical offices are important stakeholders but few of 

them are presently in a position to take on ecosystem accounting, 

with  exceptions, including Brazil and Mexico where statistics and 

geography are merged in a single institute. International statistical 

New Challenges for Big Data

Proc. of the 2019 conference on
Big Data from Space (BiDS’19) doi:10.2760/848593

63 Munich, Germany
19–21 February 2019

http://dx.doi.org/10.2760/848593


institutions such as UN Statistical Division, UN Environment and 

Eurostat broadly have limited data processing capacity for 

ecosystem issues, an exception being FAO regarding agriculture, 

fishery, forestry and water statistics which broadly cover 

ecosystem issues.  

 

The environmental agencies have considerably developed 

monitoring networks at the national scale. At the international and 

European levels, their activity is mainly to collect data from 

countries on the one hand and to carry out analysis and 

assessments from these.  

 

Meteorological offices have played a key role in the Climate 

change process and have tremendously developed their observation 

tools and models, which makes them essential in the ecosystem 

accounting project regarding the variables that they monitor. 

 

The research sector is of course a key player as ecosystem accounts 

include diagnoses of ecosystem health and resilience based on 

expert judgments which go beyond the datasets used for 

accounting.   

 

Space agencies have a unique position where scientific knowledge 

meets industrial culture. They have a key role to play in the 

operational development of ecosystem accounting as they master 

new earth observation data sources and now have robust 

experience with  managing large datasets and delivering services 

with space and time consistency. In Europe, major initiatives are 

the ESA Climate Change Initiative and the experimentation of 

Mission and Thematic Exploitation Platforms (Coastal, Forestry, 

Food Security, Geohazards, Hydrology, Polar and Urban) linked to 

the development of Copernicus thematic (Europe and Global Land 

services, Atmosphere, Climate Change, Marine and Emergency) 

and Data and Information Access Services (DIAS) platforms. This 

core system is part of a broader (data) ecosystem within Europe 

and interacts with research projects, either institutional (e.g. at the 

EEA and the JRC) or academic (for example, the SMURBS 

research, SMart URBan Solutions), and international (through 

GEO/GEOSS and bilateral cooperation).  

6. TOWARDS A GLOBAL ENCA (GLOBENCA) 

Ecosystem Natural Capital Accounting (ENCA) requires the broad 

and fast development of platforms and services. Regarding the 

national to local and enterprise levels, these platforms will play 

important role to connect scientific to operational knowledge. The 

integration of the ecosystem degradation variable into accounts 

will have effects on the economic activity in terms of resource use, 

estimation of ecosystem depreciation, integration of financial risks, 

and  hence on quantities and prices of traded goods and services. 

Hence, issues of comparability of the measurements, 

methodological stability over time and verification are key for 

social acceptance of the new standard. This is a domain where 

earth observation by satellite has a key role to play.  

 

The role of Europe in this progress is considerable, on the policy 

ground as well as through ambitious programmes such as 

ENVISAT, the Sentinel satellites or the CCI at ESA and the related 

COPERNICUS services.  

 

Concerns on biodiversity collapse and ecosystem degradation are 

increasing. They cannot be addressed using only global models and 

economic sector data. Instead, biodiversity/ecosystem assessment 

requires spatially distributed data from the very beginning. The 

experience, processing and modeling capacity and the data 

accumulated makes it possible to produce a first generation of 

ecosystem natural capital accounts for the Planet at a scale 

meaningful to set the frame and propose a new paradigm for 

discussion at the next CBD COP 15 in Beijing, in the last quarter 

of 2020. The Beijing CBD COP 15 will take stock of the progress 

towards the Aichi Targets of 2010, including Target 2 of 

incorporation of biodiversity values into management systems 

including the national accounts. A first generation of simplified 

accounts could be established for 2 or 3 dates by countries, socio-

ecological landscape units, and river catchments. They would be 

computed using data assimilated into the 1km2 grid according to 

the ENCA Quick Start Package [1] methodology. 

 

This application would not be simply one more ecological 

assesment case study,  but as the first step in a process which will 

progressively involve countries and economic actors to multi-scale 

global ecological accounting and progress towards ecosystem 

sustainable stewardship. It could put biodiversity/ecosystem 

challenges on par with climate change.  
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ABSTRACT 

Data cubes seem to be a promising methodological 

development to deal with the big EO data challenge. The 

Sentinel-2 Semantic Data Cube Austria (Sen2Cube.at) goes 

beyond the current state-of-the-art and aims to build an 

Austrian data & information cube. The main goal is to show 

that semantic content-based image and information retrieval 

is possible in big EO image databases, allowing users to query 

and analyse EO data on a higher semantic level (i.e. based on 

at least basic land cover units and encoded ontologies). This 

includes: (1) fully automatic semantic enrichment of 

Sentinel-2 images up to land cover types ready for semantic 

content-based analysis; (2) the use of suitable database 

technologies to develop spatio-temporal modelling and 

querying techniques using encoded ontologies to decrease the 

complexity of queries for user interaction; (3) a Web interface 

for human-like queries based on semantic models of the 

spatio-temporal 4D physical-world domain; and (4) the 

demonstration of the potential of the generic data & 

information cube in future service developments based on  

different service types. 

Index Terms— Earth observation (EO) images, big 

Earth data, semantic querying, information cube, semantic 

enrichment, content-based image retrieval, analysis-ready-

data, remote sensing, Sentinel-2 

1. INTRODUCTION 

The Sentinel-2 satellites are specifically designed to deliver 

high-resolution (HR) imagery as a key information source for 

the European Copernicus programme. The Sentinel 

constellation collects significantly more data than any 

comparable existing or past initiative. Each of the two 

Copernicus Sentinel-2 satellites produces more than 1.7 

Terabyte (Tb) of data per day, depending on the processing 

level. This translates to the acquisition of several hundred 

scenes every day. At the time of writing, nearly 6 million 

products are available for download, cumulating in a total 

volume of 3.1 Petabytes [1]. The general information 

potential of Sentinel-2 data is enormous. However, the 

greatest challenge of Earth observation (EO) big data 

analytics is to produce timely, operational and comprehensive 

EO value-adding information products and services from 

available EO big data systematically and automatically 

(without human machine-interaction). 

While the sheer amount of data is the main challenge for 

most big data domains, satellite data requires additional 

interpretation or conversion into information layers in order 

to unlock its potential as a source of relevant multi-temporal, 

geographic information. Addressing this challenge requires 

intelligent solutions for machine-based data interpretation 

and efficient cloud infrastructure for fast access and 

processing of data. 

Several big data initiatives in the EO domain have been 

established in Europe and internationally. These include 

funded and institutional projects (e.g. Copernicus Data and 

Information Access Services (DIAS)), private (e.g. Google 

Earth Engine (GEE), Amazon Web-service), and national 

initiatives (e.g. Code:DE, PEPS). Next to analytically 

oriented solutions such as GEE [2], data cube-based systems 

currently seem to be the most prevalent way to provide 

processing capabilities together with analysis-ready-data 

(ARD). Particularly relevant examples are EarthServer-2 and 

Digital Earth Australia (DEA), which includes the emerging 

Open Data Cube (ODC) initiative [3], [4]. 

EO data cube technology is closely linked to the term 

ARD, which usually defines a minimal set of steps for pre-

processing to surface reflectance as a pre-requisite for 

automated EO data processing through time (see e.g. ARD 

description from CEOS CARD4L [5]). The aim of ARD is 

the provision of data in a form that can be directly used as 

input for analysis without requiring the downstream sector to 

accomplish any EO format transformation or data pre-

processing step. 

Radiometric calibration (Cal) of dimensionless digital 

numbers (DNs) into surface reflectance values, corrected for 

atmospheric, topographic and adjacency effects, is inherently 

ill-posed (data alone are not sufficient to uniquely solve the 

problem). A generic, application-independent scene 

classification map (SCM) better poses calibration on a class-

conditional (i.e. masked, stratified) basis. Applications such 

as compositing/mosaicking or time-series analysis benefit 

from radiometrically calibrated EO image stacked with its 

data-derived SCM by using information contained in the 

images rather than using reiterative algorithms for every new 

analysis task. For example, systematic SCM generation 

enables semantic content-based image retrieval (SCBIR), 

where high-level (symbolic, semantic) information contained 

in each EO image can guide an intuitive image retrieval 

process. In practice, SCBIR is complementary to traditional 

text-based image queries limited to pre-defined metadata 
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tags, such as scene-wide statistics (quality layers), like in 

current EO data access portals.  

Considering these points of reference, our approach goes 

beyond state-of-the-art ARD and the use of data cubes solely 

as data storage by incorporating semantic enrichment (i.e. 

initial, data-driven information extraction). We aim for a 

generic, semantic EO data cube concept driven by automated 

integration of optical EO data and automatic semantic 

enrichment in contrast to application-driven enrichment (e.g. 

forest application, crop cycles, specific composites etc.). This 

generic concept enables diverse queries and analysis 

possibilities directly within data cubes, including semantic 

queries for replicable extraction of EO-based indicators from 

big EO data. Table 1 shows a comparison of current solutions 

and our approach.  

2. METHODS 

The major challenge for big EO data is systematically 

producing relevant information from EO scenes available in 

archives, which remains unsolved by the EO community. 

Current systems are limited to specific user interactions (e.g. 

download), characterised by low re-usability of tools and 

algorithms [6] or provide only limited image understanding 

capabilities [7]. We have characterised three means to 

approach this challenge: (1) available and accessible ARD 

and information in compliance with the foundational 

principles of Findability, Accessibility, Interoperability, and 

Reusability (FAIR) applied to data, information products and 

information processes [8]; (2) suitable and reliable (accurate, 

efficient, robust) tools and services; and (3) comprehensive 

user interaction and portrayal of user-defined results.  

Based on existing proof-of-concept implementations [7], 

[9], [10], Sen2Cube.at will evaluate and scale automated 

semantic enrichment of free and open Sentinel-2 data up to a 

big EO image database covering Austria, building an 

Austrian data & information cube. This project follows a 

novel and entirely different approach to accessing big Earth 

observation (EO) image databases, allowing SCBIR and 

information retrieval through time. The spatial-temporal 

query capabilities facilitate searches directly related to the 

scene content or content dynamics, such as changes to any 

primary land cover category of interest (e.g. water bodies) in 

a user-specified area-of-interest (AOI) through time. The 

overarching methodological steps encompass: 

 

• automatic semantic enrichment 

• selection of data cube technology 

• development of a Web-based inference engine 

• demo services and evaluation 

 

Perhaps the most crucial step is employing reliable, 

repeatable, automatic semantic enrichment of Sentinel-2 

images. This is a pre-requisite for any SCBIR system, and is 

the main innovative difference to any other EO data cube to 

date. A combination of pre-classifications using SIAM 

(Satellite Image Automatic Mapper; [11], [12]) together with 

object delineation and texture information aims to reach the 

goal of a basic, fully automatic classification for Sentinel-2 

images inferior or up to basic land cover classes (e.g. up to 

FAO LCCS Phase 1 - Dichotomous Phase). Interoperable 

SCMs whose thematic map legend is consistent across space-

time and EO imaging sensors is the basis for human-like 

query development in big image databases. Other free and 

open ancillary datasets, such as a digital elevation model 

(DEM), can provide additional evidence if incorporated. For 

example, a DEM allows explicitly querying the phenology of 

alpine flora or distinguishing between mountain lakes and 

non-mountain lakes. 

 
Table 1: Feature-matrix for different approaches of storing and 

processing EO images 

 

 
 

Multiple data cube technologies exist, and evaluating 

and selecting one that is suitable and adaptable to specific 

requirements and semantic queries of EO data is critical. This 

concept extends state-of-the-art technology to provide a 

single, integrated information space to store data together 

with information (see Figure 1). Users are able to conduct 

semantic queries directly in the data and information cube, 

rather than simply searching for EO imagery based on 

metadata information exclusively. Performance and scaling 

tests are being conducted concurrently to the data cube design 

and will demonstrate that the user requirements can be met.  

Designing a Web-based inference engine for different 

user scenarios is necessary because the data and information 

cube contains generic semantic enrichment suitable for 

multiple domains. This graphical inference engine is intended 

to produce new information without imposing unnecessary 

restrictions on what is possible using a user-friendly graphical 
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user interface (GUI). Users will be able to utilise the GUI to 

augment a knowledge base by means of designing semantic, 

domain-specific models. Initial models for different usage 

scenarios will be designed and tested with Sentinel-2 images 

of Austria plus additional available free and open geo-data 

(e.g. a DEM), but are in general sensor- and geography-

independent, which fosters reproducibility and potential 

transferability to other initiatives outside Austria and other 

optical sensors. 

 

 
Figure 1: Automatically generated information layers will be 

linked with the Sentinel-2 data ready for spatio-temporal 

semantic queries in user-defined AOIs (from [7]) 

 

The generic data & information cube concept presented 

here allows for the development of completely different 

demo services, addressing a multitude of user needs. This is 

possible by means of the previously mentioned GUI, which 

gives different users, experts and the public the possibility to 

augment the knowledge base depending on their knowledge 

or specific application domain (see feature-matrix in Table 

1). Additional proof-of-concept services to be developed will 

be defined by the users involved in the project, but also for 

generic use-cases of interest to the broader public (e.g. cloud 

free mosaic generation for specified time spans, semantic 

content-based image retrieval in user defined AOIs). These 

services will be evaluated based on their performance 

(quantitative and qualitative) together with the Austrian 

semantic data & information cube. 

3. FIRST EXPERIENCES AND OUTLOOK  

Even though the main use of EO data cubes up to now has 

been as a storage engine for accessing ARD, a data and 

information cube leverages each scene’s semantic enrichment 

together with the reflectance values and additional data (e.g. 

DEM). Incorporating information creates an integrated data 

management system that provides methods for accessing, 

analysing and writing data. The data cube becomes a central 

part of an expert system as a fact base rather than mere 

storage. The fact base is constantly and incrementally 

augmented by the provision of new data and virtual or actual 

information layers that are derived using the user’s expert 

knowledge. 

When queries are made possible directly in a data cube 

there is a definite increase in input/output (IO) demand in 

comparison to when it is being used solely for data storage 

and access. To cope with this increased IO demand the project 

will evaluate the state-of-the-art data cube technologies such 

as rasdaman [13] and the ODC and how they handle different 

queries, whether prioritising spatial, temporal, both, neither 

or other aspects. One of these aspects is that semantic queries 

are not conceptually limited to pixel-based evaluation, but 

may require object-based or spatial analysis, either 

topological or non-topological. Evaluation will potentially be 

conducted in tandem with relational, object-based or graph 

databases, depending on the defined user requirements. 

One example of a generic data and information data cube 

was already demonstrated by Augustin et al. [9] 

implementing a completely automated workflow for 

Sentinel-2 data acquisition, semantic enrichment and 

integration of scenes and generated information layers. The 

workflow utilises automated semantic enrichment generated 

using SIAM incorporating them into an implementation of 

the ODC, thus enabling semantic queries through time. They 

successfully demonstrated a semantic query of the prevalence 

of water-like observations through time, excluding 

observations categorised as being cloud-like. 

The user’s access point to the data cube in Sen2Cube.at is 

a graphical Web-based inference engine, which allows 

information extraction from the data and information cube 

independently of the client, either a Workstation, Laptop or 

mobile phone. The GUI intuitively connects the knowledge 

base, consisting of physical world models (ontologies of the 

world), and the fact base, i.e. the data cube made of data and 

information products, with the inference engine [14] (cf. 

Figure 2). 

Once the semantic data & information cube is scaled up, 

it will result in the first SCBIR system in operational 

(working) mode for analysing EO data directly in big image 

databases - never before demonstrated on national scale. The 

innovative approach will prove the big data paradigm, 

"bringing users to the data and not data to the user", for EO 

data and associated information. This will open novel ways 

to exploit Sentinel-2 data and data-derived information, in 

particular for non-EO experts. The project outcome could be 

very relevant for many different user groups, who strive to 

make better use of Sentinel-2 data, and the generic, semantic 

EO data cube concept will enable a range of novel 

applications. 
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Figure 2: The graphical inference engine, implemented as a Web-based graphical user interface, is part of the expert system, which 

allows model-driven production of information on top of the data-driven automated extraction of information layers. The schema shown 

here illustrates the example of a temporal succession of different visual appearances of an annual summer crop, brought into the system 

by the user’s domain knowledge and stored into the knowledge base. From [7]. 
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Abstract – Despite the current wave of providing data 

analysis-ready we claim that some essential properties for 

easy, non-EO-expert and non-programmer exploitation of 

EO data are not usually considered in service design. These 

properties relate to the quality of service (human or 

machine) users experience, and conversely to the burden 

that is imposed when accessing archives. We spot some 

critical features and propose solutions. 

Index Terms— Analysis-ready data, datacubes, 

standards, coverages, Web Coverage Service (WCS), Web 

Coverage Processing Service (WCPS), OGC 

1. INTRODUCTION 

The term Analysis-Ready Data (ARD), originally coined by 

the USGS Landsat team in 2017 [14], has seen a rapid up-

take in the Earth Observation (EO) community. Not surpris-

ingly, we encounter a variety of different interpretations 

which, however, all agree that EO data need to be offered in 

a way better suitable for consumption in particular by non-

programmers and non-EO experts. 

CEOS recently started to propagate CEOS Analysis 

Ready Data for Land (CARD4L) as data processed to allow 

“immediate analysis with a minimum of additional user eff-

ort and interoperability both through time and with other 

datasets” [9]. Among some metadata requirements CARD-

4L implies radiometric and geometric calibration plus solar 

and view angle correction and atmospheric correction (opt-

ical) and topography and incidence angle correction (radar). 

Obviously, among the core features of such data is to 

offer EO data in a homogenized, aggregated manner which 

abstracts away from particular storage organizations and 

encodings which traditionally pose problems to users – 

sometimes described as going “from files to pixels” to ind-

icate the different semantic level of EO offerings. Standards 

are helpful here if they establish an abstraction not based on 

files and scenes, but on higher-level objects, such as the 

OGC Web Coverage Service (WCS) suite [2][1][6][7]. 

As temporal analysis constitutes today’s killer applicat-

ion in EO it is indispensable that analysis readiness does not 

only address horizontal spatial extent (as has been achieved 

with seamless maps) but also time axis. Ultimately, all 

spatio-temporal axes should be included thereby having ele-

vation and bathymetry, too. In the end, spatio-temporal 

analysis readiness inevitably leads to the concept of multi-

dimensional datacubes, first presented in [8]; see also [1]. 

However, while the advantages of such a data organiz-

ation for access (i.e., simple download) of data are immi-

nent. Even ftp download, however, constitutes a service 

API, albeit with rudimentary functionality – and this is what 

we observe many organizations still focusing on. However, 

users today want to get away from a service philosophy of 

“go take the data and do the analysis yourself” but rather ex-

pect server-side analysis capabilities. Obviously, the quality 

of service is of crucial relevance for user uptake. We claim, 

therefore, that in parallel to analysis-ready data we need to 

consider analysis-ready services. In this contribution we 

first inspect the state of the art, based on the ESA Sentinel 

archives. By doing so we spot several shortcomings which 

allow us to propose corresponding steps towards better EO 

service quality. To demonstrate feasibility of these ideas we 

present their realization in the European Datacube Engine, 

rasdaman. 

The remainder of this paper is organized as follows. In 

Section 2 we exemplarily describe EO archive structures 

which complicate access. In Section 3, we introduce steps 

for improvement, and in Section 4 we describe a sample im-

plementation of such steps. Section 5 concludes the paper. 

2. EO SERVICES: STATUS AND IMPEDIMENTS 

In contrast to many discussions about analysis-ready data 

we adopt a holistic approach and consider consequences of 

design decisions for the user experience. The central 

question guiding us is: How much knowledge and work is 

needed by the client in order to perform a particular task in 

some server? Knowledge includes aspects such programm-

ing skills required for performing a given task; work refers 

to the number of steps to be performed by the client, their 

complexity, and their resource needs. 

We are of the opinion that such questions are applicable 

to both human users – typically accessing a service through 

some visual point-and-click client – and machine users 

where some algorithm – possibly deeply hidden in some 

service mash-up – when accessing a service. For the service 

as such this does not make any difference as it invariably 

“sees” the client through protocols and API invocations. 

Therefore, we prefer talking about clients than users in the 

sequel. Based on these considerations we establish some 

sample service request situations which will form our test 

cases subsequently. 
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2.1. EO Archive Access Use Cases 

The service features commonly discussed go substantially 

beyond downloading of objects or parts of it (“subsetting”), 

but include various aspects of server-side processing in the 

widest sense (not that already reformatting into another 

encoding involves CPU cycles). We find the following 

classification useful:  

Data access: complete download of a particular object 

which has been identified through some search, link, or 

metadata reference. Implementations emphasizing simplic-

ity of the server code often require that the object be return-

ed in its exact original byte steam representation, such as the 

data format in which the object is stored in the server. A 

typical example is OGC Web Map Tiling Service (WMTS). 

Data extraction: download of a part of an object ident-

ified. As this means drilling into the object anyway this use 

case is often combined with re-encoding into some client-

selected data format. A typical example is OGC Web Cover-

age Service (WCS) Core. 

Data filtering: prior to downloading find out whether 

some data object is fit for your purpose. This can require in-

spection of both data and metadata. OGC Web Coverage 

Processing (WCPS) can do this on sets of datacubes [5]. 

Data processing: apply some computational steps to an 

object in the server (following the Big Data paradigm of 

“ship code to server”) and ship the resulting (new) object to 

the client. This can be a fixed, predefined process (such as 

through an OGC Web Processing Service (WPS) process) or 

an ad-hoc, flexible query (such as through an OGC WCPS 

processing request). For reasons of differentiation we 

assume processing of always one object, as the case of com-

bination is addressed separately, coming next. 

Data fusion: recombine a result object from two or more 

server-side objects. In the most general case these objects 

can reside on different servers, obviously subject to differ-

ent, independent regimes of data presentation in terms of 

extent, resolution, Coordinate Reference System (CRS), etc. 

Data maintenance: modify the offering of a remote 

service by either creating a new object, update all or part of 

an existing object, or delete an object from this server. Such 

updates must be possible concurrently to other client access 

and therefore need to adhere to the well-known ACID trans-

action properties. 

2.2. ESA EO Archive Data Provisioning Case Study 

For the Sentinel archives ESA suggests the SAFE format for 

uniform access to data offered. EO data are preprocessed 

into so-called granules which can be seen as tiles. From our 

perspective, some properties of SAFE are in particular 

practically relevant; we discuss these in turn. 

A granule covers an area of 100 x 100 km. This leads to 

file sizes of typically 600 – 800 MB meaning that users 

must download files of these sizes for any processing. More-

over, it also means that any service working on such granul-

es must load units of this size into main memory before pro-

cessing of any request can start, be it a simple WCS Get-

Coverage or a complex WCPS analytics request. Detailed 

benchmarks have shown that an optimal tile size for gener-

al-purpose extraction and processing is in the area of 3 – 5 

MB [10]. Hence, the units of storage access are by about 

two orders of magnitude too coarse for being efficient. 

Further, a SAFE file is a zip archive containing the pixel 

payload plus a series of metadata. In terms of storage access 

this means that the zip file needs to be opened and the image 

file(s) need to be extracted. Depending on the implement-

ation of the zip decoder this may mean significant extra 

processing which slows down server-side result generation. 

Finally, image files are provided in the JPEG format foll-

owing a lossless encoding regime. Using JPEG – despite its 

lossless storage – has several relevant consequences. As 

JPEG applies a transformation from time to spectral space, 

reconstructing a pixel from a JPEG stream requires (i) 

accessing several memory locations and (ii) significant CPU 

cycles. Altogether, albeit such data will already be in RAM 

this means extra overhead slowing down response 

generation in the server. 

Yet another consequence of the wavelet-based storage of 

Sentinel products is the inability to optimize spatio-temporal 

subsetting, one of the most basic and widely used access 

operations at all. Some formats, like TIFF and NetCDF, 

support internal tiling which an intelligent server may 

exploit to load less than the whole file for subsetting re-

quests. Obviously, considering the hundreds of Megabytes 

of file sizes, this can mean a significant difference in data 

loading. In contrast, with JPEG such a data load optimiz-

ation is not possible as data are structured in a completely 

different manner on disk. In passing we note that all these 

computational steps may require intermediate representat-

ions in main memory or, even worse, on disk which addit-

ionally impacts request response time and server resource 

consumption. 

All these considerations also hold for updates, in partic-

ular partial updates which are common when building and 

maintain a datacube. 

3. RECOMMENDATIONS TOWARDS ANALYSIS-

READY SERVICES 

In this Section we set up a set of requirements aiming at 

making services more analysis-ready. Our guidance is 

simple: how much effort – again, in terms of knowledge and 

resource requirements – does it take for a client to access 

and process a particular pixel set in the course of decision 

making? Based on the observations we propose the follow-

ing set of recommendations for EO service providers in 

order to achieve a high level of service quality. We differ-

entiate between data and service modeling aspects, bearing 

in mind though that both are tightly intertwined. 

Requirement 1: Provide data access in a granularity suit-

able for efficient storage access across all spatio-temporal 

dimensions, i.e.: x/y/z/t. This can be achieved by either re-
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tiling of data into a scheme that best fits client access patt-

erns or at least utilizing some file format that supports int-

ernal tiling, such as NetCDF. Tile shape and size must be 

adjustable for the server architecture and workload – there is 

no “one size fits all” tiling for spatio-temporal data. Particul-

ar algorithms (like convolutions) and user scenarios (like 

disaster mitigation) will lead to different most suitable 

tilings. As normally more than just one application should 

be supported there will regularly be conflicting optimal 

tiling schemes, in which case a tradeoff will have to be 

found. For datacubes this applies to all x/y/z/t dimensions, 

hence traditional 2D GeoTIFF archives will show degraded 

performance. 

Requirement 2: Minimize the number of CPU cycles and 

storage / memory access required for reconstructing a given 

pixel set in main memory. This rules out wavelet-based en-

coding options. 

Requirement 3: Store data analysis-ready. Reconst-

ruction of analysis-ready data on the fly is not only ineffic-

ient (if almost every query will require the same processing) 

but may introduce numerical inconsistencies. The authoritat-

ive values should be readily available in the database / 

archive. In terms of the usual processing levels, this ex-

cludes Level 1a and 1b; analysis-readiness in the sense of 

“we can logically aggregate into user-centric units such as 

datacubes without any loss of precision” starts with Level 1c 

(error corrected, radiometrically corrected, orthorectified). 

Requirement 4: Ship code to data. Surprisingly, this well-

known Big Data principle is not always implemented today. 

Low-level ftp, RESTful subsetting APIs, etc., do not allow 

server-side processing, but leave that to the client. However, 

also many python-based APIs, as well as WPS-based app-

roaches, require application code to run on the client with 

just procedural calls to fixed server-side functionality. In-

stead, clients should be able to ship their processing requests 

for execution on the server, close to the data to avoid ex-

pensive data shipping round trips. 

Requirement 5: High-level server-side filtering and pro-

cessing language. While “ship code to data” is a must im-

plementations vary widely in the API quality. Sometimes 

procedural source code, such as python, is shipped to the 

server for execution – obviously, a major security hole. In-

stead, a high-level, declarative language should be provided 

at the abstraction level of, say, SQL with its tremendous 

success. An equivalent is given by the WCPS Earth data-

cube analytics language [5] which is declarative, has a well-

defined semantics, and is adopted OGC standard. 

Requirement 6: Transparent federation. Data fusion 

often requires combination of objects sitting in different data 

centers. Ideally, the task of extraction, download, homogen-

ization, and combination should not be with the client, but 

on the server. This requires intelligent ad-hoc orchestration 

of arbitrary servers, including optimization of data exchange 

and processing distribution. Obviously, federation has a po-

tential for massively boosting ease-of-use and performance. 

Requirement 7: Open standards. In the spirit of interop-

erability data and service APIs should adhere to well de-

fined and curated standards. Looking at the rigor of maint-

enance required this calls for standards, e.g., by OGC, ISO, 

and OASIS Open; in contrast, e.g., the W3C Spatial Data on 

the Web group has disbanded after releasing its documents. 

For EO data, specifically, the OGC and ISO standards apply 

which have the additional advantage of being kept in lock-

step synchronization (e.g., OGC CIS [2] is identical to ISO 

19123-2). Notably, the WCS suite allows both ingest and 

retrieval based on the same conceptual model, OGC 

coverages [2]. 

4. IMPLEMENTATION FEASIBILITY 

In this Section we demonstrate feasibility by inspecting a 

service tool which, among others, offers the features re-

commended for efficient, client-friendly access. This is the 

European Datacube Engine and OGC datacube reference 

implementation, rasdaman (“raster data manager”), which 

has been developed over two decades into a cross-domain 

datacube engine [12][3][10]. A general survey of datacube 

tools has been published by RDA [13]. 

The rasdaman engine resembles a complete software 

stack, implemented from scratch to support fastest manage-

ment and retrieval on massive multi-dimensional arrays in a 

domain agnostic way. Its array query language, rasql, mean-

time is adopted as the ISO SQL Multi-Dimensional Arrays 

(MDA) standard [11]. For EO datacubes rasdaman supports 

the declarative spatio-temporal datacube analytics language 

standard, OGC WCPS [5] (Requirements 4 & 5). 

The overall system architecture centers around the multi-

parallel rasdaman worker processes which operate on arbit-

rarily tiled arrays (Requirements 1 & 2, see Figure 1) stored 

in a database or read from some legacy archive (hence 

avoiding copies). When ingesting data they can be stored in 

a number of formats, including the CPU’s main memory 

array format (Requirement 2), through a WCS-T based ETL 

layer (Requirement 3) which homogenizes data and meta-

data, provides defaults, as well as the target tiling strategy 

[10]. Further tuning parameters include compression, index-

ing, cache sizing, etc. The resulting OGC compliant cover-

ages represent analysis-ready space-time EO objects. 

 

 

Figure 1 - Sample rasdaman datacube partitioning strategies 
(source: rasdaman). 

In a rasdaman federation (Requirement 6), worker pro-

cesses can fork subqueries to other cloud nodes or other data 

centers for load sharing and data transport minimization [4] 

(Figure 2). Figure 3 shows a visualization of actual federat-

ed query processing between the European Centre for 
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Medium-Range Weather Forecast (ECMWF) in the UK and 

National Computational Infrastructure (NCI) in Australia - 

both running rasdaman - for determining heavy rainfall risk 

areas from precipitation data at ECMWF and Landsat8 

imagery at NCI [3]. The two query paths all lead to the same 

result for the user, thereby achieving location transparency. 

 

Figure 2 - rasdaman transparent distributed  
query processing (source: rasdaman). 

 

Figure 3 - Sample rasdaman  
intercontinental federation query [13]. 

Being official OGC WCS Reference Implementation, 

rasdaman at the same time, to the best of our knowledge, is 

the most comprehensive WCS suite implementation and the 

only tool supporting all WCS extensions (Requirement 7). 

5. CONCLUSION 

In this contribution we motivate a less data-centric and more 

service-centric view, acknowledging that both are just two 

sides of the same coin. In a nutshell, data are ready for 

analysis when common math can be applied on the data 

without tweaking it for sensor or archive characteristics. 

This is no rocket science as we have shown; rather, the re-

sulting requirements are available in implementation, thus 

underlining technical feasibility. 

We do not claim that our list of EO service requirements 

is final, rather it is likely that more service quality facets 

will come up in future. However, from our experience with 

multi-Petabyte datacube service federations we feel that the 

requirements listed are all essential. As such, it is the hope 

that this contribution stimulates further discussion, shedding 

more light on service aspects than has been done up to now. 
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ABSTRACT 

There is an increasing push by data suppliers and users to 

access Analysis Ready Data (ARD) as a standard product 

package for moderate resolution Earth Observation (EO) 

data. The United States Geological Survey (USGS) is 

progressing work to deliver a global ARD product from 

Landsat observations, as part of their upgrade to Collection 

2. The European Space Agency (ESA) plans to release a 

global surface reflectance product based on the Sentinel-2 

mission data. Many other agencies have developed a 

significant capability for routine generation of similar 

products at continental and regional scale. This paper 

introduces the Open Data Cube (ODC) as a basis for 

exploring and inter-comparing long time-series records of 

co-registered surface reflectance measurements in a 

consistent approach. Geoscience Australia, through the 

Digital Earth Australia (DEA) program, has developed an 

inter-comparison tool to enable users to assess the fitness for 

purpose and effectiveness of global and regional scale 

correction methodologies employed to derive surface 

reflectance. The inter-comparison tool enables investigation 

into the consistency of ARD products through time and also 

the absolute accuracy of the products compared to field-

based measurements. 

Index Terms— Analysis Ready Data, surface 

reflectance, Digital Earth Australia, Open Data Cube, 

validation 

1. INTRODUCTION 

Since digital product delivery began, radiance at sensor, or 

Level 1 - [3], has been viewed as the standard moderate 

resolution EO product offered by satellite data providers. 

This baseline shifted significantly with the automation of 

precision ortho-correction of at sensor radiance, which led 

to spatially aligned observations becoming the norm. 

Increasingly, users have been calling for even further 

advances and delivery of higher order processing and 

standardisation of measurements such as that offered by 

surface reflectance correction (often categorised as a Level 2 

product [3]). The radiometric alignment of observations 

provides for inter-comparison within a time-series of 

measurements from a given sensor. Once seen as the domain 

of value-adders in the EO marketplace, space and associated 

agencies managing the delivery of public good mission data 

have increasingly looked to produce surface reflectance as 

the new benchmark. The ability to directly apply such 

products to analysis without further processing led to a 

global movement and development of a set of guidelines by 

the Committee on Earth Observation Satellites (CEOS) 

around what is now commonly referred to as Analysis 

Ready Data (ARD) [5]. CEOS through the Land Surface 

Imaging Virtual Constellation team has led the work on 

defining specifications for the CEOS Analysis Ready Data 

for Land or CARD4L covering multiple product families. 

CARD4L are satellite data that have been processed to a 

minimum set of requirements and organised into a form that 

allows immediate analysis with a minimum of additional 

user effort and interoperability both through time and with 

other datasets. Through this effort also came recognition of 

the value of additional auxiliary products within the ARD 

product package that would further facilitate direct analysis 

of the data (per-pixel quality assessment, metadata, and 

sensor geometry etc.).  

  

For a number of years, Landsat Level 2 data has been 

available on-demand via the United States Geological 

Survey (USGS) Earth Resources Observation and Science 

(EROS) Center Science Processing Architecture (ESPA) On 

Demand Interface [7].  The United States (conterminous 

United States) Landsat Analysis Ready Data (ARD) are 

consistently processed to the highest scientific standards and 

level of processing required for direct use in monitoring and 

assessing landscape change. A fundamental goal for Landsat 

ARD is to significantly reduce the magnitude of data 

processing for application scientists, who currently have to 

download and prepare large amounts of Landsat scene-

based data for time-series investigative analysis [10].  The 

USGS is currently working towards delivery of global 

Landsat Collection 2 ARD. 

  

The Sentinel-2 Level-2A product from ESA provides 

Bottom Of Atmosphere (BOA) reflectance images derived 

from the associated Level-1C products. Each Level-2A 

product is composed of 100 km2 tiles in cartographic 

geometry (UTM/WGS84 projection). Level-2A products are 

systematically generated at the ground segment over Europe 

[9], with production to be extended to global coverage by 

the end of 2018. 

Geoscience Australia, through the Digital Earth Australia 

and predecessor programs, has a long heritage in production 
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of entire Landsat and Sentinel-2 time-series of surface 

reflectance at continental scale. Through the techniques 

developed by Li et al. 2012 [2] and its implementation in the 

wagl pipeline code [6], GA utilises surface reflectance as the 

foundation product from which the value to government 

programs is realised. In comparison with USGS and ESA 

products, the GA Level 2 product includes, amongst other 

differences, Bi-directional Reflectance Distribution 

Function (BRDF) and Terrain Illumination correction. One 

perceived advantage of GA’s approach over those provided 

by the space agencies, is in the consistency of algorithm and 

inputs to the correction - wagl applies a common correction  

methodology across all Landsat and Sentinel-2 sensors. It is 

theorised that this consistency leads to a reduction in 

barriers to product interoperability and interpretation of 

analyses, and facilitates improved data fusion across the 

range of sensors. 

 

The Open Data Cube open source software suite, pioneered 

by Geoscience Australia and now driven by a growing 

international community, provides an integrated gridded 

data analysis environment for decades of analysis ready EO 

and related data from multiple satellite and other acquisition 

systems. The Data Cube is a system designed to: catalogue 

large amounts of EO data, provide a Python based API for 

high performance querying and data access, give scientists 

and other users easy ability to perform exploratory data 

analysis, allow scalable continental processing of the stored 

data, track the provenance of all the contained data to allow 

for quality control and updates [8]. 

 

The open data cube platform, and specifically the core 

component of the code base, has been used as the basis for 

development of a number of tools supporting applications 

and tools which include: a web map server, plugin for QGIS 

and the ODC Cubedash dashboard. 

2. THE CHALLENGE  

As space agencies evolve the benchmark for standard 

products, entities who have their own expertise and 

technologies in production of Level 2 data are seeking ways 

to comprehensively compare them against the standard 

Level 2 products. The fitness for purpose evaluation and 

inter-comparison of corrected data is being used to provide 

an evidence base for strategic decision making. As the 

standard Level 2 products [2] are developed using different 

algorithms (LEDAPS vs LaSRC [2] in the case of Landsat 

Level 2 / ARD), and with different ancillary and geometric 

sources (USGS Landsat vs ESA Sentinel-2), understanding 

where and how these differences might have a negative 

impact on derivative products is important. 

 

The inter-comparison tool was initially developed as part of 

an experiment to examine the relative performance of USGS 

LEDAPS and LaSRC corrected Landsat Level 2 [7] 

compared to the GA Lambertian, NBAR (Normalised 

BRDF Adjusted Reflectance)  and NBART (as per NBAR 

plus terrain illumination correction) products (Li et al. 2012) 

[2].  

3. METHODS 

3.1. Data preparation 

Initially, 12 Landsat WRS2 (Landsat World Reference 

System 2) path rows were identified for the development of 

the tool to assess low/medium vegetation cover areas and 

high BRDF (forest) areas. Acquisitions in paths adjacent to 

the target path/row were also acquired and processed in 

order to allow examination of the impacts on the temporal 

consistency of the products. As DEA’s production workflow 

was based on a different Level 1 specification (differences 

in projection, pixel resolution, scan gap infill method and 

pixel reference), Level 1 and 2 (Collection 1) data were 

sourced from USGS. Code was developed to automate the 

process of ordering and retrieval of the full time-series of 

data leveraging the ESPA Application Programming 

Interface (API). GA’s wagl code generated an ARD package 

outputting both Lambertian (equivalent to the USGS Level 

2), NBAR and NBART products. Datasets were prepared 

for datacube indexing through generation of a datacube 

compatible metadata files using preparation scripts available 

at https://github.com/GeoscienceAustralia/dea-

notebooks/tree/tinaY/11_Inter_comparison [15]. 

 

The wagl code was changed to use the same solar 

irradiances as the USGS method and to retain a Lambertian 

surface reflectance in the output product. The additional 

processing steps included in the NBAR and NBART were 

considered to result in distinct differences which would 

prohibit a reasonable inter-comparison for key areas of 

product performance. 

3.2. Data Cube construction 

An ODC instance was deployed in a test environment and 

product descriptions for the USGS and GA surface 

reflectance products developed and added. The USGS and 

GA Level 2 products were then indexed to make them 

available to Data Cube processes [8]. 
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3.3. Inter-comparison tool development 

 
Fig 2. The inter-comparison tool running a single point 

location query based on a 3x3 pixel window size. 

 

The inter-comparison tool was written in Python and heavily 

leveraged the Jupyter Notebook framework, ODC API and 

Plotly library [14]. Development focussed on enabling side 

by side comparison of  two sets of measurements through 

time with a key feature being interaction with graph. The 

inter-comparison tool offers “area of interest” selection from 

a vector file or a point location (Figure 2) with user defined 

variable buffer (3x3, 5x5, 7x7 pixels); it can be run in batch 

processing mode.  

 

The inter-comparison tool leverages integral components of 

ARD by including the ability to apply masks based on 

quality assurance layers, to the selected area of interest in 

order to eliminate cloud and other artefacts. The two basic 

parameters introduced into the visualisation of results 

include the mean and standard deviation of both sets of 

data.  

  

In addition to the surface reflectance measurements, all 

relevant attributes associated with the area of interest can be 

extracted as CSV outputs for further analysis. These 

attributes include the minimum, maximum, and surface 

reflectance variance, valid pixel percentage after masking, 

aerosol, BRDF parameters (if available), ozone, water 

vapour, cloud cover percentage, solar azimuth/zenith angle, 

incident/exiting angle.   

4. RESULTS 

The inter-comparison tool has also been developed to allow 

plotting of in-situ spectra collected coincident with satellite 

overpass to provide a point of truth in ARD product inter-

comparison.  

 
Fig 3. The inter-comparison tool demonstrating similarities 

in performance of USGS Level 2 (green) and GA 

Lambertian (red) Landsat Near Infrared over a flat 

agricultural site over a two year period. The complete 

straight and dashed horizontal line represents the mean and 

standard deviation of the time series. 

 

The inter-comparison tool allows for investigation of 

phenomena in the landscape. Figure 3 demonstrates an 

equivalent performance of the USGS and GA Lambertian 

Near Infrared surface reflectance products. The GA NBART 

products exhibit less variation in reflectance compared to 

the USGS product in locations where terrain illumination is 

an influence as shown in Figure 4. 

 

 
Fig 4. The inter-comparison tool demonstrating differences 

in performance of USGS Level 2 (green) and GA NBART 

(red) Landsat Near Infrared on a north east facing hill slope 

over a two year period. The complete straight and dashed 

horizontal line represents the mean and standard deviation 

of the time series. 

5. DISCUSSION AND CONCLUSIONS 

A key driver for the development of the inter-comparison 

tool was the need to establish an evidence-base to underpin 

the Geoscience Australia’s approach to production of 

surface reflectance products. The tool has been effective in 

conveying the relative advantages of the different correction 

methods and products available. The inter-comparison work 

is just one component of a much broader body of work that 

is also examining how different surface reflectance 
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algorithms impact the quality of derivative biophysical 

parameters which will be elaborated in subsequent reports. 

The Data Cube inter-comparison tool makes effective use of 

existing open source software libraries and open data to 

provide crucial information to underpin a consistent 

approach to assess the relative performance of different 

surface reflectance algorithms derived from a common 

baseline (Landsat Collection 1 in this case).  

 

The tool has been extremely effective in demonstrating how 

the algorithmic approach employed in creation of a given 

product can impact on the retrieval of accurate and 

consistent surface reflectance. It also provides a convenient 

means for users to quickly evaluate new sources of data to 

determine their fitness for purpose.  

 

The inter-comparison tool represented in this paper is a 

component of a larger range of activities currently underway 

within the DEA program surrounding ARD inter-

comparison and investigations into the fundamental 

requirements of interoperable data from different sources. 

As entities such as GA move towards adoption of Level 2 

products from space agencies, a full comprehension of the 

impacts, both positive and negative, of adopting them in lieu 

of existing in-house capabilities. Ultimately, shortcomings 

of the standard products can be fed back to the provider in 

order to develop a solution which enables the broadest 

adoption of the data. GA plans to extend the analysis to 

Sentinel 2 inter-comparison as the global products become 

available. 

 

More broadly, the accuracy of surface reflectance depends 

on the ancillary data, e.g., aerosol data, water vapour and 

surface BRDF parameters. Future studies will aim (i) to 

conduct sensitivity analysis for different parameters and to 

see how these parameters impact the overall results; (ii) to 

see what level of the processing is needed for consistency in 

the data and whether BRDF normalization is necessary for 

time series analysis. 

 

The techniques employed here can be used to characterise 

other products such as cloud classification algorithms across 

both spatial and temporal dimensions. The development of 

the tool also lead to a proposal to refine the target data 

selection in order to better characterise and target the 

quantitative comparison. 
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DEVELOPING IMAGE PROCESSING CHAINS FOR THE THEIA LAND DATA CENTRE TO
PROVIDE NEAR REALTIME MULTI-SATELLITE IMAGE PRODUCTS
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Centre national d’études spatiales (CNES), Toulouse, France

ABSTRACT
The French public land data center Theia aims at provid-
ing advanced remote sensing products to ease user access
to earth-observation satellite data. Within this data center,
the Muscate processing platform uses several processors to
produce and distribute high-quality multi-satellite earth ob-
servation images in near real-time. Muscate automatically
orchestrates the work of these processors.

Each of them is aiming to maximize the value extracted
for scientific exploration combining Sentinel, Landsat, Spot
and recently Venµs images in order to increase availability.
This paper will present Muscate, its currently implemented
processors and finally the upcoming new processors and im-
provements.

Index Terms— Theia, Muscate, earth observation, big
data, image processing

1. INTRODUCTION

The Theia land data centre1 was established in 2011 by eleven
French public organisms in order to promote the use of satel-
lite remote sensing data by the scientific and public policy ac-
tors [1]. These actors request Earth observation data to moni-
tor land surfaces. In response, Theia delivers a range of prod-
ucts and services allowing its userbase to maximize the profit
of space missions.

Muscate (MUlti-Satellite, multi-sensor (CApteur in French)
and multi-TEmporal data centre) is the dedicated processing
platform to process the multi-satellite earth observation im-
agery in near real-time. With images from Spot, Landsat,
Sentinel-2 as well as Venµs, the data is directed towards both
the scientific community as well as public actors.

Inside Muscate, mulitple processing chains exist to en-
hance the satellite images, including:

• MAJA, a cloud screening and atmospheric correction
processor [2] for Sentinel, Landsat and Venµs data

• LIS, a processor to detect snow on Sentinel-2 and
Landsat-8 images [3]

• Iota2, a continuously updated land-cover map [4]
1Website: https://theia.cnes.fr

Fig. 1. Daily and total number of products since 01/03/2017
for the Sentinel-2 Level-2A collection

This paper will first show how Muscate is integrated into
the high performance computing center at CNES in section
2. Afterwards, we present the currently existing algorithms
(Section 3) as well as their main characteristics and finally
their ongoing studies for improvements (Section 4).

2. THE ARCHITECTURE OF MUSCATE

Due to the high demand of satellite imagery, Muscate’s goal
is to offer near-realtime satellite images to the user.

The current continuous distribution is at around 500, spik-
ing up to 1000 products a day for all collections combined.
Figure 1 is showing the numbers for the Sentinel-2 Level-2A
collection since its release to the public in March 2017.

The two main components of Muscate [5] are the acqusition-
production module as well as the distribution module as de-
picted in Figure 2, with only the latter being interfaced with
Theia. The acquisition and production is based on Phoebus,
an orchestrator originally developed for the science ground
segment of Gaia [6].

The satellite products arrive from their respective pro-
cessing centers, such as Peps for Sentinel-2 and the VIP
(Venus’ processing centre) [7], mostly as Level-1C imagery:
Orthorectified, top-of-atmosphere (ToA) images. The two
main tasks of Phoebus are:
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Fig. 2. Muscate architecture on the CNES HPC

• The creation of jobs, which indicate a single process-
ing step and subsequently a workflow to be executed
depending on the product

• The stable maintenance of the job-processing order,
setting the priority for all tasks.

Further down the pipeline, the job (or workflow) is passed
to the distributed resource manager (DRM) which interfaces
directly to the high performance computing centre (HPC) lo-
cated on-site at CNES in Toulouse. This creates an abstrac-
tion layer to interface more easily with the computing centre
while keeping a high-effiency.

After a job is finished, the resulting product is automati-
cally archived and sent to the distribution module which adds
it to the given collection, allowing users to access it via the
Theia MMI.

Using this architecture, the time from the acquisition of
the product by the satellite until its availability within Theia is
put down to a minimum while also keeping the needs for addi-
tional temporary storage low: More than 90% of the products
acquired by Sentinel-2 between September and Mid-October
2018 were available on Theia’s MMI within 3 days (cf. Figure
3).

3. PROCESSING CHAINS INSIDE MUSCATE

Once a product arrives in Muscate, it gets piped through mul-
tiple image processing chains, which will be further explained
in the following.

All of them use the framework of the OrfeoToolbox
(OTB) [8], which is an open-source image processing library
for remote sensing applications developed by CNES.
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Fig. 3. Time lag between acquisition date and Theia produc-
tion for Sentinel-2 products

3.1. MAJA (MACCS-ATCOR Joint Algorithm)

The basis for all image processing chains in Muscate is MAJA
(MACCS ATCOR Joint Algorithm) [2]. The algorithm uses
a multi-temporal approach to detect clouds, knowing that on
two dates the probability of detection of clouds with the same
shape is unlikely.

To detect clouds it uses a set of static and dynamic thresh-
olds on the available spectral bands - mostly in the blue due
to the higher contrast of clouds versus the rest. For some plat-
forms, namely Venus and Sentinel-2 there are special cirrus
spectral-bands available which are used to more reliably de-
tect cirrus clouds [9].

In order to offer Theia’s users a variety of data to choose
from, three higher-level processing chains are currently im-
plemented into Muscate which use the Level-2A outputs of
MAJA. They will be presented in the following.

3.2. LIS (Let it snow)

This processing chain is used to detect snow throughout the
year in central Europe and Canada’s Quebec region, thus
building up a comprehensive snow-cover history. The Level-
2B outputs of the chain can be comprised of both Landsat-8
as well as Sentinel-2 images [3].

Its main difficulties are to distinguish the snow from sur-
rounding clouds, which is why the algorithm incorporates a
post-processing for the cloud masks provided in the Level-2A
product in order to reduce false-positives.

3.3. WASP (Weighted Average Synthesis Processor)

This processing chain creates for every tile a monthly com-
posite image [10], effectively removing clouds and directional
effects from the Sentinel-2 and Venµs inputs.

Originally developed for ESA’s Sen2Agri-Toolbox [11] it
uses the provided cloud- and aerosol masks in oder to cal-
culate a weighted average centered around a certain day in a
month to recieve a Level-3A product with a fixed monthly-
interval. Figure 4 shows a coud-free composite image of
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WASP-products.

Fig. 4. Cloud free composite image over France on september
2018

The image collection is currently provided on Theia’s
website for metropolitan France, Belgium and Luxemburg
as well as some selected regions around the world but will
be extended to all available Sentinel-2 Level-2A tiles as well
as to all the sites of Venµs. It forms a basis for studies on
vegetation growth as well as the impacts of severe droughts
such as this summer 2018 [12].

3.4. Iota2 (Land Cover Map)

Iota2 creates a land cover map for metropolitan France using
a random-forest classifier [4]. The Level-3B map is created
once per year at the full 10m resolution.

The processing chain was originally developed by the
Cesbio institute in Toulouse for Landsat-8 but later adapted
to Sentinel-2 providing continuous maps since 2015. To-
gether with Landsat-8 this period is extended to 2014 [13].

3.5. WaterColor/OBS2CO

The newest addition to the existing processing chains will
be the reliable detection of water-bodies and estimation of
suspended particulate matter (SPM) concentration in inland
water-bodies[14]. This is done by using a two-stage unsu-
pervised classification to detect the water in a selected area,
correcting sunglints, removing clouds and finally using the
reflectance-values to estimate the SPM in the resulting poly-
gon.

Eight zones around the globe were selected for a test-
phase to monitor rivers and lakes. The processing chain will

combine data from Sentinel-2, Landsat-5/7/8 and Venµs, re-
sulting in the highest coverage possible.

Together with the Spot-World-Heritage (SWH) [15] im-
ages distributed by Theia, data from inland rivers of Africa
up to the 1980s can be gathered.

Fig. 5. Estimated concentration for the amazon river using
the WaterColor/OBS2CO output for two distinct dates

Figure 5 shows the estimated concentration highlighted
for a part of the amazon river in Brazil.

4. CONCLUSION AND FUTURE WORK

The current architecture of Muscate allows for an efficient
processing of multi platform imagery. The platform will con-
tinue to grow in the future: There have been successful tests
of running Muscate on a cloud-based insfrastructure such as
AWS [5]. Also the number of products processed daily is
steadily growing.

This offers the possibility to distribute Muscate to other
scientific and commercial institions that wish to participate in
the development of new earth observation services in order to
attract more users.

At the same time the processing chains of Muscate add
value to the products coming from multiple satellite plat-
forms. In the future, the focus will shift towards improving
the quality and accuracy of each of the underlying algorithms:

For MAJA, a study is ongoing about the usage of con-
volutional neural networks (CNN) for the detection of clouds
using Sentinel-2 imagery - Consolidated numbers will be pro-
vided by early 2019. Using these improved cloud masks, all
processing chains will benefit from the increased accuracy.

In the case of LIS, a Level-3B product is planned, which
will perform the snow-detection on the basis of the Level-3A
outputs of WASP, thus creating a monthly synthesis of snow
cover for central Europe and eastern Canada.
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For WASP, the synthesis on water-surfaces, especially in
coastal areas shall be improved. This will lead to the possi-
bility to run WASP more reliably on river deltas and around
islands.

Finally, the pool of processing chains will keep on grow-
ing in the future as well, as shown in section 3.5.
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ABSTRACT

Recent European Union (EU) legislation for the Common
Agricultural Policy (CAP) introduces the concept of checks
by monitoring [1], which requires the development of ma-
chine learning approaches for country-wide, full season use
of the EU’s Copernicus Sentinel time series at agricultural
parcel level. The excellent consistency of dense Sentinel-1
time series over the EU make these a prime candidate to gen-
erate gap-free, consistent feature vectors for the full set of
parcel declarations for use in machine learning. We demon-
strate the use of tensorflow with a selection of ∼ 170,000
arable crop parcels selected from the full agricultural parcel
data set over the Netherlands for the 2017 growing season.
The prime focus is on identifying parcels for which our ma-
chine learning results suggest that their crop class label do
not conform with that declared in the aid application. Repeti-
tive tensorflow runs with the 7 major arable crop types result
in separating the parcel set in 4.1% non-conform and the
remainder (95.9%) conform. We discuss practical imple-
mentation details and impact in the checks by monitoring
context.

Index Terms— Copernicus, Sentinel-1, SAR, agricul-
ture, crops, CAP, machine learning, tensorflow

1. INTRODUCTION

The requirement to scale checks by monitoring to the full
country (region) sample of the area-based aid applications
with frequently available Sentinel data time series mandates
new methods to handle the large data volumes in a continu-
ous manner [2]. Machine learning provides a set of methods
that are especially tailored to find common patterns in labeled
deep data stacks and apply the “learned” patterns to new data
series to predict its most probable label. The learning pro-
cess is incremental, i.e. when new labeled series are added as
training sets, the newly learned patterns can be (re-)applied
to handle a wider range of conditions that are described by
the labels. Thus, machine learning can be applied in checks
by monitoring both in a reductive approach, i.e. to identify
a small set of “outliers” for which the predicted label is dif-
ferent from the declared label, as well as to separate within
a labeled category by some specific marker in the temporal

Fig. 1. Sentinel-1 revisit in the period 1-7 April 2018 (1
nominal revisit cycle of the combined Sentinel-1A and -1B).
Number of revisits range from 1 (dark red) to 8 (dark green).
Mid-latitude EU countries have 4 revisits (light yellow) for
most of their territory.

signal. In this paper, we focus on the reductive approach.

A key difference between machine learning and classi-
cal Computer Aided (Photo-) Interpretation (CAPI) methods
used in CAP control is that patterns are no longer “learned” by
an experienced operator using a limited amount of prepared
renderings of pre-selected image series, but by a machine that
uses all available signal data over the period of interest. This
eliminates a number of weaknesses that are inherent in the
CAPI approach, such as the limitations in image availability,
the incomplete use of radiometric information across sensor
bands, variation due to non-harmonized renderings, operator
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bias (and fatigue), etc. Machine learning can handle arbitrary
amount of samples and depths of the time series data stack,
which would be impractical to do in a CAPI approach.

A (current) drawback in machine learning is the need for
consistently sampled, gap-free feature vectors that feed into
the learning framework of the method (typically a neural net-
work). Feature vectors are the records that are extracted for
each declared agricultural parcel. The elements of the record
are the individual signal values in the time series, usually
in time order, and often reduced to a single value, usually
the arithmetic mean, for all pixels that are included in the
feature. “Consistently sampled” does not necessarily mean
that a regular, equal interval sampling is required, but what-
ever sampling approach is chosen needs to be applied, con-
sistently, for all features. In practice, a regular equal interval
sampling is preferred. The requirement for “gap-free” (i.e.
no missing data) feature vectors sets at national or regional
level is a challenge. The orbiting Sentinels acquire imagery
over fixed swaths which may cover different parts of the terri-
tory. Swaths of neighbouring orbits may overlap, but are ac-
quired at different times, usually several days apart. Sentinel-
1 can acquire data in both the descending orbit direction (lo-
cal morning) as well as the ascending orbit direction (local
evening). Sentinel-1 is insensitive to cloud cover and, since
it is an active microwave sensor, acquires data independent
from solar illumination (i.e. day and night). Acquisition over
the EU land mass is at maximum capacity for both descend-
ing and ascending orbits (see Fig. 1). A major drawback of
Sentinel-2 is cloud cover, which leads to significant and ir-
regularly timed gaps in the consistent cover. Cloud masking
combined with mosaicking and gap-filling methods (e.g. time
series smoothing) is often insufficient to overcome these prob-
lems, esp. over extended cloudy periods. Thus, Sentinel-2 is
not a prime source for machine learning approaches, but will
play a role in the post-processing of machine learning results.

2. DATA AND METHODS

2.1. TIME SERIES EXTRACTION

For any location in the EU at least 2 images are acquired
within the nominal 6 day revisit cycle. Due to orbit over-
lap, the revisit is actually more frequent than this, esp. to-
wards higher latitudes, where revisit can be up to every day.
To create a consistent, gap-free time series, it is sufficient to
average the Sentinel-1 intensity values over a pre-defined pe-
riod (e.g. a week) to extract a feature vector set for use in
machine learning. This can be done for both the VV and VH
polarization channels. The procedure to create the Sentinel-1
feature vector set currently relies on the use of Google Earth
Engine (GEE, [3]), as it is the only “Big Data” repository
that provides access to geocoded, calibrated S1 backscatter-
ing coefficients at 10 m pixel spacing, and for arbitrary se-
lections. With the recent deployment of the Copernicus Data

Fig. 2. Example weekly country-wide Sentinel-1 multi-
temporal composite for the Netherlands, for the weeks start-
ing on 6 May, 27 May and 17 June 2017 (VV polarization) in
the Google Earth Engine JavaScript API. Contains modified
Copernicus Sentinel data, 2017.

and Information Access Services (DIAS) instances, it can be
expected that compatible European processing capacity will
become available in the course of 2018.

We illustrate results with a subset of the 2017 Netherlands
open access parcel set (NL2017 pdok.nl). The parcel sets are
imported as a table asset into GEE. Using standard functions
in GEE, weekly averaged images are stacked for the period
1 April - 1 August, 2017 for both VV and VH polarizations
(see Figure 2 and 3) after which mean values are extracted for
each parcel. Optionally, parcels are buffered with an internal
boundary of 10 m, to avoid including edge pixels. The com-
plete set of parcel feature sets can then be exported to a CSV
formatted table, retaining the original and calculated feature
attributes for each parcel (e.g. including a unique ID and crop
code, crop name, area, perimeter, etc.).

Based on the analysis of parcel statistics for the full set,
those crop codes for which the summed area coverage is
larger than 95% of the overall set are selected (see Table 1).
These codes are then grouped, based on the crop category
and crop name, into crop classes. Separation in crop classes
is partially based on the expectation that these classes have
distinct temporal signatures. For instance, silage maize and
corn maize will be grouped in one class at this (reductive)
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(a) VV polarization (b) VH polarization

Fig. 3. Full resolution extracts of Fig. 2 for an arable crop
area west of Oud-Vossemeer (Zeeland, NL) overlaid with the
NL2017 agricultural parcel vector. Contains modified Coper-
nicus Sentinel data, 2017.

stage. This results in a set of 170454 parcels with 7 different
crop classes.

2.2. MACHINE LEARNING USING TENSORFLOW

For machine learning, we have chosen tensorflow based on
its growing reputation as a versatile open source toolkit for
a wide range of machine learning problems. However, re-
sults reported in this document are likely to be reproducible in
other (python based) open source machine learning libraries
(theano, scikit-learn, etc.).

Tensorflow is installed by building from source, which
optimises the use of specific hardware acceleration features
of the platform. The tflearn module is required as ancillary li-
brary to run the deep neural network, which consist of 2 layers
of 32 nodes and a softmax optimizer, for training and testing.

The parcel attributes that should not be included in the
training and testing phase (e.g. area, perimeter, crop name)
are removed from the feature set. The set has to be split
into a training and testing samples. For large sets (> 100,000
records), we choose a random selection of 20% of the overall
set for training. This step is repeated 5 times to produce 5
distinct training sets with their complementary test sets.

3. RESULTS

Single tensorflow runs for the NL2017 record set require less
than 5 minutes (100 epochs, 8 core Intel Xeon E3-1505M v6
@ 3.00 GHz, with 64 GB RAM and Quadro M2200 GPU).
Training accuracy levels off beyond 80 epochs, and does not
significantly increase with higher numbers of epochs. Tensor-
flow results are produced in the following format:
id,klass,prob0,prob1,...,prob6
000048dd00dda062f4a4,0, 98.39, 0.04, ..., 0.01
0000b3c0dcbe2d3eea3b,6, 0.03, 98.18, ..., 0.12

i.e. for each parcel, which has class label in column klass
(class is a reserved word in python/pandas), 7 probabilities are
estimated by the trained model, i.e. one for each crop class.
The first entry has the highest value for prob0 (98.39%), i.e.
predicted class (0) is matching the parcel label (0). The sec-
ond entry is a clear mismatch (parcel label 6, but the predicted
class with the highest probability (98.18%) is 1).

A single confusion matrix can now be created for each
run, by accumulating the counts of each matching case (on
the matrix diagonal elements) and each mismatch on the rel-
evant off-diagonal element. Assignment is based simply on
the maximum probability across the row for each parcel. An
example confusion matrix, for a single run, is given in Table
1.

The counts in this confusion matrix are the number of
parcels that are assigned to each matrix element. The over-
all accuracy (OA) for each of the 5 runs ranges between 95.4
and 96.5%. Each parcel is selected once to be part of the 20%
training set, and classified 4 times for those cases when the
parcel is in the complementary 80% testing set. For each par-
cel, the join of the individual runs can be generated, i.e. for
each unique parcel ID the 4 predicted majority labels can be
compared to the parcel label. The total number of parcels for
which the majority of predicted labels is not the same as the
parcel label is 6954 (out of 170454), i.e. 4.1%, which is more
or less the same as 1−OA for each individual run. This shows
that the method is very robust. For a subset of 3723 parcels all
4 predicted labels are the same and not equal to the declared
label. These are prime candidates for further follow up.

Note that a number of parameter settings have been fixed
in the reported tests as discussed above. Varying these pa-
rameters will have an effect on overall accuracy, for instance,
stricter criteria for class probability will lower overall accu-
racy. Relevant code artifacts for the procedures outlined in
this paper can be found in the Appendix of [4].

The tabular result can now be categorized to prioritize
follow-up activities. From the confusion matrix it can be de-
termined which cases of omission and comission are likely to
have relevant impact on compliance to particular CAP support
schemes (e.g. permanent grassland measures, [4]). Small and
oddly shaped parcels may need to be excluded to reduce noise
factors. Re-runs with fine-tuned parameter settings may help
in eliminating or precising specific outlier categories. The
combination of these analysis results help in defining follow-
up inspection, such as the selection of Sentinel-2 imagery (see
Fig. 4), generation of specific time series for analysis, and
sorting cases that require extending the time series analysis or
need to be followed up by a field visit.

4. CONCLUSIONS

Our analysis shows that it is fully feasible to process large
amounts of parcel declaration data with deep Sentinel-1 im-
age data stacks using a combination of standard GEE and
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Table 1. Confusion matrix for a single tensorflow run for the 7 major arable crops in the NL2017 set (MAI=Maize; POT=Potato;
WWH=winter wheat; SBT=Sugar beet; ONI=onions; SBA = spring barely; FLO=flowers). Overall accuracy is 96.1 %.

Crop MAI POT WWH SBT ONI SBA FLO sum PA
MAI 65260 374 135 55 52 74 95 66045 98.8
POT 362 26126 41 77 25 12 75 26718 97.8

WWH 142 37 15492 7 25 125 12 15840 97.8
SBT 134 818 11 12502 38 3 67 13573 92.1
ONI 360 86 148 65 4439 136 67 5301 83.7
SBA 430 23 316 6 54 3974 21 4824 82.4
FLO 203 131 94 331 7 19 2807 3592 78.1
sum 66891 27595 16237 13043 4640 4343 3144 135893
UA 97.6 94.7 95.4 95.9 95.7 91.5 89.3

27 March 2017 6 May 2017 26 May 2017 22 July 2017 14 August 2017 23 September 2017

Fig. 4. Sentinel-2 time series of false colour chips generated in GEE and centered on a parcel which is labeled as winter wheat
but for which tensorflow applied to weekly averaged Sentinel-1 feature vectors predicts onion as crop class. The Sentinel-2
sequence confirms the tensorflow prediction. Contains modified Copernicus Sentinel data, 2017.

tensorflow routines. We have already demonstrated similar
results with full 2017 parcel data sets in Denmark and Flem-
ish Belgium, achieving overall accuracies that are well above
90%, and for different crop class mixes. The tests in this
study focus on the comparison of declared parcel labels with
those predicted by a trained deep neural network. For other
schemes, a stratified approach may be preferred over a full
country, e.g. for agro-environmental areas that have more
complicated cropping parameters. There are many permuta-
tions possible, though, for instance, approaches that may try
to separate the more heterogeneous classes (e.g. grassland),
compare distinct crop development by phenological progress
and/or agronomically relevant factors (e.g. soil type), etc. The
tools are rather generic and leave it up to the practitioner to
device the test set-up and working hypothesis.

The overall accuracy of 96.1% produced for the NL2017
data set is excellent, as it exceeds the desired accuracy (95%)
that was expressed by EU Member States to consider checks
by monitoring as an efficient alternative to the current, sample
based, on the spot controls.

Machine learning methods have considerable potential in
other CAP control domains (e.g. Land Parcel Identification
Systems (LPIS) quality control, physical block segmentation,
etc.). A key advantage of using the consistent Sentinel-1 time
series is that models trained with 2017 data would, in princi-

ple, be useful to predict class labels for 2018 data, even before
the definitive declaration data would be available. Geograph-
ical and temporal transfer learning is one of our ongoing re-
search topics.
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ABSTRACT

We discuss the challenges of big Copernicus data and how
our project Copernicus App Lab has dealt with them. Coper-
nicus App Lab takes data from the land monitoring, global
land and atmosphere services and makes it available on the
Web and the Cloud using semantic technologies to aid its take
up by mobile developers. We also discuss lessons learned for
information retrieval, database and knowledge management
research in the context of Copernicus.

Index Terms— big data, semantic technologies, linked
geospatial data, Earth observation, satellite remote sensing

1. INTRODUCTION

Copernicus data is a paradigmatic case of big data which is
acquired by the Sentinel satellites and contributing missions,
together with in-situ data from sensors on the ground, at sea,
or in the air. Copernicus is at the forefront of all big data
challenges: volume, velocity, variety, veracity, and value. The
H2020 project Copernicus App Lab (http://www.app-lab.eu/)
targets the volume and variety challenges of Copernicus
data, and it follows the path of previous research projects
TELEIOS, LEO, and MELODIES, funded by FP7 ICT.
Copernicus App Lab goes beyond these projects in the follow-
ing important ways. First, it develops a software architecture
that enables on demand access to big Copernicus data using
the well-known OPeNDAP framework and the geospatial
ontology-based data access system Ontop-spatial [2]. Now
users and application developers do not need to download
data or learn the details of sophisticated data formats for EO
data. All they need to develop is an ontology describing the
data they are interested in and R2RML mappings that cap-
ture the correspondence between the ontology and the data
sources containing the data. Using traditional approaches,
application developers would have to implement different
clients/adapters in their applications corresponding to the
different file formats their data is in, in order to process the

This work has received funding from EU Horizon2020, Grant Agree-
ment nr. 730124.

data. Instead of implementing custom code, they can use the
functionalities of the Ontop-spatial mapping language for all
data sources regardless of their formats.

Secondly, it brings computing resources close to the data
by making the Copernicus App Lab tools available as Docker
images that are deployed in the Terradue cloud platform as
cloud services. The platform allows application developers to
access Copernicus data and carry out massively parallel pro-
cessing without the need to download the data and carry out
the processing locally. Thirdly, it enables search engines like
Google to treat datasets produced by Copernicus as “entities”
in their own right and store knowledge about them in their in-
ternal knowledge graph. In this way, search engines will be
able to answer sophisticated users questions which is beyond
the reach of modern search engines today. A more detailed
description of the Copernicus App Lab project is given in [4].

2. THE COPERNICUS APP LAB ARCHITECTURE

Figure 1 presents the conceptual architecture of the Coperni-
cus integrated ground segment and the Copernicus App Lab
software architecture.

Fig. 1. The Copernicus integrated ground segment and the
Copernicus App Lab software architecture

In the lower part of the figure, the Copernicus data
sources are shown. These are Sentinel data from ESA, Sen-
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tinel data from the European Organisation for the Exploita-
tion of Meteorological Satellites (EUMETSAT), satellite data
from contributing missions and in-situ data. The next layer
makes Copernicus data and information available to inter-
ested parties in three ways: via the Copernicus Open Access
Hub, via the Copernicus Core Services and via the Data and
Information Access Service (DIAS).

All the software components of the project run in the
Terradue cloud platform (https://www.terradue.com/portal/).
The platform allows cloud orchestration, storage virtualisa-
tion, and virtual machine provisioning, as well as application
burst-loading and scaling on third-party cloud infrastructures.
Within the Terradue cloud platform, the developer cloud
sandbox service provides a platform-as-a-service (PaaS) envi-
ronment to prepare data and processors. It has been designed
with the goal to automate the deployment of the resulting EO
applications to any cloud computing facility that can offer
storage and computing resources (e.g., AWS).

In Copernicus App Lab, access to Copernicus data and
information can be achieved in two ways: (i) by downloading
the data via the Copernicus Open Access Hub or the Web
sites of individual Copernicus services, and (ii) via the popu-
lar OPeNDAP framework (https://www.opendap.org/) for ac-
cessing scientific data. In the first case (workflow on the left
part of the two top layers of Figure 1), the downloaded data
should then transform into RDF using the tool GeoTriples [7]
or scripts written especially for this task. GeoTriples en-
ables the transformation of geospatial data stored in raw
files (shapefiles, CSV, KML, XML, GML and GeoJSON)
and spatially-enabled RDBMS (PostGIS and MonetDB)
into RDF graphs using well-known geospatial vocabular-
ies such as the Open Geospatial Consortium (OGC) standard
GeoSPARQL [10]. The performance of GeoTriples has been
studied experimentally [7] using large publicly available
geospatial datasets. It has been shown that GeoTriples is
very efficient especially when its mapping processor is im-
plemented using Apache Hadoop.

After Copernicus data has been transformed into RDF, it
can be stored in the spatiotemporal RDF store Strabon [6,
3]. Strabon can store and query linked geospatial data that
changes over time. It has been shown to be the most efficient
spatiotemporal RDF store available today using the bench-
mark Geographica in [5, 3]. Copernicus data stored in Stra-
bon may also be interlinked with other relevant data. To do
this in Copernicus App Lab, we use the interlinking tools
JedAI and Silk. JedAI is a toolkit for entity resolution and
its multi-core version has been shown to be scalable to large
datasets [9]. Silk is a well-known framework for interlinking
RDF datasets which we have extended to deal with geospatial
and temporal relations [11].

The novel way of accessing Copernicus data and informa-
tion in Copernicus App Lab is captured by the workflow on
the right part of the two top layers of Figure 1, and it is based
on the popular OPeNDAP framework for accessing scientific

data. The streaming data library (SDL) implemented by RA-
MANI communicates with the OPeNDAP server and receives
Copernicus services data as streams. In this way, SDL enables
on-the-fly computation of spatial and temporal aggregations
(e.g., a longterm moving average that is often of interest to EO
applications). The SDL is accessible through a list of APIs
that are enhanced with an API ontology, which directly links
to a function ontology that describes the offered functional-
ity and analytics. This ontology describes calls and responses
of the API and assists users in determining valid functions
over different data types. The API responses are provided as
JSON-LD with direct references to the semantics of the re-
turned variables, allowing easier interpretation. OPeNDAP
and SDL are installed and configured by VITO on a virtual
machine running on the VITO hosted PROBA-V mission ex-
ploitation platform (https://proba-v-mep.esa.int), which has
direct access to the data archives of the Copernicus global
land service. The installation of OPeNDAP was done using
Docker and access to the Copernicus global land and PROBA-
V datasets via OPeNDAP is realised by mounting the neces-
sary disks on the virtual machine.

One of the main contributions of Copernicus App Lab
is the extension of the ontology-based data access system
Ontop-spatial [1] with OPeNDAP support. Ontop-spatial is a
system that connects to existing geospatial databases and cre-
ates virtual semantic graphs on top of them using ontologies
and mappings, without downloading files and transforming
them into RDF. Mappings encode how we map relational
data to RDF terms. As we describe in [2], the new version
of Ontop-spatial is able to connect to non-relational external
data sources (e.g., APIs like OPeNDAP) and enable users to
pose GeoSPARQL queries on top of them without the need
of importing the data in relational databases.

Finally, data can be visualized using the tools Sextant [8]
or Maps-API (https://ramani.ujuizi.com/maps/index.html).
Sextant is essentially a GIS for linked geospatial data. It
enables users to build layered maps consisting of geospatial
data made available in various formats (e.g., KML, GML etc.)
and SPARQL or GeoSPARQL endpoints. The Maps-API is
similar to Sextant in terms of visualization functionality, but it
takes its data from SDL and it cannot deal with linked geospa-
tial data sources accessed by SPARQL or GeoSPARQL.

All tools are open source and they are available on the
following Web page: http://kr.di.uoa.gr/#systems

3. A COPERNICUS APP LAB CASE STUDY

A simple case study, which demonstrates the functionality
of the Copernicus App Lab software, involves studying the
“greenness” of Paris. This can be done by relating “green-
ness” features of Paris using geospatial data sources such as
OpenStreetMap and relevant Copernicus datasets from the
land monitoring service of Copernicus, which are the leaf-
area index dataset (global), the CORINE land cover dataset
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(pan-European) and the Urban Atlas dataset (local).
Leaf area index (LAI) is a dimensionless quantity that

characterizes plant canopies and it is defined as the one-sided
green leaf area per unit ground surface area in broadleaf
canopies (https://en.wikipedia.org/wiki/Leaf area index).
The CORINE land cover dataset covers 39 EU countries
(https://land.copernicus.eu/pan-european/corine-land-cover).
Land cover is characterized using a 3-level hierarchy of
classes with 44 classes in total at the 3rd level. The Urban
Atlas dataset (https://land.copernicus.eu/local/urban-atlas/
view) provides land use and land cover data for European
urban areas, and it covers 800 urban areas in 28 EU countries.

In addition to the above datasets, our case study utilizes
data from OpenStreetMap and the global administrative di-
visions dataset GADM. OpenStreetMap is an open and free
map of the whole world constructed by volunteers. GADM
(https://gadm.org/) is an open and free dataset giving us the
geometries of administrative divisions of various countries.

The first task of any case study using the Copernicus App
Lab software is to develop INSPIRE-compliant ontologies for
the selected Copernicus data. The INSPIRE directive (https:
//inspire.ec.europa.eu/) aims to create an interoperable spatial
data infrastructure for the EU, to enable the sharing of spa-
tial information among public sector organizations and better
facilitate public access to spatial information across Europe.

Once all the ontologies are defined, we can easily trans-
late them into RDF using a custom script. Then, they can be
stored in Strabon and be queried jointly in interesting ways.
For example, assuming appropriate PREFIX definitions, the
following GeoSPARQL query asks for the LAI values of the
area occupied by the Bois de Boulogne park in Paris.

SELECT DISTINCT ?geoA ?geoB ?lai WHERE {
?areaA osm:poiType osm:park.
?areaA geo:hasGeometry ?geomA . ?geomA geo:asWKT ?geoA .
?areaA osm:hasName "Bois de Boulogne"ˆˆxsd:string .
?areaB lai:lai ?lai .
?areaB geo:hasGeometry ?geomB . ?geomB geo:asWKT ?geoB .
FILTER(geof:sfIntersects(?geoA, ?geoB))}

Similarly, in Figure 2, we have used Sextant to build a
temporal map that shows the “greenness” of Paris, using the
datasets LAI, GADM, CORINE land cover, Urban Atlas and
OpenStreetMap. We show how the LAI values (small circles)
change over time in each administrative area of Paris (admin-
istrative areas are delineated by magenta lines) and correlate
these readings with the land cover of each area (taken from
the CORINE land cover dataset or Urban Atlas).

All RDF datasets and ontologies that have been discussed
above are freely available at: http://kr.di.uoa.gr/#datasets.

The “greenness of Paris” case study can also be developed
using the workflow on the right in the Copernicus App Lab
software architecture of Figure 1. In this case, the datasets
can be queried using Ontop-spatial and visualized in Sextant
without transforming any datasets into RDF. In this case, the
developer has to write R2RML mappings expressing the cor-
respondence between a data source and classes/properties in

Fig. 2. The “greenness” of Paris

the corresponding ontology. An example of such a mapping
is provided below (in the native mapping language of Ontop-
spatial which is less verbose than R2RML).

mappingId opendap_mapping
target lai:{id} rdf:type lai:Observation .

lai:{id} lai:lai {LAI}ˆˆxsd:float;
time:hasTime {ts}ˆˆxsd:dateTime .

lai:{id} geo:hasGeometry _:g .
_:g geo:asWKT {loc}ˆˆgeo:wktLiteral .

source SELECT id, LAI, ts, loc FROM (ordered opendap
url:https://analytics.ramani.ujuizi.com/
thredds/dodsC/Copernicus-Land-timeseries-global

-LAI%29/readdods/LAI/) WHERE LAI > 0

In this mapping, the source is the LAI dataset, provided
through the RAMANI OPeNDAP server of the Copernicus
App Lab software stack. The dataset contains observations
that are LAI values, the time and location for each observa-
tion. Operator Opendap retrieves this data and populates a
virtual SQL table with schema (id,LAI,ts,loc). Be-
cause of the fact that the Opendap operator is implemented
as an SQL user-defined operator, it can be embedded into any
SQL query. In the above mapping, we also refine the data we
want to be translated into virtual RDF terms by adding a filter
to the query to eliminate negative or zero LAI values. The
target part of the mapping encodes how the relational data
is mapped into RDF terms.

4. LESSONS LEARNED AND FUTURE
CHALLENGES

The use of OPeNDAP offers better data access capabilities
specifically for application developers that are not experts in
EO, and thus it a clear benefit. OPeNDAP and SDL provide
streaming data to the user and have some significant advan-
tages over the OGC Web Coverage Service standard which
is already offered by VITO. First of all, from a data provider
perspective, OPeNDAP is easier to use, as it is able to deal
with a wider variety of grid types. Furthermore, OPeNDAP
can be easily extended with different conventions, allowing
for easier integration of different datasets and without over-
head like file conversion. Also, OPeNDAP enables the loose
coupling of different Copernicus data sources into one data
model, providing the user easy access through a single access
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point that uses this data model. Finally, when using the Web
Coverage Service, there is limited possibility to obtain client-
specific parts of the datasets (one is limited to, for example, a
bounding-box). In contrast, OPeNDAP allows for the caching
of datasets by serialization based on internal array indices.

The most innovative aspect of using Ontop-spatial in
Copernicus App Lab is its ability to give access to Coperni-
cus data through the OPeNDAP framework. When data is
stored in a database connected with Ontop-spatial, DBMS
optimisations and database constraints are applied and query
plans are optimized. This does not happen in the case where
Ontop-spatial retrieves data on-the-fly from OPeNDAP, since
data is preprocessed before it gets translated into virtual
triples using Ontop-spatial. However, if we want to access
Copernicus data that gets frequently updated, the virtual RDF
graphs approach is useful as it avoids the repeated translation
steps that have to be done by the data provider. For costly
operations (e.g., spatial joins of complex geometries), it is
better to materialize the data. To improve performance, we
have implemented a caching mechanism so that queries that
result in the same API calls for a time window w, whose
length is a configurable parameter, can get cached data. We
also extended our system with the ability to integrate other
kinds of data e.g., HTML tables and social media data (e.g.,
twitter, foursquare). In our current work, we are developing
further optimisation techniques to improve performance.

Participants of the ESA Space App Camp (www.app-camp.
eu/) that was organised in September 2017 and 2018 had the
opportunity to use the Copernicus App Lab technologies to
implement demo applications. The objective was to make
EO data, particularly from Copernicus, accessible to a wide
range of businesses and citizens. The developers of the win-
ning teams AiR and URBANSAT used Copernicus App Lab
tools to access and integrate data from different sources.

It is important to point out that an approach very simi-
lar to our projects TELEIOS, LEO, Melodies and Copernicus
App Lab is currently been taken by the CREODIAS platform,
a cloud-based one-stop shop for all Copernicus satellite data
and imagery, as well as the Copernicus services information
(https://creodias.eu/). The CREODIAS approach is limited
though since only metadata of Copernicus datasets are avail-
able as linked data and can be queried by relevant discovery
tools. We, on the other hand, allow users to also make infor-
mation and knowledge extracted from Copernicus data avail-
able as linked data. In this way it can be combined with other
linked datasets (public or private) and enable the development
of applications by mobile developers easily. In this way we
contribute to the value dimension of big Copernicus data.

Google has recently activated the beta version of its
dataset search (https://toolbox.google.com/datasetsearch),
where the datasets that are indexed using schema.org (https:
//schema.org/), as proposed by Google, show up. We have
followed these guidelines and annotated all the datasets used
in the use case of Section 3, and made them available at

the following link: http://kr.di.uoa.gr/#datasets. We have
also recommended that the same practice is followed by the
Copernicus services we have worked with (land monitoring,
global land and atmosphere services). Our current work fo-
cuses on designing an extension to the community vocabulary
schema.org appropriate for annotating EO data in general and
Copernicus data in particular, by extending the class Dataset
with subclasses and properties which cover the EO dataset
metadata defined in relevant OGC standards.

5. SUMMARY

The Copernicus App Lab project targets the variety and vol-
ume challenges, and has developed a novel software stack that
can be used to develop applications using Copernicus data
even by developers that are not experts in EO. We presented a
case study developed using the Copernicus App Lab software
stack and discussed lessons learned and future plans.
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ABSTRACT 

The Copernicus Sentinel-2 mission offers new 

opportunities for mapping human settlements over large 

areas and for the update and improvement of the Global 

Human Settlement Layer. This paper presents the fully 

automated processing workflows tailored for large scale 

mapping of built-up areas from Sentinel-2 imagery. The first 

results provide insights into the capabilities gained either by 

analyzing separately optimally selected S2 tiles or by the 

processing a best-available-pixel composite over large areas.   

Index Terms— Global Human Settlement Layer, built-

up areas, Sentinel-2, pixel composite, JRC Big Data 

Platform  

1. INTRODUCTION 

The successful launch of the Copernicus Sentinel satellites 

marked a new era in the Big Data landscape and stirred the 

need for the development of operational image processing 

workflows that produce actionable, trusted, and robust 

information for different application areas based on free and 

open data. Mapping and monitoring of human settlements at 

a global scale is one particular application area that can 

greatly benefit from the Earth Observation data revolution 

brought by the Sentinels:  

The two first missions, Sentinel-1 (S1) and Sentinel-2 (S2) 

operational since October 2014 and December 2015, 

respectively, provide free time series suitable for monitoring 

built-up areas changes at global scale. Sentinel-1 is designed 

as a constellation of two synthetic aperture radar (SAR) 

satellites, namely Sentinel-1A (launched in April 2014) and 

Sentinel-1B (launched in April 2016), offering a full 

systematic coverage of the land surface at a global level in 

the Interferometric Wide swath mode every six days. With 

such characteristics, Sentinel-1 gives the possibility to 

provide up-to-date global information on the status and 

evolution of human settlements and allows regular updates 

of built-up areas. Sentinel-2 satellites A and B, with the 

Multi Spectral Imager (MSI) instrument provide a 5-day 

revisit, 10 m pixels in visible bands: specifications which 

cover a number of human settlements mapping 

requirements. The complementarity of the two sensors can 

be used to compile a joint cloud-free global image database 

at a fine spatial resolution for mapping human settlements. 

 

In 2016, the first map of human settlements (GHS_S1) to be 

fully derived from a global coverage of Sentinel-1 data was 

produced in the framework of the Global Human Settlement 

Layer (GHSL) project of the European Commission [1]. 

Two main components were key to the success of this Big 

Data challenge: 1) the advanced machine learning 

technology used for the automatic information extraction 

and which builds on the Symbolic Machine Learning (SML) 

classifier originally designed to deal with big data scenario 

and 2) the versatility of the Joint Research Centre Earth 

Observation Data and Processing Platform (JEODPP) [2] 

that allowed the selection, download, storage and mass 

processing of 6,721 S1 scenes used in the production of the 

GHS_S1 layer and the associated global mosaic [3] .  

 

The latest developments presented in [1] in terms of the 

computationally efficient SML classifier combined with the 

growing capacity of the JEODPP to deploy consolidated 

information extraction workflows and the opportunity to 

leverage on the systematic coverage of Sentinel-2 are of 

great interest for the purpose of human settlements at a 

global scale [2]. The potential and added-value of Sentinel-2 

data for improving high-resolution human settlement 

mapping was demonstrated in [4] in a pilot study covering 

selected areas in Italy. Scaling up the methods to cover large 

geographical areas involves new challenges related to: 1) the 

adaptation of the workflows to the characteristics of the 

large and heterogeneous coverage of Sentinel-2 imagery, 2) 

the need to optimize the selection the images to address the 

access, storage and computations requirements, 3) the 

automation of the information extraction methods while 

allowing flexibility in the choice of the area to be processed 

and efficiency in I/O. 

 

The present work proposes two automated workflows 

tailored for large scale mapping of built-up areas from 

Sentinel-2 imagery. The workflows take into account the 

need to reduce the computations requirements while still 

enabling the coverage of large areas such as full countries, 

continents or even all landmass. The underlying idea is to 

provide solutions for automatic information extraction from 

Sentinel-2 data feeds that can work both in cloud 

environments or standard clusters.  
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2. OPTIMIZED GLOBAL COVERAGE OF 

SENTINEL-2 INPUT DATA  

2.1. Optimized selection of S2 tiles  

Since February 2018, S2 mission started fully exploiting the 

two satellite units of the constellation and delivering over 4 

Terabytes of daily data on the Copernicus portals. For the 

purpose of mapping of human settlements at a global scale, 

it is needed to select from the millions of available S2 

images, the best subset that covers the full landmass and 

minimizes the cloud coverage and the amount of data to be 

stored and processed. 

 

The selection was performed at the 100 x 100 km tiles 

according to the Military Grid Reference System (MGRS) in 

which the S2 images are provided by the European Space 

Agency (ESA). The selection process itself was based on a 

floating forward search of all available quicklooks and cloud 

maks [5]. The quicklooks represent a spatial and spectral 

subset of the level 1C products. At each iteration the most 

significant quicklook image was included in order to obtain 

the minimum number of images required for a cloud free 

composite.  

The maximum number of overlapping images was 

constrained to five. As a result, less than 5% of the available 

S2 images in 2017 were selected. On average, 3.16 

overlapping images were needed for a cloud free global land 

cover composite (see FIGURE 1). Due to a lack of snow 

mask, an important number of selected images were covered 

with snow. Therefore, the selection process was repeated for 

latitudes above 45 degrees North, selecting only images 

acquired during summer season. 

 

 
FIGURE 1. Number of overlapping image tiles (M) in the optimal 

subset obtained from the selection algorithm with max(M)=5.  

2.2. Generation of a global cloud-free image composite  

Based on the selection of quicklook images as discussed in 

section 2.1, the level 1C products at full spatial and spectral 

resolution were downloaded. A maximum composite was 

then calculated, based on the maximum normalized 

difference vegetation index (NDVI) for each pixel (see 

FIGURE 2). 

 

 
FIGURE 2. World composite based on selected Sentinel-2 quicklooks. 

2.3. Atmospheric correction of input data 

All 92,985 downloaded tiles were stored on the JEODPP 

and atmospherically corrected using the Sen2Cor L2A 

processor (version 2.5.5; European Space Agency. 

http://step.esa.int/main/third-partyplugins-2/sen2cor/ 

(accessed May 2018), which performs topographic 

correction and transforms top-of-atmosphere reflectance 

(TOA) to bottom-of-atmosphere reflectance (BOA). Scene 

classification and cloud masks are produced for each scene 

in the Sen2Cor process to allow for cloud and shadow 

masking prior to further analysis. On the basis of the scene 

classification, the percentage of cloud /shadow coverage 

over land was calculated.  

 

 
FIGURE 3. Distribution of the number of S2 tiles by percentage of 

cloud/shadow pixels over land derived from L2A scene classification. 

 

Figure 3 shows the distribution of the number of tiles by 

percentage of cloud/shadow pixels over land. It shows that 

despite the quality check and the selection criteria, there are 

around 1,480 selected tiles with 100% cloud/shadow 

coverage over land. This is related either to the persistent 

cloud coverage (e.g. over mountainous areas, tropical zones) 

and to the non-consideration of the cloud shadows and the 

land surface in the selection schema that is based on image 

quicklooks and the poor quality of the cloud masks in vector 

format delivered with the imagery. A better cloud mask as 

well as the introduction of a new mask indicating cloud 

shadows could greatly improve the results. 
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FIGURE 4. Tile-based fully automated workflow for built-up areas 

extraction from S2 surface reflectance data. 

3. PROCESSING FLOWS FOR BUILT-UP AREAS 

EXTRACTION FROM SENTINEL-2  

The GHSL production workflow builds on the Symbolic 

Machine learning (SML) method that was designed for 

remote sensing big data analytics. The SML schema is based 

on two relatively independent steps: 

(1) Reduce the data instances to a symbolic 

representation (unique discrete data-sequences); 

(2) Evaluate the association between the unique data-

sequences subdivided into two parts: X (input features) and 

Y (known class abstraction derived from a learning set). 

In the application proposed here the data-abstraction 

association is evaluated by a confidence measure called 

ENDI (evidence-based normalized differential index) which 

is produced in the continuous [-1, 1] range. Details on the 

SML algorithm and its eligibility in the framework of big 

data analytics may be found in [6]. This classification 

technique has been successfully applied for the processing 

of Landsat data records of the past 40 years and for 

generating the first GHSL multi-temporal global product 

(GHS-Landsat) [1]. 

3.1. Tile-based processing workflow  

A first proof-of-concept demonstrated the added-

value of S2 data in improving global high-resolution human 

settlement mapping [4]. In the current study, the initial 

algorithm proposed and which builds on the SML classifier 

is extended to exploit the key features of S2 data: i) the 

availability of four 10 m spatial resolution bands (B2-Blue, 

B3- Green, B4- Red and B8- Near Infrared), ii) the 

availability of six bands at 20 m resolution especially in the 

Near Infrared and Shortwave Infrared (B5, B6, B7, B8a in 

Near Infrared and B11, B12 in Shortwave Infrared), iii) the 

output classification of Sen2cor that can be used for a 

stratified learning of built-up areas by landcover class. 

 

The following features (X) derived from Sentinel-2 are used 

for the classification of the Sentinel-2 image with the SML 

approach: i) Spectral features: the three 10 m resolution and 

the seven 20 m bands , ii) Textural features: a textural 

feature derived from the brightness (corresponding to the 

maximum of the visible bands at 10 m) by applying the 

Pantex methodology [7]. The textural feature is used for 

refining the output confidence layer by eliminating 

overdetections, especially roads and open spaces identified 

as built-up. The learning set (Y) is based on the built-up as 

derived from the GHSL-Landsat. The rough classification 

output of the Sen2Cor is used during the associative analysis 

for stratifying the learning set of built-up derived from 

GHSL-Landsat. This allows tailoring the training set to the 

image under processing especially in the presence of clouds 

or cloud shadows and hence allows reducing commission 

and omission errors. The output confidence is further 

refined using a global annual composite of maximum 

Normalized Difference Vegetation Index (NDVI) derived 

from Bands B4 and B8 of all S2 images. This global layer 

was calculated in Google Earth Engine using TOA S2 

images acquired in 2017. The diagram in Figure 4 presents a 

simplified version of the workflow for the classification of 

S2 image tiles. The processing chain is implemented using a 

massively parallel workflow that runs at tile level. The 

output confidences of overlapping and redundant are then 

tiled and mosaicked hence achieving reduced computation 

time, allowing easy replacement of image tiles in case of 

availability of better quality data and ensuring continuity 

across reference years in the case of updating the product 

specifications. 

 

3.2. Composite-based processing workflow 

An alternative workflow has been also developed for 

processing of pixel-based image composites as opposed to 

scene (tile)-based image processing. The workflow aims at 

exploiting the best-available-pixel composite by offering a 

novel opportunity to generate built-up information products 

that are spatially contiguous over large areas and in a 

manner that is dynamic, transparent, systematic, repeatable, 

and spatially exhaustive. The main differences with respect 

to the tile-based workflow are the following: 

 The applicability to both TOA and BOA input data, 

 The exclusion of the L2A scene classification from the 

learning schema because of its irrelevance in the case of 

the pixel-based composite, 

 The use of the 10 meter bands as input, instead of all 10 

and 20 m bands, as a compromise between memory 

efficiency and the need to cover large areas (i.e. 

equivalent to 5 x 5 S2 images tiles of 100 x 100 km 

each). 

To avoid artifacts in the output confidence layer due to the 

arbitrary partitioning of the composite, the workflow is 

executed with a block processing approach including an 
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overlap of 25% across neighbouring blocks. The outputs 

confidence layers from overlapping blocks are then merged 

using the average operator.  

4. FIRST RESULTS 

4.1. Visual assessment of the results 

The workflows were tested in a pre-operational setting 

on large areas covering China, Italy, France and selected 

cities in Asia and Africa. The figures below show the output 

confidence layer of built-up areas obtained from the 

processing of 6,068 S2 tiles covering China (Figure 5). A 

close view over Beijing shows artifacts in the tile-based 

processing workflow due to the artificial partitioning of S2 

images into footprints (Figure 4b). Despite the mosaicking 

of the results, these artifacts can still be observed especially 

in the case where two adjacent tiles are acquired in two 

different seasons with significant differences in the density 

of the vegetation coverage. 

 

 

 
FIGURE 5. A) Results of built-up areas extraction in China shown in 

terms of confidence measure (ENDI rescaled in the range [0,1]). B) 

Close view of the output of the tile-based workflow over Beijing 

compared to C) the output from the composite based workflow. 

4.2. Visual assessment of the results 

The two workflows were compared in terms of 

performance. A large scale test for assessing the 

performance has been has been implemented for the same 

extent in China, covering a total area of 6,210,000 Km
2
. The 

processing was accomplished using a conventional cluster, 

consisting of 16 processing nodes (E5-2650v2@2.60 GHz) 

with a total amount of 256 GB of RAM. The operating 

system is CentosOS 6.9. Memory usage constraints bounded 

the number of concurrent jobs to a total of 2 jobs for the 

composite workflow, resulting in a total processing time of 

~12 hours. With 10 concurrent jobs, the tile-based workflow 

was completed in 15 hours. The results of the test are 

summarized in Table 1. They show the suitability of both 

workflows for the processing of large areas and give 

indications on the scalability potentials of the methods.  

 
TABLE 1. Performance assessment of the two workflows 

 

5. CONCLUSION AND OUTLOOK 

In this paper two workflows for large scale automatic 

extraction of built-up areas from Sentinel-2 imagery were 

presented. Both methods build on the SML classifier, but 

are tailored to the processing of either single tiles or pixel 

composites of S2 tiles. The results for both methods are 

promising, suitable for information retrieval from big 

volumes of S2 data and offer new prospects for large scale 

mapping of built-up areas from S2 data. The combination of 

outputs from both methods is foreseen for the mapping of 

human settlements at the global level in view of updating 

the GHSL. 
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Tile Based workflow Composite based workflow

Input  1865 S2 tiles (100 x 100 km tiles) 276 blocks  (150x150 km blocks) 

Processing time   15 h 12 h

Number of concurrent jobs 10 2

RAM requirements per job 22 GB 120 GB

a) 

b) c) 
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ABSTRACT 

This paper describes the Heliospheric Data Center 

(HDC), a near-real time data management and processing 

system, designed and implemented to provide space weather 

services. The main system goal is to reduce the time between 

the space weather services definition and their activation in  

production environment. This goal is achieved providing 

several key elements to users: tens of integrated data sources 

from past and current missions, easy data integration through 

enriched standard data model, big data technologies used to 

overcome data management and processing challenges and 

integrated auxiliary tools and dataset for performing product 

validation. The first system version was developed within the 

framework of the Heliospheric Space Weather Center project, 

resulting from a joint effort between ALTEC S.p.A. and 

INAF-OATo, both located in Turin (Italy), for providing 

medium and short-term forecast of geo-effective space 

weather events, such as the coronal mass ejections (CMEs). 

Index Terms— data store, data management, data 

processing, metadata, data model, neural networks, space 

weather, forecast 

1. INTRODUCTION 

Space weather refers to the environmental conditions due to 

the Sun activities that can influence the functioning and the 

reliability of space borne and ground-based systems and 

services or endanger property or human health. For this 

reason, it is important to be able to predict such phenomena, 

in order to limit possible damages. Space weather phenomena 

propagate from the Sun to the Earth, involving ambient 

plasma, the Earth magnetosphere, ionosphere and 

thermosphere. Therefore, signals related to them are 

observable in different datasets acquired by several space and 

ground-based instruments. Moreover, depending on the 

considered dataset, the evidence of the detected solar 

phenomena has different time-scales. As a result, the main 

features that a system design for space weather forecasting 

should have are the capability to manage several data types 

and reduced processing times. 

Within this framework, we developed the HDC aiming 

at two main objectives: consolidate and evolve the 

heliospheric data center initially set up with the SOHO data 

coming from the ESA-approved SOLAR and develop a 

Heliospheric Space Weather Center for forecasting impacts 

of solar disturbances in the heliosphere and on the Earth’s 

magnetosphere. 

Management of different data products is one of the most 

important features of the HDC, which is hosted at ALTEC 

S.p.A., in Turin. Data products are different in format and in 

availability and they are stored in different repositories 

accessible using different protocols. These heterogeneous 

data shall be processed and accessible to scientists, so their 

metadata represent a key factor for the Center. In this respect, 

SPASE data model has been selected for a double reason: it 

allows to collect all useful information related to different 

data products (time series, images, etc.), and it permits to 

exchange products with other centers. 

The management framework used in HDC, i.e., the 

ALTEC Space Data Processing (ASDP), is characterized by 

flexibility and extensibility. As a matter of fact, this 

framework is easily extensible in terms of: software that can 

be integrated, supported metadata and processing resources. 

It can be deployed on a distributed environment (cloud) too. 

In ASDP for HDC, three different processing pipelines 

have been integrated and can run at the same time: remote 

sensing (medium-term forecast), in situ and neural networks 

(short-term forecast). In particular, each one of them is fed 

using datasets acquired by different on-going space missions. 

All generated products are stored and their metadata are 

described using a data model. 

Medium-term forecast (by less than ~2 days) is based on 

remote sensing observations of the Sun and the heliosphere. 

Short-term forecast services (by less than ~2 hours) process 

in situ heliospheric observations at the Sun-Earth Lagrangian 

point L1. Short-term forecast is executed observing the 

magnetic helicity and also using neural networks. 
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2. SYSTEM ARCHITECTURE 

The architecture of the data management system (see Fig.1) 

is complex and consists of data stores to archive input data, a 

metadata data store configured in high availability and 

processing data stores to prepare data. The input archive is 

implemented through object storage technology. Moreover, 

due to its level of flexibility, we choose to base the metadata 

repository on Elasticsearch. Finally, the implementation of 

the processing data store is strictly dependent on the 

applications. A product manager component hands all 

different data stores and offers a transparent data access 

service. 

 
Fig. 1 System Architecture 

ALTEC defined and developed a framework with the main 

aim to process a big amount of data allowing a seamless 

connection between the collected information and the 

analyses performed by end users. This is the ASDP 

environment. 

2.1 ALTEC Space Data Processing (ASDP) 

The ALTEC Space Data Processing (ASDP) is a distributed 

data processing framework designed for providing a flexible 

system capable to handle and process a large variety and 

amount of data. 

ASDP is not a self-standing solution but it allows 

integrating both existing and new coded algorithms, enabling 

automatic processing of large datasets and complex pipelines. 

It enables to organize data in the most suitable domain data 

store in order to be ready for complex analysis. Innovative 

analytics algorithms can be easily activated in order to mine 

data and extract relevant information. 

ASDP takes advantage of containers technologies. This 

simplifies its deployment in any distributed environments, 

allows runtime expansion of the system, and eases the 

integration tests. ASDP uses: 

 AKKA framework for messaging and cluster 

managing [2];  

 Docker as container technology [3]; 

 Elasticsearch as metadata repository [4];  

 Apache Cassandra for database storage of the 

products [5]; 

 Apache Spark as computation framework, 

specifically used for advanced data analysis [6]; 

 Jupyter notebooks, written in Python language, as 

user interface to execute this analysis [7]. 

ASDP containers are deployed through docker-swarm 

technology that is a clustering and scheduling tool for Docker 

containers. With Swarm, IT administrators and developers 

can establish and manage a cluster of Docker nodes as a 

single virtual system. 

3. NEAR REAL TIME DATA MANAGEMENT 

3.1 Data Flow 

Data flow starts with data crawling and ingestion. The 

crawler is the component that queries remote repositories for 

new data products and triggers internal ingestion and 

processing pipelines. 

Remote repositories are heterogeneous and store 

different data formats. The crawler shall check whether data 

have already been ingested in ASDP; if they have not, the 

products will be downloaded, otherwise they will be skipped. 

The crawling can be enabled, disabled and scheduled for each 

type of data with different polling periods. 

 
Fig. 2 Data Flow 

Crawled products are remote sensing and in situ data. In 

particular, the in situ measurements relevant for the HDC are 

those acquired by the following space instruments: DSCOVR 

Faraday Cup (FC), DSCOVR Magnetometer (MAG), 

WIND/MFI, STEREO/Plastic, WIND/SWE, ACE/Mag and 

ACE/Swepam. The retrieval of these data is integrated in the 

Heliospheric Data Center, except for ACE/Mag and 

ACE/Swepam. On the other hand, remote sensing data 

ingested by the HDC consist of the images acquired by the 

solar coronagraph on-board of SOHO satellite, i.e., LASCO 

C2/C3. 

All ingested products are retrieved by querying their 

related online archives, which are published in different 

server typologies like FTP, HTTP, etc., and are available with 

different frequencies according to the related instrument 

sampling time. For instance, remote sensing data acquired by 

LASCO C2/C3 are available with a frequency of about 12 

minutes. On the other hand, in situ instruments are 
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characterized by a higher sampling frequency and new 

measurements are available each minute, as in the case of 

DSCOVR data. 

Products are stored in an archiving file system shared by 

all the nodes of ASDP processing cluster, while metadata are 

stored in Elasticsearch where it is possible to enable and 

schedule snapshots of the repository.  

3.2 Data integration and data model 

Data integration is obtained through a flexible and scalable 

design and the implementation of a set of interoperable data 

stores. After their download, data products are ingested in 

ASDP and their metadata are extracted. Metadata is a key 

factor for organizing solar dataset. HDC uses the SPASE data 

model, which is the most widespread data model in virtual 

observatory. 

SPASE is a set of terms and values along with the 

relationships between them that allows describing all the 

resources in a heliophysics data environment. SPASE aims at 

unifying and improving existing Space and Solar Physics data 

models. SPASE divides the heliophysics data environment 

into a limited set of resource types. A key resource type is 

Numerical Data. 

Describing completely a Numerical Data resource 

requires other types of Resources, namely Observatory, 

Instrument, Person, and Repository, whose names are self-

explanatory, and each one of them has its own set of 

attributes. Often, numerical data is presented in prepared 

images (gif or jpeg), and such presentations are referred to as 

Display Data resources. The other data related resource types 

are: Catalogue, listing events; Annotation, enabling experts 

to comment on data products; and Granule, describing 

individual files within another resource. Other types of 

resources include Document which can contain narratives or 

supporting information; Service that provide software to use 

data resources; Repository for storage locations; and Registry 

for metadata collections. Resource descriptions and the links 

therein are intended to make the Resource useful to scientific 

users. 

In order to better describe the output generated by the 

pipelines, we integrated SPASE with ESPAS data model. As 

a matter of fact, ESPAS allows describing better the 

processing, while SPASE describes better the structure of the 

data. 

ESPAS aims at building the e-Infrastructure necessary to 

support the access to observations, the modelling and 

prediction of the near-Earth space environment extending 

from the Earth's atmosphere up to the outer radiation belts. 

Data is described using a ‘scientific-friendly’ approach. 

3.3 Data access and visualization 

HDC has a dedicated interface for scientists. The homepage 

provides information related to the latest detected CME event 

and shows the latest data related to the Sun, the Heliosphere 

and the Earth magnetosphere. 

 
Fig. 3 HDC Home Page 

For each event, it is possible to view the physical parameters 

computed by pipelines. Moreover, the interface provides the 

opportunity to download all data ingested in HDC and 

pipelines products, in order to execute off-line data analysis. 

Data can be accessed by product type, generation and sensing 

date (for ingested product).  

The operation interface, instead, allows to check if the 

HDC pipelines are running correctly and interact with the 

system, if necessary. Moreover, it enables modifying the 

ingestion product pipelines altering the polling period for 

download or stopping the ingestion of a specific data product. 

The operator can modify metadata of each data products and 

can look for products using a flexible pseudo-SQL language. 

4. DATA PROCESSING 

Three different pipelines are integrated in ASDP: remote 

sensing, in situ and neural networks. Pipelines are developed 

using different technologies that have been integrated thanks 

to the flexibility of ASDP. Furthermore, data processed are 

different in format and multiplicity. 

Remote sensing pipeline exploits the SolarSoft system, 

an IDL based system built from libraries related to several 

solar missions. The near real time ingestion of the latest 

available fits file starts the pipeline. The first step is the image 

calibration. The calibrated image is then analyzed and, if an 

event of interest is detected, an algorithm retrieves the CME 

physical parameters and computes its propagation time until 

it reaches L1 and the probability of impact on Earth. 

The in situ pipeline starts with the ingestion of data in 

real time. For each run, the pipeline is fed with the latest 28 

days data, which are processed in order to forecast solar 

geoeffective events. 

The remote sensing and the in situ pipeline outcomes are 

then compared in order to improve the final event forecast. 

The recurrent neural network pipeline uses TensorFlow 

library and python scripts [8]. This pipeline processes real 

time data; the recurrent network, trained using WIND data, 

stores a temporal model of solar wind employed to perform 

predictions. 

4.1. Deep Learning Integration 

The integration of neural network pipeline has involved 

python code, TensorFlow library, integration with 
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PostgreSQL database and the creation of a specific docker 

container [9]. The pipeline processes the in situ data acquired 

by the DSCOVR payloads, stored in database, in order to 

predict the DST geomagnetic index value that will be 

measured within few hours. HDC processes neural network 

TensorFlow trained models to tell if a weak, moderate or 

intense storm is about to happen in 2, 4 or 8 hours (all 

thresholds are customizable). 

4.2. Scientific pipelines integration 

The integration of the scientific pipelines within the HDC 

takes advantage of the ASDP flexibility. The pipelines are 

composed by different blocks that execute algorithms coded 

in different languages as python and IDL. Moreover, input 

data are read from different data stores: file system and 

database. 

5. VALIDATION RESOURCES 

Several tests have been performed in order to integrate 

algorithms and validate the scientific results. Tests have been 

executing exploits the features of ASDP framework that 

allow the creation of automatic test writing a common XML 

files.  

Furthermore, the validation of the scientific results 

requests the development of suitable tools and selected 

different auxiliary data sets related to near real time 

measurements and historical data collected within CME 

catalogues available online. 

5.1. Auxiliary data 

HDC ingests data necessary for a backward verification of the 

pipelines outcome too. In particular, in order to verify 

whether the detected event reached the Earth’s 

magnetosphere within the predicted time, the DST index is 

downloaded and compared with a threshold value. The 

availability frequency of this data is about one hour. 

Furthermore, SOLAR – SoHo Long-term Archive, 

which contains SOHO data approved by ESA – is integrated 

and managed in HDC. 

5.2. Validation tool 

HDC flexibility allows the creation of tools to validate 

pipelines. These tools can exploit external framework and can 

be coded in different language (i.e. python). Moreover, tools 

can use different data products. 

The remote sensing pipeline validation is based on the 

comparison between the obtained results and the CME 

catalogues available online. In this respect, two different 

catalogues have been considered: LASCO CME catalogue 

and CACTUS catalogue. The former is a manual catalogue 

and, for this reason, it is unfortunately out of date. On the 

other hand, CACTUS is an automated catalogue, which 

reports less information but it is available in near-real time. 

In situ pipeline outcome is validated considering the DST 

geomagnetic index. New data is available every hour; 

therefore, after its ingestion, ASDP executes the validation 

pipeline. 

6. FUTURE PROSPECTS 

The capacity to manage different data products, different data 

stores, different frameworks and libraries allows 

improvements in terms of algorithms and services.  

Additional data archives of both existing missions (e.g. 

SDO) and new missions that will be available in the next 

years (i.e. Metis, PROBA-3) will be managed at HDC. Radio-

telescope data are under investigation before trying to 

integrate it in the Center. 

New version of both remote sensing and in situ 

algorithms will be integrated as soon as possible. Moreover 

the crosscheck between these two pipelines shall be 

developed. The neural networks pipeline shall be improved 

to run in near-real time using DSCOVR data products. 

Furthermore, new neural networks pipelines could be 

developed and integrated. Now, this pipeline processes 

numerical data but it could run on image products. 

From a technical point of view, the ASDP cluster could 

be deployed using Kubernetes instead of Docker Swarm 

which is currently used [10]. Another important feature to be 

addressed in the next future is the improvement of the backup 

techniques. 
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ABSTRACT 

This work is aimed at showing that an effective integration 
of advanced remote sensing methods and new ICT 
technologies allows the full exploitation of large volumes of 
Earth Observation (EO) data, contributing to deeply 
investigate the Earth System processes and to address new 
challenges within the Big Data scenario. 
In particular, we present an automatic pipeline implemented 
within the Amazon Web Services (AWS) Cloud Computing 
platform for the interferometric processing of large Sentinel-
1 (S1) multi-temporal SAR datasets, aimed at analyzing 
Earth surface deformation phenomena at wide spatial scale. 
The developed processing chain is based on the advanced 
DInSAR approach referred to as Small BAseline Subset 
(SBAS) technique, which allows producing, with centimeter 
to millimeter accuracy, surface deformation time series and 
the corresponding mean velocity maps from a temporal 
sequence of SAR images. The implemented solution 
addresses the aspects relevant to i) S1 input data archiving; 
ii) interferometric processing of S1 data sequences, 
performed in parallel on the AWS computing nodes through 
both multi-node and multi-core programming techniques; 
iii) storage of the generated interferometric products. The 
experimental results are focused on a national scale DInSAR 
analysis performed over the whole Italian territory by 
processing 18 S1 slices acquired from descending orbits 
between March 2015 and April 2017, corresponding to 2612 
S1 acquisitions.  

Index Terms— DInSAR, P-SBAS, Sentinel-1, 
Deformation time series, Cloud Computing 

1. INTRODUCTION 

The Big Data paradigm is bringing revolutions in many 
scientific fields. A very relevant one is represented by Earth 
Observation (EO) where it is opening promising 
investigation opportunities and facing new challenges. 
Among several applications, the EO techniques have already 
shown to be very powerful for the detection and analysis of 
surface deformations due to their characteristics of large 

spatial coverage, high accuracy and cost effectiveness. The 
investigation of Earth surface deformation phenomena 
provides critical insights into several processes of great 
interest for science and society, especially from the 
perspective of further understanding the Earth System and 
the impact of human activities. In this scenario, Differential 
Synthetic Aperture Radar (SAR) Interferometry (DInSAR) 
is regarded as one of the key EO methods for its ability to 
investigate surface displacements affecting large areas of the 
Earth with centimeter- to millimeter-level accuracy [1]. 

Basically, the DInSAR technique allows generating 
spatially dense deformation maps by exploiting the phase 
difference (interferogram) between pairs of complex SAR 
images. Among several advanced DInSAR algorithms, a 
widely used approach is the Small BAseline Subset (SBAS) 
technique [2], which generates surface deformation time 
series and the corresponding mean deformation velocity 
maps by exploiting interferograms characterized by small 
temporal and spatial baselines between the acquisition 
orbits, in order to mitigate the decorrelation phenomena. 
The SBAS algorithm has already proven its effectiveness to 
investigate surface displacements with millimeters accuracy 
in different scenarios, such as volcanoes, tectonics, 
landslides, anthropogenic induced land motions, and it is 
capable to perform analyses at different spatial scales and 
with multi-sensor data [3]-[6]. 

Currently, the DInSAR scenario is characterized by a 
huge availability of SAR data acquired during the last 25 
years, comprising the long-term C-band European Space 
Agency (ESA) archives (e.g., ERS-1, ERS-2, and 
ENVISAT), the RADARSAT-1 and RADARSAT-2 C-band 
data sequences, those provided by the L-band ALOS-1 and 
ALOS-2 sensors and by the X-band generation of SAR 
sensors, such as the COSMO-SkyMed (CSK) and 
TerraSAR-X constellations. Moreover, a massive and ever 
increasing data flow is nowadays supplied by the C-band 
Sentinel-1 (S1) constellation of the European Copernicus 
Programme that is composed of two twin SAR satellites, 
Sentinel-1A (S1-A) and Sentinel-1B (S1-B), which have 
been launched on April 2014 and April 2016, respectively. 
The main S1 acquisition mode on land, referred to as 
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Interferometric Wide Swath (IWS), implements the Terrain 
Observation by Progressive Scans (TOPS) technique, 
specifically designed for interferometric applications: 
indeed, the nominal footprint of the S1 TOPS mode extends 
for about 250 km, thus allowing the constellation to operate 
with a global coverage acquisition strategy. The S1 
interferometric revisit time is either 6 days; moreover, 
thanks to both its intrinsically small spatial and temporal 
baselines, the S1 constellation is specifically oriented to 
DInSAR applications, thus it naturally fits the SBAS 
approach characteristics. Furthermore, the whole S1 archive 
is available with a free and open access policy, thus easing 
the data access and enlarging the scientific community 
interested in its exploitation, opening new research 
perspectives to understand Earth surface deformation 
dynamics at global scale. It is also evident that the S1 EO 
constellation, providing nowadays about 10 TB per day, is 
significantly contributing to move EO toward the Big Data 
“V” concept [7]. 
By considering the above described DInSAR scenario, it is 
clear that the development of effective solutions able to 
properly deal with the transfer, the storage, and, above all, 
the processing of such a huge SAR data flow is strongly 
needed. Within the framework of the advanced DInSAR 
processing, a parallel algorithmic solution for the SBAS 
approach, referred to as Parallel Small BAseline Subset (P-
SBAS) [8], which implements a complete advanced 
DInSAR processing chain and is able to exploit distributed 
computing architectures, has been recently developed. P-
SBAS permits to generate, in an automatic and unsupervised 
way, advanced DInSAR products by taking full benefit from 
parallel computing architectures, such as cluster, grid and 
cloud computing infrastructures [9][10].  

We present in this work the implementation of an 
interferometric processing chain based on the P-SBAS 
approach dedicated to the processing of S1 data within the 
Amazon Web Services (AWS) environment. It supports 
both multi-node and multi-core scheduling policies and 
permits to generate surface deformation time series from 
large volumes of S1 data, thus allowing us to perform 
national-scale DInSAR analyses. It is worth noting that the 
proposed S1 data interferometric processing chain deals 
with all the aspects relevant to the i) S1 input data archiving, 
ii) their processing and iii) the storage of the computed 
interferometric products. In particular, we developed an 
automatic pipeline, which includes the download of the S1 
input data from the AWS S3 archive towards the computing 
nodes, the launch and the completion of the P-SBAS 
DInSAR processing and, finally, the transfer of the 
generated results to the S3 long-term storage.  

As experimental results we show in this paper the 
national scale DInSAR analysis performed over the Italian 
territory by processing 18 S1 slices (where a slice indicates 
an area on the ground of about 250x250 km2) acquired from 
descending orbits during the March 2015 - April 2017 time 
span, corresponding on the whole to 2612 S1 IWS SLC 

images. Such an analysis was entirely carried out by 
exploiting AWS storage and computing resources. 
 

2. THE S1 P-SBAS PIPELINE WITHIN THE AWS 
CLOUD ENVIRONMENT 

The key issue related to the interferometric processing of 
S1 data is dealing with their huge volume, in terms of 
storage, data transfer and computational efficiency. First of 
all, a typical interferometric SAR dataset including hundreds 
of images can reach several hundreds of GB; moreover, 
throughout all the P-SBAS processing, a very large volume 
of intermediate and final products is generated (whose size 
is at least one order of magnitude larger than the input 
dataset). In order to cope with these issues, we selected, 
among the wide range of resources and services offered by 
the AWS environment, those better answering the 
requirements of the P-SBAS processing.  

The first problem relevant to large interferometric data 
processing is their transfer towards the computing nodes 
that, in the case of S1 datasets made of hundreds of images, 
can take a significant time. The solution is to use computing 
resources in proximity to the data, i.e. connected to the data 
archive through dedicated access bandwidth. Therefore, we 
created a public S1 data archive on the Amazon Simple 
Storage Service (S3), the long-term storage service of 
Amazon, containing all the Sentinel-1 data acquired over 
Italy, both from ascending and descending orbits, which is 
updated with new acquisitions every time new data on the 
Copernicus Open Access Hub are available.  Transferring 
data from the S3 storage to the instances of the Amazon 
Elastic Compute Cloud (EC2) is very fast thanks to the 
dedicated connection guaranteeing very high I/O 
performances.  

To achieve good computational efficiency, among the 
available AWS EC2 instances, we selected the i3.16xlarge. 
Such a machine is, on the one hand, a storage-optimized 
instance and so it is very well suited to sustain the intensive 
Input/Output workload of the S1 P-SBAS processing. On 
the other hand, it is characterized by very good 
computational performances, indeed it allows splitting the 
parallel jobs of the processing among 64 vCPUs. Obviously, 
since the S1 P-SBAS processing encompasses several steps 
that are very different both from the algorithmic point of 
view (image registration, interferogram generation, 
interferogram filtering, phase unwrapping, time series 
generation) and for the type of input data (bursts, images, 
interferograms, stacks of interferometric products), the 
number of tasks that run in parallel on different CPUs is 
specifically designed for each step of P-SBAS taking into 
account the multi-threading implementation, the RAM 
occupation and the I/O workload.  

In order to process all the 18 S1 slices acquired over 
Italy from descending orbits, we developed a completely 
automatic processing chain that starts querying the S1 
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archive on the S3 storage and downloading the data on the 
computing node and then launches the P-SBAS processing. 
Once it is completed, the final results are transferred and 
saved again on the S3 storage and the processing of a new 
slice is activated.  

3. EXPERIMENTAL RESULTS 

We present in this section the results of our national 
scale S1 P-SBAS DInSAR analysis carried out, through the 
AWS EC2 cloud platform, on the Italian territory. In 
particular, for such an analysis, we processed 18 S1 slices, 
covering an overall area of more than 300,000 km2, as 
shown in Fig. 1. We exploited in total 2612 S1 IWS SLC 
images acquired from descending orbits within the time 
interval March 2015 – April 2017. 

It is worth noting that the processing of a S1 slice lasts 
approximately 18 hours, thus suggesting that the overall 
analysis can be performed within one day by exploiting, in 
parallel, 18 i3.16xlarge AWS instances, with a cost of less 
than 1800 USD if on-demand instances are used. 

Fig. 2 shows the overall mean deformation velocity map 
obtained by merging the 18 geocoded mean deformation 
velocity maps relevant to the considered S1 slices, 
computed with a spatial resolution of about 80x80 m2. 
According to the color bar depicted in the Fig. 2, green color 
represents areas that are stable in terms of surface 
displacements, whereas the red and blue colors stand for 
negative and positive deformation velocity values, which 
correspond to an increase and decrease of the Line Of Sight 
(LOS) sensor-to-target distance, respectively. Moreover, in 
Fig. 2, we highlight four zones particularly relevant from the 
deformation viewpoint, which are delineated by the red 
rectangles (a), (b), (c) and (d) and are zoomed in the insets 
below. In particular, in Fig. 2a we report a sketch of the 
mean deformation velocity map relevant to central Italy. It is 
evident a deformation pattern characterized by a very large 
extent, which is associated to the seismic sequence that 
struck central Italy in 2016. Moreover, Fig. 2a highlights the 
presence of two lobes, characterized by both negative and 
positive LOS-projected displacement signals, respectively, 
which reveal a complex SW-NE oriented deformation 
pattern. Furthermore, we report the displacement time series 
relevant to two pixels (labeled as p1 and p2 in fig. 2a and 
marked by white stars), located in the maximum co-seismic 
deformation area. They clearly show the LOS-projected 
deformation signal associated to the occurred seismic 
sequence (see the red and blue vertical dashed lines that 
identify both the Amatrice and Visso/Norcia events). Fig 2b 
shows the mean deformation velocity map relevant to the 
Napoli Bay area. It is worth noting the significant 
deformation pattern corresponding to the area of the Campi 
Flegrei caldera, with the time series of a pixel located in the 
maximum deformation area clearly highlighting the uplift 
phenomena that have characterized this area during the 
2015-2017 time period. Fig 2c represents the mean 

deformation velocity map associated to the extended slope 
movements affecting the little town of Plataci (southern 
Italy) and corresponding time series of displacement for two 
pixels located in the maximum deformation areas on the 
opposite mountainsides. Finally, in Fig. 2d the mean 
deformation velocity map of the area of Gioia Tauro 
(Calabria, Italy) is depicted, together with the displacement 
time series relevant to two pixels located on a highway and 
in the harbor area, both showing significant subsidence 
behavior 

4. CONCLUSION 

EO data archives are expanding at an unprecedented 
speed, both in size and variety, creating the opportunity to 
boost the study and the knowledge of the Earth System 
dynamics. In this paper we presented a Cloud Computing 
pipeline for carrying out national scale interferometric 
analyses from large multi-temporal SAR datasets acquired 
by the Sentinel-1 constellation. We dealt with the main 
relevant issues of Big Data processing, by including also the 
storage of both the input SAR images and the generated 
interferometric value added products.  

To show the potentiality of the presented processing 
chain, we presented a national scale DInSAR analysis 
accomplished over the Italian territory by processing 2612 
S1 IWS SLC data (the overall dataset size is almost 12 TB) 
acquired from descending orbits within the March 2015 - 
April 2017 time span. In particular, we produced the mean 
surface deformation velocity map of the whole Italian 
peninsula with a spatial resolution of about 80x80 m2 and 

 
Fig. 1. Representation of the S1 slices acquired from 
descending orbits and processed through the S1 P-SBAS 
processing chain implemented within the AWS 
environment. 
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the time series representing the evolution of the surface 
deformation within the considered time interval. 
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Fig 2. Overall mean deformation velocity map of the Italian territory generated through the S1 P-SBAS processing chain 
implemented within the AWS environment. The red rectangles represent four areas characterized by significant deformation 
phenomena.  
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ABSTRACT 

The global geopolitical situation is highly dynamic and 

security issues rise all around the world. In this respect, 

decision makers have to take suitable actions to respond in 

due time to challenging situations. The European Union 

Satellite Centre (SatCen) is an Agency of the Council of the 

European Union (EU) whose mission is to support the 

decision making and actions of the EU in the field of 

Common Foreign and Security Policy (CFSP) by providing 

products and services resulting from the exploitation of 

relevant space assets and collateral data. To support SatCen 

in accomplishing its mission, R&I activities are carried out to 

make the maximum benefit from Earth Observation (EO) by 

applying state-of-the-art solutions in the field of data 

management and exploitation as well as incorporating new 

data sources appearing in the market in the latest years to 

establish new services and products offering.  

 

Index Terms— Space and Security, Earth Observation, 

GEOINT, Big Data, ESA, GEO, RTDI 

1. INTRODUCTION 

The entire world is facing challenges that are more diverse 

and less predictable than before. In particular, the domain of 

Security is presently fuzzing its boundaries, as areas like 

urbanization, social movements, political instability and 

climate change are challenging the current international state 

of play. International initiatives, such as the United Nations 

(UN) 2030 Sustainable Development Agenda1, are working 

towards a more sustainable future, with clear targets defined 

including peace and wellbeing of the population. To address 

these targets, geospatial (and collateral) data constitute a 

large, reliable and sustainable resource for Security 

applications. However, as the EO data are constantly growing 

in terms of variety, volume, velocity, veracity and value, the 

key challenge in the Space and Security domain is to improve 

the capacity to access, process, analyse and visualize huge 

amounts of heterogeneous data to provide decision-makers 

with timely, clear and useful information.  

The current geopolitical landscape and foreseen trends at 

international level for the coming period are challenging the 

way Geospatial Intelligence (GEOINT) is produced and 

delivered. Constantly, new channels are emerging with 

regard to data provisioning and how relevant information is 

                                                           
1 https://sustainabledevelopment.un.org/sdgs  

being made available to each user, also in terms of how value 

is being added to the GEOINT products. Moreover the 

dynamics of the GEOINT landscape (including policies and 

regulations) demand preparedness to incorporate in the 

workflows new solutions and technologies. Traditionally, the 

production chain in GEOINT is following pipeline or 

waterfall approaches, where controlled processes are used to 

create well defined products, the core value unit being an 

intelligence report. With the current technological ecosystem, 

including the proliferation of new sensors and 

instrumentation, communication and social media, as well as 

the evolution in processing and storage solutions, the balance 

is shifting. Today, GEOINT is being rethought from 

managing serial-flow processes to properly managing the 

interactions between data, users and systems, and organizing 

ecosystem resources [1].  

This paper discusses how SatCen is addressing the 

access and treatment of big geospatial data in an integrated 

framework that breaks away from the traditional waterfall 

approaches, considering two main factors: the increase of EO 

data and the way of managing them incorporating new 

technologies in an efficient manner. 

1.1. A Big Ecosystem of Big EO Data 

Big Data has become already a term used in almost every 

business sector, and most of the challenges that were being 

faced in the beginning of the hype have been, at least 

partially, resolved by the advances in storage solutions, cloud 

computing, communication systems, and the abundance of 

open Machine Learning and Data Science frameworks and 

tools. But while maturity has been reached to a certain extent 

at infrastructure and methodology level for conventional Big 

Data management, Big EO Data has still to reach its 

consolidation phase. This is not only due to the inherent 

complexity of the geospatial data itself, which requires 

specialized tools and understanding for proper information 

extraction and knowledge discovery, but also to the 

complexity of the sector with a visible increase in the number 

of new actors entering the market.  

The free, full and open access to EO data provided by the 

Copernicus Programme2 has been a game changer, creating 

the premises for new and innovative services in different 

domains, including Security (with a growing relevance of 

Sentinel-1 and 2 satellites for security applications [2], [3]). 

2 http://copernicus.eu/  
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These Medium-High Resolution satellites are adding value to 

the current image interpretation practices of the Space and 

Security community, based mainly on Very High Resolution 

(VHR) data, as they can provide quick views of large areas, 

and support pro-active monitoring of Areas of Interest (AOIs) 

in view of current or future tasks.  

In addition, in the coming years the access to – and 

availability of – satellite data is envisaged to follow a 

different approach from that of today as new data acquisition 

systems and new constellations are increasing the volume and 

the variety of EO data. In this context, the way to look at the 

classical 5 Vs of Big Data is advancing from data level to 

business level. Some operators already have in orbit or 

announced large constellation of EO satellites, which 

highlights the changing space market. But the dramatic 

expansion of available remote sensing data is not only due to 

the larger number of satellites in-orbit and expected satellite 

constellations [4]. Other acquisition systems such as Remote 

Piloted Aircraft Systems (RPAS) and High-Altitude Pseudo-

Satellites (HAPS) are reaching enough maturity to be 

considered as alternative or complementary systems to run a 

specific analysis over an Area of Interest (AoI). Open data 

sources (e.g. OpenStreetmap) and collateral data such as 

social media data from Twitter or mobile data, in-situ and 

citizen science are complementing imaging systems and 

enable exploitation.  

1.2. EO platforms for data management and processing 

EO platforms have demonstrated their capability of 

enhancing the traditional GEOINT production based on 

serial-flow processes performed at users’ workstations in 

terms of collaboration, efficiency and interoperability. 

Traditional software architecture for EO Platforms and 

processes are following a layered, n-tier, monolithic 

approach. Monolithic applications are simpler and faster to 

develop, deploy and operate, but they also show important 

limitations as they tend to grow in size along years of 

development, accommodating changes within a single source 

code base, making them harder to maintain. They are also 

harder to scale, since the whole application needs to be 

modified, scaled and deployed at once. Performance can be 

improved by running multiple copies of the application 

behind a load balancer (x-axis scalability), but functional 

decomposition is usually hard. Also, monolithic applications 

are usually written in a single programming language and 

they are based on a single technology stack. Nowadays, new 

disruptive technologies emerge very quickly, which makes 

long-term commitment to a technology stack less agile. 

The emerging approaches for EO Platforms are built upon 

innovative software architecture styles (e.g. microservices), 

that harness the power of new IT technologies and 

frameworks in response and anticipation of current and future 

                                                           
3 GEO Space and Security Community Activity 
4 https://www.big-data-europe.eu/ 
5 https://ever-est.eu/ 

needs coming from the rapid evolution of EO and cloud 

solutions [5]. Microservices, defined as “loosely coupled 

Service-Oriented Architecture with bounded contexts”, show 

important advantages compared to the traditional monolithic 

style [6]. Loosely coupling forces services to be mutually 

independent, meaning that they can be updated, upscaled and 

deployed without requiring any modifications to other 

services in the architecture. This service independency opens 

the possibility to use the right technology for each specific 

service. These new architecture styles are also the base for 

cloud-aware systems which are able to elastically scale 

utilizing the underlying hardware resources in an efficient 

way. As EO processing tasks might be computationally 

demanding, but demand for processing is usually intermittent 

with peaks and valleys of demand, cloud-aware systems can 

benefit EO Platforms providing a more efficient usage of the 

infrastructure. To adopt these solutions, it is important to 

understand and carefully design strategies to tackle their 

operational and networking overhead due to the added 

complexity and their distributed nature. 

2. STRATEGIES FOR SUSTAINABLE R&I IN THE 

SPACE AND SECURITY DOMAIN 

Being SatCen an EU Agency with a recognized operational 

capability, R&I activities are strongly driven by operational 

requirements. The SatCen Research, Technology 

Development and Innovation (RTDI) Unit has the primary 

role to assess state-of-the-art technologies and deliver 

innovative geospatial management solutions that can improve 

the SatCen operational capabilities to offer EO products and 

services to Space and Security stakeholders.  

To grow the SatCen innovation process, the RTDI Unit 

is building synergies mainly through cooperation with ESA 

(being responsible for the implementation of the cooperative 

activities defined in the ESA-SatCen Administrative 

Arrangement) and GEO (leading the Space and Security 

Community Activity3 and contributing to the EuroGEOSS 

initiative). To achieve successful pre-operational results, the 

evaluation of suitable technologies and applications is also 

supported through the participation in H2020 projects. The 

accomplished projects BigDataEurope4 and EVER-EST5 

constituted the pillars for the on-going projects NextGEOSS6 

and BETTER7, which demonstrate solutions applied to 

different pilot cases in the Space and Security domain. This 

enables gathering and usage of expertise not available in-

house, fosters cooperation, empowers the maximisation of 

the impact of the R&I activities within the Space and Security 

community and ensures the proper alignment with relevant 

European and global developments.  

Building on the experience and expertise gained from 

these activities, the RTDI Unit is consolidating SatCen in-

house innovation capabilities and implementing new 

6 https://nextgeoss.eu/ 
7 https://www.ec-better.eu/ 
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operational solutions looking at the whole EO and collateral 

data lifecycle by focusing on four main work streams:  

a) Use of new data acquisition systems such as HAPS, 

satellite constellations and RPAS (or even new sensors as 

thermal infrared or hyperspectral) that makes mandatory 

an adaptation of current SatCen operational flow to 

introduce these data sets; 

b) Ingestion of alternative data sources (e.g. mobile 

networks and social media) to get indicators of activities 

happening in specific AoIs, linking them to other 

geospatial information;  

c) Application of emerging technologies (e.g. Big Data, 

Cloud Computing, Interoperable Platforms, Artificial 

Intelligence and Machine Learning) to GEOINT 

activities;  

d) Innovative EO solutions (e.g. SAR based Change 

Detection services) to turn data into relevant insights. 

Figure 1 shows the RTDI paradigm to reach pre-operational 

phase of services and products, starting from stakeholders’ 

requirements. 

 

 
Figure 1. RTDI work streams 

3. MOVING TOWARDS A PLATFORM APPROACH 

FOR GEOINT 

To be able to efficiently validate new solutions and innovate 

service delivery in order to cope with the present-day world 

                                                           
8 http://www.eodataservice.org/ 
9 http://www.opengeospatial.org/  

challenges, the RTDI Unit is moving from a process-driven 

to a platform-driven approach implementing an operational 

EO Platform to access and process relevant data for SatCen. 

This new Platform is based on the evolution of RTDI 

preliminary developments [7] and on the 

extension/customisation of existing commercial solutions8, 

and it is envisaged as a main instrument for the conception, 

implementation and validation of new services and products 

to enlarge SatCen portfolio. Having this in mind, the 

definition of new EO applications and services is centered on 

the concept of enabling as many uses as possible of geospatial 

information. 

From a functional perspective, the Platform aggregates 

vertical functionalities, dealing with the full data exploitation 

cycle, putting together data and processes from different 

sources, enabling the exploitation of the huge (and growing) 

amount of data generated. Contrary to the traditional analysis 

in which users download data to their workstations to analyse 

them, unnecessary downloads of raw data are avoided in 

favour of enriched and more digested data. The Platform is 

designed to abstract the underlying hardware infrastructure in 

order to make use of it elastically, upscaling or downscaling 

IT requirements as and when required to cope with the 

intermittent computational needs. Additionally, the proposed 

modular design enables the evolution of services as well as 

the integration of new services on the go. Services are 

implemented using heterogeneous technology stacks and 

utilizing the IT infrastructure best suited for them (e.g. SSD 

for I/O exhaustive tasks, GPUs for advanced calculations). 

Instead of relying in custom interfaces, the proposed 

architecture is built upon interoperability, making use of 

well-defined open standards for communication interfaces 

between services. Special attention is taken to the standards 

defined by the Open Geospatial Consortium (OGC)9, since 

they are the most relevant for the domain (e.g. CSW and 

OpenSearch for Data Discovery; WCS, WMS, WFS for Data 

Access; and WPS for Data Processing). 

The Platform will take advantage of new IT frameworks 

and technologies for this change of paradigm. Docker10 is a 

good example of such technologies as it allows to run 

software components, securely isolated in containers, 

packaged with all its dependencies and libraries. Contrary to 

traditional Virtual Machines, containers can be faster and less 

resource heavy, presenting lower system overhead, so that 

taking up a container takes few seconds compared to minutes 

of a VM. Additionally, the Docker Engine provides an API 

for interacting with the Docker daemon with built-in 

functionalities to run containers and processes seamlessly. 

Therefore, containers are well-suited elements to encapsulate 

distributed services and processes that can be dynamically 

started, upscaled, or dismissed in seconds. Accompanying 

Docker, orchestration frameworks like Swarm and 

Kubernetes11 are used to coordinate and run the multiple 

10 https://www.docker.com/  
11 https://kubernetes.io/  
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components in a highly available and fault tolerant fashion. 

Finally, with the explosion of cloud computing, which offers 

a rapidly scalable infrastructure with seemingly infinite 

computational and storage resources over the Internet, 

minimizing as well operative efforts, the capacity of IT 

systems is rarely an issue. The approach followed in the 

Platform considers only vendor - and platform - agnostic 

solutions to ensure long-term sustainability as well as to 

support on-premises deployment in view of the risks derived 

from the management of classified information on the cloud. 

Cybersecurity and information assurance are also key issues 

when dealing with the distributed architecture of the Platform 

and the access to data. The Platform is designed to put in 

place authentication, authorization, access control and 

security mechanisms to ensure safe and secure access to data, 

processes and results generated, as well as convenient 

auditing capabilities by registering user actions. 

4. INITIAL SERVICES 

An initial set of services, built on the outcomes of a number 

of past and current RTDI initiatives, has been identified to be 

deployed as use cases to validate the Platform: 

a) Pre-processing of Sentinel-1 and Sentinel-2 data (PREP) 

Chain of pre-processing modules to obtain an ortho-

rectified image to be visualized or downloaded for further 

analysis on external tools; 

b) Amplitude Change Detection on Sentinel-1 (ACD)  

Compare two Amplitude SAR images after pre-

processing to produce Change Detection maps available 

in raster or vector format (after clustering);  

c) Multi-temporal Coherence on Sentinel-1 (MTC) 

Generate a Coherence image from a couple of SLC 

images to be visualized with the Amplitude of the Master 

and Slave images in an RGB complex; 

d) Automatic Change Detection on Sentinel-2 (CDS2) 

Compare two optical images after pre-processing to 

produce Change Detection maps available in raster or 

vector format (after clustering);  

e) Satellite Image Time Series (SITS) 

Generate a multi-band raster product, where each band 

has the same physical meaning but different time indexes.  

In the future, the adoption of Object Detection services based 

on Machine Learning algorithms, already explored within 

previous activities, will be considered, together with new 

innovative services. 

5. CONCLUSIONS 

To face the challenges of the Big EO Data Scenario, it is 

crucial to explore the best way to exploit EO and new 

geospatial data sources through the application of emerging 

technologies in order to create innovative EO solutions, 

harnessing at the same time the growing value and power of 

open innovation. Moreover, cooperation amongst key 

organisations in the Space and Security domain has to be 

fostered. 

RTDI activities aim at ensuring that SatCen operational 

capabilities are maintained at the state-of-the-art. The 

Platform described in this paper, built on the experience 

gained through the participation in a number of R&I 

initiatives, will offer a solution to improve the SatCen 

capability to discover, access, process, share and interoperate 

huge amounts of heterogeneous geospatial data, fostering a 

more effective and efficient GEOINT production that will 

serve to address different challenges related to Security 

applications. 
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1. INTRODUCTION

An important task in remote sensing Earth observation involves the
detection of changes which may signal for example environmentally
significant events. The Sentinel-1 synthetic aperture radar (SAR) and
the Sentinel-2 as well as the Landsat optical/visible-infrared space-
borne platforms, with spatial resolutions of the order of 10-20-30 me-
ters and revisit times of the order of days, provide an attractive source
of data for change detection tasks. Specifically, the SAR imagery pro-
vide complete independence from solar illumination and cloud cover.
A convenient source of such data is the Google Earth Engine which
gives near real time data access and which has an application pro-
gramming interface for the access and for processing the data. Here
we make available open-source automatic change detection software
and for optical data also automatic radiometric normalization soft-
ware for both cloud and local processing.

The theory sections of this contribution are very similar (nearly
identical) to sections in [1]. In this contribution, we exclude exam-
ples on radiometric normalization and include new developments in
both stand-alone and cloud software implementation and we give new
examples.

2. CHANGE DETECTION IN SAR DATA

In [2] a change detection procedure for multi-look polarimetric SAR
data [3] is described involving a test statistic (and its factorization) for
the equality of polarimetric covariance matrices following the com-
plex Wishart distribution. The procedure is capable of determining,
on a per-pixel basis, if and when a change at any prescribed signifi-
cance level has occurred in a time series of SAR images. The proce-
dure may also be applied to collections of pixels (segments, patches,
fields). Single polarization (power data, dimensionality p = 1), dual
polarization (for example vertically polarized transmission, vertical
and horizontal reception, p = 2) and full or quad polarization (all
four combinations of vertical and horizontal transmission/reception,
p = 3) can be analyzed.

The term multi-look in SAR imagery refers to the number of in-
dependent pixels (termed the equivalent number of looks, ENL) of a
surface area that have been averaged in order to reduce the effect of
speckle, a noise-like consequence of the coherent nature of the signal
transmitted from the sensor. The observed signals in the covariance
representation, when multiplied by the equivalent number of looks,
are complex Wishart distributed. This distribution is the multivariate
complex analogue of the well-known chi squared distribution.

The complex Wishart distribution is completely determined by
the parameters p (dimensionality), ENL, and Σ (the variance-covari-
ance matrix). Given two observations of the same area at different
times, one can set up a hypothesis test in order to decide whether or
not a change has occurred between the two acquisitions. The null
hypothesis, H0, is that Σ1 = Σ2, i.e., the two observations were
sampled from the same distribution and no change has occurred, and
the alternative (change) hypothesis, H1, is Σ1 6= Σ2. Since the dis-
tributions are known, a likelihood ratio test can be formulated which
allows one to decide to a desired degree of significance whether or not
to reject the null hypothesis. Acceptance or rejection is based on the
test’s p-value, which in turn may be derived from the (approximately
known) distribution of the test statistic when Σ1 = Σ2 (“under H0”
in statistical parlance).

For analysis of the situation with data from two time points, k =
2 below, see [4, 5, 6, 7]. In [8] the authors describe bi-temporal
region-based change detection for polarimetric SAR images by means
of mixtures of Wishart distributions.

If we have data from more than two time points, k > 2, the
procedure sketched can be generalized to test a hypothesis that all of
the k pixels (or patches) are characterized by the same Σ,

H0 : Σ1 = Σ2 = · · · = Σk(= Σ)

against the alternative (H1) that at least one of the Σi, i = 1, . . . , k,
is different, i.e., that at least one change has taken place.

For the logarithm of the omnibus likelihood ratio test statistic Q
for testing H0 against H1 we have, see [2]

lnQ = n{pk ln k +

k∑

i=1

ln |Xi| − k ln |X|}.

Here n is ENL, the Xi = nΣ̂i (i.e., ENL times the observed covari-
ance matrix) follow the complex Wishart distribution, Xi ∼WC(p,

n,Σi), and X =
∑k

i=1 Xi ∼WC(p, nk,Σ). Also, if the hypothe-
sis is true, Σ̂ = X/(kn). Q ∈ [0, 1] with Q = 1 for equality.

The probability of finding a smaller value of −2 lnQ is approx-
imated by (z = −2 ln q, where q is the actually observed value of
Q)

P{−2 lnQ ≤ z} ' P{χ2((k − 1)f) ≤ z},

i.e., the probability of change at some time point. f = 9 for quad pol,
f = 4 for dual pol, f = 2 for dual pol diagonal only.

Furthermore this test can be factored into a sequence of tests
involving hypotheses of the form Σ1 = Σ2 against Σ1 6= Σ2,
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Σ1 = Σ2 = Σ3 against Σ1 = Σ2 6= Σ3, and so forth. More
specifically, to test whether the first 1 < j < k complex variance-
covariance matrices Σi are equal, i.e., given that

Σ1 = Σ2 = · · · = Σj−1

then the likelihood ratio test statistic Rj for testing the hypothesis

H0,j : Σj = Σ1 against H1,j : Σj 6= Σ1

is given by, see [2]

lnRj = n{p(j ln j − (j − 1) ln(j − 1))

+ (j − 1) ln |
j−1∑

i=1

Xi|+ ln |Xj | − j ln |
j∑

i=1

Xi|}.

Finally, theRj constitute a factorization ofQ such thatQ =
∏k

j=2Rj

or

lnQ =

k∑

j=2

lnRj .

The probability of finding a smaller value of −2 lnRj is approx-
imated by (zj = −2 ln rj , where rj is the actually observed value of
Rj)

P{−2 lnRj ≤ zj} ' P{χ2(f) ≤ zj},

i.e., the probability of change at time point j with no previous change.
The tests are statistically independent under the null hypothesis.

In the event of rejection of the null hypothesis at some point in the test
sequence, the procedure is restarted from that point, so that multiple
changes within the time series can be identified. For details includ-
ing better approximations to the distributions of Q and Rj under the
null hypotheses, see [2], visualization of change, and (some of) the
software developed, see [9].

Since the omnibus method can detect not only if changes oc-
cur but also, within the temporal resolution of an image sequence,
when they occur, long time series of frequent acquisitions over rel-
evant sites are of special interest. One convenient source of such
data is the Google Earth Engine1 (GEE) [10] which ingests Sentinel-1
data (C-band, multi-looked VV/VH or HH/HV) as soon as they are
made available by the European Space Agency (ESA) and provides
an easy-to-use application programming interface (API) for accessing
and processing the data.

3. CHANGE DETECTION AND RADIOMETRIC
NORMALIZATION IN OPTICAL DATA

With respect to optical/visible-infrared imagery, a data-driven, sta-
tistical approach to change detection is provided by the iteratively
reweighted multivariate alteration detection (IR-MAD) algorithm [11,
5]. This method applies iterated canonical correlation analysis (CCA)
to geometrically co-registered multispectral images from two time
points before calculating band-wise differences. The CCA orders the
image bands according to similarity (measured by correlation), rather
than spectral wavelength. The differences between corresponding
pairs of canonical variates are termed the MAD variates. Specifically,
a MAD variate Z is

Z = aTX − bTY

1 https://earthengine.google.com/ and https://developers.google.com/earth-
engine/

where X represents the m-dimensional image at time point 1, Y
represents the m-dimensional image at time point 2, and a and b are
the eigenvectors from the CCA. Thus aTX is a canonical variate for
time point 1 and bTY is a canonical variate for time point 2. We
have m uncorrelated canonical variates (CVs) with mean value zero
and variance one from both time points, the correlation between cor-
responding pairs of CVs is ρ (termed the canonical correlation which
is maximized in CCA), and we have m uncorrelated MAD variates
with mean value zero and variance 2(1− ρ).

In each iteration the values of each image pixel j are weighted by
one minus the current estimate of the change probability and the im-
age statistics (mean and covariance matrices) are re-sampled. Since
the MAD variates for the no-change observations are approximately
Gaussian and uncorrelated, the sum of their squared values (after nor-
malization to unit variance)

C2 =

m∑

i=1

Z2
i

2(1− ρi)

ideally follows a chi squared distribution with m degrees of freedom,
C2 ∼ χ2(m). The probability of finding a smaller value of C2 is
approximated by (c2 is the actually observed value of C2)

P{C2 ≤ c2} ' P{χ2(m) ≤ c2}.

Small P -values favour rejection of the no-change hypothesis, so
for each iteration, 1 − P{χ2(m) ≤ c2} is used to weight each pixel
to gradually reduce the influence of the change observations on the
MAD transformation. Iterations continue until the canonical correla-
tions stop changing (or a maximum number of iterations is reached).

Furthermore, canonical correlation analysis is invariant to linear
and affine transformations, a fact that can be used to perform auto-
matic relative radiometric normalization of the two multispectral im-
ages [12, 1]. This is not pursued further here.

4. SOFTWARE

The authors have made available the necessary change detection soft-
ware for interaction with the GEE on the open-source repository Git-
hub2. The client-side programs run in a local Docker container serv-
ing a simple Flask web application. Apart from the Docker engine3

and a browser, no software installation is required whatsoever. Af-
ter the user has been authenticated to the Earth Engine, he or she
can carry out the following tasks: 1) run the IR-MAD algorithm on
Sentinel-2 (or Landsat) bi-temporal imagery, 2) perform relative ra-
diometric normalization in batch mode on an image sequence, 3) run
the sequential omnibus algorithm on Sentinel-1 dual polarization im-
age time series, 4) export imagery to his or her Earth Engine assets
folder or to Google Drive for further processing or visualization.

JavaScript code4 to run both the Wishart omnibus and the IR-
MAD methods directly in the GEE code editor/playground is also
available. The Wishart omnibus code also generates an MP4 movie
showing where and when change occurred.

As a recent development, a Docker-based interface to the GEE
for the Wishart omnibus algorithm is made available.5 It talks to the
GEE servers from a Jupyter notebook and is more flexible than the

2 https://github.com/mortcanty/earthengine/
3 https://docs.docker.com/
4 http://fwenvi-idl.blogspot.de/
5 http://fwenvi-idl.blogspot.com/2018/07/jupyter-notebook-interface-

for.html
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Fig. 1. Sequential omnibus change map for a region in southern Puerto Rico, showing the time of the most recent change (black none, blue
early, red late). The time series consisted of 19 Sentinel-1 images from April to October 2017. Hurricane Maria struck on 20 September.

Fig. 2. Fraction of changed pixels in the south-eastern part of the
change image shown in Figure 1. The peak occurs for the interval
ending 22 September 2017, hurricane Maria struck on 20 September.

web interface, since the user is in a universal interactive Python pro-
gramming environment.

Software is available also for local processing,6 see [9]. Tutorials
on how to install software and to do both the polarimetric SAR and

6 https://people.compute.dtu.dk/alan/software.html

the optical data processing locally on your own hardware are available
on Github.7,8 As another recent development, computer implementa-
tion work has been done within the Horizon 2020 project DataBio9

DLV-732064 funded by the European Union (command-line and GUI
executables10 for Windows and Linux based on our Matlab code and
on extended code from [13], a version for small images which fit into
memory and a line-by-line version for big data exist), see proceedings
from this meeting (first author Behnaz Pirzamanbein).

5. EXAMPLES

To illustrate, the Sentinel-1 multi-temporal VV/VH based change map
in Figure 1 displays the color-coded time intervals in which the most
recent changes in the 2017 hurricane Maria catastrophe in Puerto Rico
occurred. Figure 2 shows the fraction of changed pixels which peaks
in the interval ending on 22 September 2017. Maria made landfall in
Puerto Rico on 20 September 2017. The change maps can be viewed
interactively in the GEE Code Editor.11

Changes in one of several wildfires (the so-called Tubbs Fire12

which took place on 9-30 October 2017 between Calistoga and Santa

7 https://mortcanty.github.io/src/tutorialsar.html
8 https://mortcanty.github.io/src/tutorial.html
9 https://www.databio.eu/

10 https://github.com/BehnazP/DataBio/
11 https://code.earthengine.google.com/9374d69f4b0e3c11a7a14a9581f858d0
12 https://en.wikipedia.org/wiki/Tubbs Fire
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Fig. 3. The Tubbs Fire north of Santa Rosa, California, October
2017 (top-left; the bottom-right shows part of a larger fire around
Kenwood). IR-MAD change variates associated with three greatest
canonical correlations shown as RGB, burned areas in dark green
(built-up areas), lighter green (mostly wooded) and bright yellow
(mostly non-wooded), other non-fire related change mostly in blue
(for example near Calistoga), and pale yellow (south of Santa Rosa).
All variates are stretched over ∓ 16 no-change standard deviations.

Rosa and in which nearly 150 km2 burned) in the northern California
wine areas Napa Valley and Sonoma Valley are detected. The burned
areas depicted in green (built-up and wooded areas) and bright yellow
(non-wooded areas) in Figure 3 (where another fire down towards
Kenwood is visible also) match well with published fire maps.13,14

The Sentinel-2 images were acquired on 5 October and 1 November
(bracketing the fire), only the four 10 m bands 2, 3, 4 and 8 were
analyzed.

6. CONCLUSIONS

Examples based on both Sentinel-1 dual polarization synthetic aper-
ture radar data and Sentinel-2 optical data show the usefulness of the
generic, automatic change detection techniques sketched. Note, that
for the optical change detection method, because of the orthogonality

13 http://abc7news.com/maps-a-look-at-each-north-bay-fire/2517694/
14 http://fire.ca.gov/

between the change variates, different types of change can be discrim-
inated between.

The introduction of software for automated change analysis with
polarimetric SAR as well as optical image data available to run ei-
ther on your own hardware or to anyone authenticated to run on the
Google Earth Engine is expected to be extremely useful to both re-
searchers and practitioners. Generic, automatic techniques as these
are expected to be useful in many other application areas also (other
than natural disasters) where the study of spatio-temporal dynamics
is important.
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THE BOTTLENECKS
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ABSTRACT

Since  the  start  of  Sentinel-2  A/B  in  2015/2017,  high-
resolution  satellite  images  recorded  at  a  five-  to  six  day
frequency enable the development of remote sensing time
series over larger regions. The large amount of data coming
with every single scene however is a big challenge for such
tasks, as infrastructural-, hardware- and software bottlenecks
hamper  the  efficient  processing.  We  present  a  fully
automated  procedure  based  on  a,  local,  non-cloud-based
setup to handle several thousands of Sentinel-2 scenes based
on  open-source  software  and  free  ESA tools  alone.  The
setup includes tools for fast data downloading, atmospheric
correction  and  merging  of  adjacent  granules.  Download
rates  can  be  significantly  boosted  by  making  use  of
Google’s  cloud  storage  pool.  Time  consumption  of
(pre-)processing  can  be  optimized  by  parallelizing  using
Ubuntu’s built-in tools and R. The architecture is tested on
the complete time series (2015 – 2018) of four granules over
the 79N glacier, Greenland.

Index Terms—  Sentinel-2,  local  platform, processing,
optimization, time series

1. INTRODUCTION

Since the start  of  ESA’s Sentinel-2 (S-2)  A satellite  in
June  2015,  high-resolution  multi-spectral  images  have
become  freely  available  to  everyone.  S-2  B,  started  in
March 2017, has shortened the revisiting interval to 5 days
at the equator and less than two days in polar-near regions
for each granule [1]. Each S-2 granule contains a wealth of
metadata coded in xml format, plus JPEG 2000 images in all
available resolutions (10, 20 and 60m). At this time, most of
granules covering the planet are offered at the 1C processing
level,  meaning  top  of  atmosphere  (TOA)  images  in
cartographic geometry.  All images are 100x100km2 ortho-
images in UTM/WGS84 projection. Sentinel-2 data can be
freely  accessed  via  the  Copernicus  Open  Access  Hub,
though there  are  various  other  sources  where  the  data  is
mirrored; e.g. the French ground segment PEPS [2], or the
USGS Earth Explorer. The Copernicus hub offers two ways
of  access:  the  OpenHub,  which  has  a  graphical  user
interface,  and  the  API  hub  designed  for  automated
downloads via scripts.
According to ESA, a typical S-2 scene is about 600 MB in
size  (https://sentinel.esa.int),  though  the  data  amount  can

vary dependent on the scene coverage. Though this data size
is probably unproblematic for illustration purposes or local
analyses,  a  current  typical  workstation  is  incapable  of
handling  the  raw data  amount  and  processed  products  of
larger areas or time series. Cloud platforms offer a solution
for this dilemma through storing the imagery and substantial
computational resources. Drawbacks of this are that, on the
one  hand,  most  cloud  resources  are  not  free,  and  on  the
other  hand,  processed  data  cannot  be  stored  for  longer
terms,  and  be  re-used  outside  of  the  cloud  environment.
Therefore, local resources may be a more attractive solution.
We present  an  approach  based on local  hardware,  with a
stack of free software and tools aimed at efficient download
and processing of S-2 data. The method is tested for a local
setup  consisting  of  four  S-2  granules,  but  is  potentially
scalable, if sufficient computation and storage resources are
available,  for  which  we  give  recommendations  based  on
empirical analysis of our work flow.

2. TEST DATA

We use a test set of four adjacent S-2 granules covering the
tongue  of  the  79N  glacier,  northeast  Greenland  (Fig.  2).
Prior to selecting suitable scenes, all available L1C scenes
of the granules 26XMN, 26XMP, 26XNN and 26XNP were
downloaded. Due to the availability of daylight, the annual
period was restricted to March 15th to September 30th. This
resulted in 5.817 scenes distributed over four years (Fig. 1),
with  a  data  size  of  2.82  terabyte  (TB),  resulting  in  an
average scene size of 508.64 megabyte (MB). As shown in
Figure 1, 2015 contains the least scenes due to S-2 A started
in June being the only satellite delivering data. For 2016, the
number of scenes is still inferior to 2017/2018, as S-2 A is
still the only satellite running. 

Figure 1: Granule count of the test dataset per year.
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Figure  2:  Location  of  the  four  Sentinel-2  granules
covering the tongue of the 79N glacier, northeast Greenland.
DEM: Greenland Ice Mapping Project (GIMP; [4]).

3. SYSTEM ARCHITECTURE

To ensure download and storage capabilities, we installed
a processing- and a storage unit at the regional computing
center Erlangen (RRZE). This ensures maximum download
rates  through  direct  connection  to  the  core  net  of  the
German research network (DFN). The system runs on two
processors with 12 cores/24 threads each and 128 GB RAM,
with Ubuntu 16.04 server as operating system. Both servers

are terminal servers without graphical user interface and can
be  accessed  locally  via  SSH.  The  Samba  protocol  is
employed  to  make  the  data  available  on  the  local
workstation and to transfer scripts to the server. Additionally
installed is the GDAL library [3], the standalone version of
Sen2Cor [6] and the R environment [7]. The latter is used to
script  the  whole  process,  making  use  of  R’s  raster
processing  capabilities  and,  if  needed,  send commands to
the bash. System workload is remotely monitored using the
open source tool Munin.

4. PROCESSING CHAIN

As  all  processing  is  done  locally,  the  first  step  requires
downloading the Level 1C (L1C) data. Given the size of a
single scene, this step is, with respect to the area of interest,
the first possible bottleneck of the processing chain and is
therefore described in detail in the respective chapter.
Within the following step, the tiles with a high percentage of
no-data values are sorted out. Some download tools allow
this exclusion by querying via the relative orbit (RO), which
in  return  reduces  the  size  of  the  data  to  download
significantly. As our aim was to establish a fully automated
procedure, the data is queried for the percentage of nodata
values after downloading, requiring no a priori knowledge
of the ROs. For some dates, more than one scene for one
granule is  downloaded; in these cases,  the scene with the
highest  coverage  is  kept,  the  others  are  disregarded  and
deleted.

Figure 3: Sequential processing chain (left), with bottleneck
processes  color-coded  in  red,  and  partly  parallelized
processing chain (right).

Up to this point, the images kept still contain cloud cover.
Potentially,  over  non-snow-  or  -ice-covered  areas,  the
request  for  a  cloud-free  image  can  be  met  by  a  simple
additional processing step querying the S-2 meta data for the
percentage  of  cloud  cover,  or  by  counting  cloudy  pixels
using the cloud mask delivered with the L1C product. For
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snow-/ice-covered areas, the mask is sometimes not reliable,
as the differentiation in the visible and thermal spectrum is
difficult.  We also tested the fmask algorithm  [8] for  L1C
data, resulting in better, but still faulty cloud masks. Better
results  were  achieved  applying  fmask  over  L2A  data,
delivering  still  far  from perfect  cloud masks,  but  already
appropriate  for  decision  making.  For  even  better  cloud
masking and thus less error-prone results,  we recommend
looking  e.g.  into  MAJA  [5] or  the  Sentinel  Hub  cloud
detector (https://medium.com/sentinel-hub/tools/home). 

Next, the L1C data is transformed into Level 2A (L2A)
data using the standalone version of Sen2cor,  originally a
processor within the ESA Sentinel-2 toolbox  [5].  Sen2cor
operates  sequentially  and  includes  atmospheric  correction
and scene classification. As optional parameters, we do not
supply a Digital Elevation Model (DEM), as Sen2Cor only
accepts the SRTM DEM (which is not available north of 60°
latitude)  or  the  commercial  DTED-1  from  PlanetDEM,
which contradicts our goal to use only freely available tools
and data. In addition, we do not restrain the processing to a
certain  resolution,  thus  L2A  versions  for  all  available
resolutions are generated.
The S-2 data comes in UTM/WGS84 projection, in case of
our  test  data  UTM  zone  26.  This  may  hinder  the  direct
composition (merging) of scenes,  as this process typically
requires the same projection,  while  two adjacent  granules
can  spread  over  two  UTM  zones.  Given  the  near-polar
location  of  our  test  site,  we  reproject  all  tiles  to  the
WGS84/NSIDC  Sea  Ice  Polar  Stereographic  North
projected coordinate system (EPSG 3413). This is achieved
using  the  gdalwarp  function  from  the  GDAL library.  To
prevent  inflation of  the data  size,  a  LZW compression is
done afterwards using gdal-translate.
Before  merging,  a  list  containing  all  dates  and
corresponding  L2A scenes  is  generated,  which  serves  as
input for gdalwarp. This list can be modified to contain only
complete cases, i.e. all four scenes of the test data set. 

5. BOTTLENECKS

5.1 Download rates

The Copernicus API hub can be addressed via various
tools available.  For this study, we use the script Sentinel-
download  by  Olivier  Hagolle
(https://github.com/olivierhagolle/Sentinel-download).  For
this, a Copernicus account is needed, whose credentials are
used by the tool to authenticate at  the Copernicus server.
Here,  the  data  is  downloaded  per  granule  sequentially,
though other methods exist, e.g. defining an area of interest
using coordinates  or  geo-referenced  vector  data.  With the
above  described  configuration  and  data,  we  achieved
download rates of 768.3 kB/s on average, resulting in a total
download time for our test dataset of 1094.75 hours or 45.6
days. This can be reduced by parallelized downloading of all

four  granules  in  parallel.  S-2  data  is  also  mirrored  by
Google  for  the  use  in  their  Earth  Engine,  and  can  be
downloaded  without  any  login  credentials  using  gsutil,  a
tool from Google Cloud SDK. The toolset can be installed
free of  charge by adding the package source to  Ubuntu’s
repository list. Downloading the test data via Google cloud
SDK resulted in a  total  download time of  56.65 hours or
2.36  days,  thus  an  average  download  rate  of  14.5  MB/s.
Again,  the process  can be  parallelized.  This  difference  in
speed arises from a) the authentication process and b) the
http  request  sent  for  every  single  file  in  the  .SAFE
containers  requested  for  download  with  the  Copernicus
server: The average download speed for the image files is
with ~15 MB/s comparably high as with Google. Therefore,
the 20-fold difference in download speed can be explained
by the download tool, generating a list of files to download
on  the  local  client,  and  requesting  authentication  and
download each file individually. With Google Cloud SDK,
the file transfer is performed with a single copy command
(gsutil  -cp)  and is thus significantly faster.  The download
command fetches all data up to date and thus is not running
continuously; however,  this can be implemented easily,  as
the  algorithm checks  for  every  S-2  scene  if  it  is  already
present in the destination folder, and if so, skips the scene. A
simple  cron  job  starting  the  download  script  at  a  given
interval will thus just download, and subsequently process,
new data.

5.2 L2A processing

A single  Sen2Cor  run  takes  between 15  and  30 minutes,
with  100%  thread  workload  and  up  to  4  GB  of  main
memory  used.  The  given  resources,  especially  memory
usage,  are  used  dependent  on  the  processing  step.  An
example is shown in Fig. 4: here, 24 threads are used for a
parallelized run of Sen2Cor. During this run, the maximum
memory usage of Sen2Cor adds up to 85 GB, equivalent to
~3.5  GB  per  single  process.  As  this  corresponds  to  the
sequential run capacity usage, minimum RAM requirements
of 4 GB per Sen2Cor thread for a parallelized run can be
inferred.  During  the  illustrated  run,  1117 scenes  worth of
424.1 GB were processed in 3 hours 40 minutes, resulting in
a runtime of 5.1 minutes per scene.

5.3 Reprojection

Reprojecting  all  jpeg  2000  images  within  one  S-2  scene
sequentially using gdalwarp takes ~160 seconds. Thus, for
5000  thousand  scenes,  this  process  takes  9.25  days  to
complete if started sequentially.  Parallelizing on 24 threads
reduces this period to less than 24 hours. 
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Fig. 4: System usage during a Sen2Cor run with 24 parallel
threads. Upper graph: CPU usage in percent of all available
threads (48 threads at 100%), consisting of system (green),
user (blue) and idle (yellow). Lower graph: Memory usage
(max. 128 GB), consisting of apps (Sen2Cor, green), cache
(purple)  and  unused  (yellow).  Graphs  and  data  produced
with Munin.

6. HARDWARE RECOMMENDATIONS

Given  the  aforementioned  system  usage  experiments,  we
recommend 4 GB of RAM per parallelized thread, e.g. for
24  parallel  Sen2Cor  runs  104  GB  of  RAM,  plus  a
generously allocated SWAP partition. The size of the data
partition  should  be  calculated  based  on  the  number  of
granules  required to cover the AOI and the length of  the
time series  under consideration, times the average size of
500-600 MB per scene. During processing, the number of
scenes will shrink, but L2A data have a around 33% higher
data volume than L1C data. Thus, at least the same amount
of  space  should  additionally  be  calculated  for  storing  all
L2A  scenes,  if  all  temporal  files  are  deleted  during
processing.

7. CONCLUSIONS

Given  the  availability  of  local  processing  and  storage
resources and a regionally limited area of interest, the setup

presented is an interesting alternative to cloud processing of
Sentinel-2  data.  Bottlenecks  in  the  processing  chain  are
induced  by  the  client-side  data  download  tools  and
sequential  processing. Those restrictions can be overcome
by employing tools that offer server-side data querying, like
Google cloud SDK, and by parallelizing processes that have
to  be  executed  hundreds  of  times  similarly.  Though  the
processing  chain  presented  can  still  be  optimized,  e.g.
through parallelizing the data download from Google cloud
SDK, it already improves the time consumption by factors
of up to 20 and thus makes processing of large amounts of
Sentinel-2 data more feasible for non-cloud users. 
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ABSTRACT

This paper discusses the visualization and detection of changes
on Sentinel-1 images. The potentials of our change visualiza-
tion algorithm REACTIV implemented on the Google Earth
Engine platform are shown through many examples. A de-
tection method is proposed and evaluated thanks to a Ground
Truth performed in Palaiseau (France). The method demon-
strates excellent performance compared to more traditional
algorithms accumulating several bi-date tests.

Index Terms— multitemporal change detection, SAR,
Google Earth Engine, visualization

1. INTRODUCTION

Since the launch of Copernicus data in open source, the plat-
form services based on Earth observation are multiplying.
Among the opportunities offered, the exploitation of time
series enables monitoring of the entire globe, whether for en-
vironmental, civil, industrial, defense or surveillance needs.
While optical images are in widespread use, SAR images are
less often exploited because of the inherent speckle noise and
the difficulty of interpretation. However, for the temporal
monitoring, SAR images provide clear benefits: availability
whatever the weather conditions, and temporal stability due
to the use of an active sensor.

For these reasons, this article considers Sentinel-1 images
to visualize and detect changes or activities. In section 1, we
present the visualization method REACTIV (Rapid and EAsy
Change detection in radar TIme-series by Variation coeffi-
cient). Several examples of applications are shown in Section
2. Then, we propose a detection scheme in section 3. Be-
cause the temporal behaviors describing events are varied, we
will also propose to go towards the classification of different
generic changes. The validation of this algorithm is ensured
on a local study site for which a precise ground truth has been
established. Finally, we will consider in section 4 the detec-
tion of a new event occurring in the last available acquired
image, before concluding. To demonstrate our approaches,
the Google Earth Engine (GEE) platform was chosen for its
ease of use and its capability to test at a global scale [2].

This study is part of the Research Project MEDUSA, founded by Onera
(w3.onera.fr/medusa)

2. VISUALIZATION AT A GLANCE

2.1. General Principle

It is now easy to obtain a hundred Sentinel-1 images over time
for any location on the globe. Though we can visualize them
as a video movie, this analysis is long and tedious. For this
reason, we have developed a visualization method called RE-
ACTIV which gives a colorful visualization at a glance of all
areas that have undergone changes [1]. In this representation,
a bright color indicates a change, and the assigned color cor-
responds to a particular date.

In practice, some areas belong to different orbits. The
variations of incidence, of the order of a dozen degrees, can
generate variations of radiometry or projections. To avoid
confusion with any change, we restrict to images from a sin-
gle orbit.

2.2. Theoretical key points

REACTIV visualization goes through the use of the Hue Sat-
uration Value (HSV) color space. The value is encoded by the
maximum intensity signal. Saturation is encoded by the tem-
poral variation coefficient, the key parameter. Finally, the hue
is given by the date for which signal intensity is maximum.

The behavior is the following one. A change in images
will induce a high saturation value and so a bright color in the
visualization product. On the contrary, a lack of change will
result in a totally reduced color and therefore in just a gray
value.

The properties of the speckle coefficient of variation [4]
largely explain the success of this visualization. These prop-
erties have been justified and described in detail in [3]. They
were used in particular to automatically set the algorithm.

We synthesize them now. Among the behaviors of all ar-
eas that can be described as stable or unchanged, there are
either decorrelated areas of speckle that follow a Nakagami
law, or areas with a deterministic component, which follow a
Rice law.

In the first case (Nakagami Distribution), for a stable
decorrelated speckle area, the average amplitude value does
not undergo a variation over time. The temporal amplitude
distribution is the same as the spatial distribution; it is pa-
rameterized by a scale parameter µ, which depends on the
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Fig. 1. Maritime roads are clearly visible on this REACTIV
visualization

average backscattering of the zone, and a shape parameter L,
which corresponds to the Equivalent Number of Looks. These
speckle realizations are decorrelated over time. In practice,
all areas of forest or bare soil encountered most often satisfy
this assumption, even if they are in interferometric conditions,
because any small centimetric displacement cause decorrela-
tion.

The second case (Rice distribution) corresponds either to
a Permanent Scatterer, for which a very strong backscatter-
ing return dominates the signal in the resolution cell or to nat-
ural areas that can be considered as stable correlated speckle
area, with exceptional immobility, for example, the Atacama
desert in Chile, a non-sandy desert.

For stable decorrelated speckle areas, the theoretical av-
erage coefficient of variation can be expressed only in terms
of L, and its variance in terms of L and N , the number of
images in the stack. It is proportional to 1/N : the larger the
image number, the more precisely the coefficient of variation
is estimated.

For stable correlated speckle areas, the theoretical average
coefficient of variation is lower than in the previous case. It
depends only on µc/µ, the ratio between the deterministic
component amplitude µc, and the speckle shape parameter µ.

For both these reference stable cases, the inclusion of a
deterministic target immediately introduces an increase of the
theoretical value of the coefficient of variation. If the rupture
occurs in a stable decorrelated speckle area, the gap depends
only on µr/µ, the ratio between the amplitude µr of a point-
event, and the speckle shape parameter µ.

Although literal expressions cannot be derived in all
change cases, simulations of several scenarios have been
undertaken: the mixture of two speckles, inclusion of a per-
sistent event, etc. All these scenarios result in a coefficient of
variation higher than that of an uncorrelated speckle law and
thus allow to consider it for successful detection.

Fig. 2. REACTIV confirms calving from the Larsen C ice
shelf and reveals displacements of smaller icebergs

Fig. 3. REACTIV highlights Oktoberfest, held annually in
Munich, Bavaria, Germany

2.3. Applications

The implementation of REACTIV on Google Earth Engine
platform has made it possible to highlight a large number of
opportunities offered by the proposed visualization. For ex-
ample in Fig. 1, it allows the immediate visualization of the
boats. Furthermore, these results are obtained very quickly
because of a purely temporal processing and not a spatial one.
On GEE, it is near real time. On a large scale, we can also see
the waiting areas as well as the maritime roads.

Fig. 2 shows the fracture in July 2017 of an iceberg of the
Larsen glacier in Antarctica and its progression. The acceler-
ation and rotation of the glacier appear from summer 2018.

Another application is in urban areas. In general, visual-
ization can give an idea of the frequency of changes. In the ex-
ample of Fig. 3, some changes in Munich are particularly vis-
ible. In particular, near the Congress Center indicated by the
red mark, there is Theresenwiese, an open space of 420,000
square meters in the Munich borough of Ludwigsvorstadt-
Isarvorstadt. It serves as the official ground of the Munich
Oktoberfest. In our REACTIV product, the event is clearly
visible with the yellow color associated to October month.

However, any visualization tool has its limits, and one
may wish to have an automatic detection tool.
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Fig. 4. Ground truth established on a test site around Saclay,
France

3. CHANGE DETECTION IN TIME-SERIES

We now investigate a change detection algorithm based on
the simple threshold of the temporal coefficient of variation.
Qualitative analysis showed us that some changes are better
seen in VH polarization, other ones in VV polarization. For
this reason, we use the maximum coefficient of variation be-
tween VH and VV coefficient of variation as a decision cri-
terion. An averaging of the criterion map is done prior the
threshold, using a NL-mean filtering method. This is the only
inclusion of the spatial dimension.

Quantitative performances were evaluated on the Saclay
region (near Paris, France) that includes high-density con-
struction areas. The considered area is about 15 km x 12
km. A precise Ground Truth Database has been established,
first by making the difference between two vector databases (a
BDTOPO base of the IGN, an OSM database) at dates before
and after the observed time range, between June 2015 and
June 2017. Then, all the changes found were manually vali-
dated or rebutted using optical archival images. The resulted
ground truth in the Fig. 4 shows all the changes in red color,
as well as parking areas, agricultural plots, water surfaces.

The ROC detection curve thus obtained on this test site is
presented in Fig. 5. Each point of the ROC curve is obtained
by fixing a threshold on the criterion. For a given threshold,
False Alarm is given by the percentage of pixels detected that
are not lying in the change class of the ground truth. The
Probability of Detection is the percentage of change class ob-
jects that are detected; an object is considered as detected

Fig. 5. Receiver Operating Characteristic curve for com-
paring ability of our method compared to a conventional ap-
proach to detect construction sites.

as soon as a minimum of 5% pixels of the entire object has
been detected. Our criterion is compared to a more classical
method where the intensity ratios are computed for each pair
constituted by the first and the current image and then aver-
aged together. The criterion map is also filtered by NL mean.
This comparison shows that REACTIV method has a huge
gain in terms of detection. Moreover, the method seems to be
robust to a variety of different changes: some of them illus-
trated in Fig. 6 are different from VV and VH, and difficult to
distinguish from natural changes over agricultural crops.

Fig. 6. Different types of time-profiles over changes

This detection method has been implemented under
Google Earth Engine. One example result is illustrated in
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Fig. 7. Change detection in Paris over an optical map

the figure 7 for Paris in 2018. We have made the layer of pix-
els detected overlay on the optical image layer in red. Boat
activity on the Seine can be seen, as well as the Invalides and
Champ de Mars area, regularly subject to temporary installa-
tions. In practice, most detection failures are due to two main
reasons:

- The high sensitivity of the response of an agricultural
area. Depending on weather conditions, it is likely that the
electromagnetic mechanisms and therefore the backscatter
levels vary greatly from one date to another.

- So-called ”point” events, which appear only on one date,
and which do not appear in our Ground Truth. In practice,
we have been able to verify that they actually correspond to
zones of only a few pixels, for which we do not know exactly
the origin of the rupture in the temporal profile.

4. DETECTION OF A NEW EVENT

For these latter behaviors, we propose to calculate the ratio of
the coefficients of variation calculated with and without the
maximal amplitude:

Risolated =
CV (A(k)k∈{1...N}\{kAmax})

CV (A(k)k∈1...N )

A threshold on this criterion detects in a very robust man-
ner a certain number of temporal profiles containing a rupture
on a single date. Results are most often different for VV or
VH polarization, and spatially isolated. As an example, Fig.
8 shows an event detected in the area of Palaiseau (France),
as well as the profile of amplitude associated, which reveals a
sharp increase of the signal, without any associated explana-
tion.

Detecting an event arriving on the last image of a stack, is
a special case of isolated event detection. It can be performed
by a threshold on:

Ralert =
CV (A(k)k∈{1...N})

CV (A(k)k∈1...N−1)

This parameter has been implemented on the GEE platform.
The set of plots detected and whose profiles have been man-
ually checked, correspond to an event of this type, except for
certain points that can be considered as artifacts: they are

Fig. 8. A point-event detected in South of Paris.

points for which the amplitude profile is saturated. This is
one of the drawbacks of the platform GEE that discards ex-
treme values in images. In the future, using the data without
changing the dynamics should avoid these artifacts.

5. CONCLUSION

In this paper, change visualization and detection methods
have been proposed, using Sentinel-1 time series. The de-
tected activities are varied: building construction/destruction,
festive events, agriculture, vehicles, movements of icebergs,
etc. The methods are based on the temporal coefficient of
variation. Statistics properties of this criterion have made
it a key parameter for deploying robust and extremely fast
change detection strategies. The proposed methods have
been demonstrated globally through the use of the Google
Earth Engine platform. In perspective, we have proposed a
method to detect a new break in any newly acquired image.
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Google Earth Engine.

[4] JM Nicolas. Application de la transformée de Mellin: étude des
lois statistiques de l’imagerie cohérente. Rapport de recherche,
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ABSTRACT 

The MicroCarb mission is currently one of the major projects 

in development phase led by the French Space Agency 

(CNES) in partnership with the United Kingdom Space 

Agency (UKSA). It aims at remotely measuring carbon 

dioxide atmospheric volume mixing ratios in order to 

characterize CO2 surface fluxes.  The launch is scheduled in 

2021. 

This article focuses on the MicroCarb mission centre. 

Definition of the data processing chains shows indeed that a 

large IT infrastructure is required to meet products 

availability need for the science community and to deal with 

the large volume of data planned to be produced during the 

lifetime mission. These MicroCarb major IT needs are 

explained and described with a first estimation of its sizing.     

Index Terms— MicroCarb, CO2, CNES 

1. INTRODUCTION 

Following the 21st Conference Of the Parties (COP 21), the 

MicroCarb mission was officially announced with the 

objective to remotely measure CO2 column integrated 

volume mixing ratios (XCO2) in the atmosphere. The project 

is currently in development phase and, as the mission centre 

is being defined, the IT needs emerge to be high in terms of 

required processing cores and volume of data. 

In particular, the spectral inversion of atmospheric 

radiometric measurements is one of the most demanding 

steps, as well as cloud detection. 

This article first sums up the major facts about MicroCarb 

mission and the science objectives, before describing the 

processing chains integrated in the PayLoad Ground Segment 

(PLGS) and their impact on MicroCarb IT sizing.  

2. MICROCARB MISSION 

2.1. GOSat, OCO-2 and now MicroCarb 

The MicroCarb mission is designed to globally monitor and 

characterize CO2 surface fluxes, that is, the exchanges 

between sources and sinks. As CO2 is the most important 

greenhouse gas produced by human activity, a better 

assessment of carbon fluxes is crucial for understanding the 

causes and consequences of climate change. 

In 2009, JAXA was the first Space Agency to launch a 

satellite dedicated to greenhouse-gas-monitoring, called 

Greenhouse Gases Observing Satellite (GOSat). Then NASA 

launched the OCO-2 (Orbiting Carbon Observatory-2) 

satellite in 2014 to monitor CO2. The Chinese missions 

TanSat ACGS, Feng Yun-3D GAS and, Gaofen-5 GMI also 

measure CO2, even if data are not yet available. In 2021, 

MicroCarb will be the first European satellite for monitoring 

CO2 with an expected mission duration of 5 years, with 

reprocessing of the data during two additional years. 

2.2. Measurement precision 

MicroCarb dispersive spectrometer instrument will deliver 

spectra which after processing by the PLGS will produce 

global measurements of the atmospheric concentration of 

CO2 with an extremely high precision (of the order of 1 ppm, 

which is 0.25 %) and with a pixel size of 4.5 km x 9 km.  

This performance is crucial for the success of the mission and 

the quality of MicroCarb data. It is indeed necessary to be 

able to estimate concentration gradients, which amounts to a 

few ppm, and to generate correct maps of CO2 fluxes.  

Spatial coverage and the repeat cycle of measurements are 

also important, which is why space-based observations are so 

valuable compared to a ground network that is difficult to 

deploy worldwide. 

2.3. MicroCarb contributors 

The MicroCarb mission combines scientific and technical 

teams who are bringing their respective skills to the project 

and working together to guarantee its success: 

- CNES  

- French scientific laboratories 

- National and European industry 

- UKSA, UK manufacturers and science laboratories 

- EUMETSAT (European Organisation for the 

Exploitation of Meteorological Satellites). 

The MicroCarb project is led by CNES in close partnership 

with the laboratories of IPSL, the joint research unit between 

CNRS (the French national scientific research centre), CEA 

(the French atomic energy and alternative energies 

commission), the LSCE (Climate and Environment Sciences 

Laboratory) and the LMD (dynamic meteorology laboratory).  

The project is funded by the French Government (PIA). 
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3. SCIENCE OBJECTIVES 

3.1. MicroCarb levels of product 

CO2 surface fluxes cannot be directly remotely measured (cf. 

Figure 1); MicroCarb will acquire atmospheric spectra in 

some wavelengths specific to CO2 and O2 (Level 1 data) 

which should then be inverted using a radiative transfer 

model (thanks to 4ARTIC software which integrates 4A/OP) 

to get column integrated CO2 volume mixing ratio (Level 2 

data). A spatio-temporal summation of these ratio generates 

XCO2 maps (Level 3 data). The surface fluxes can also be 

calculated from the atmospheric concentrations and the use 

of an atmospheric transport model (LMDZ). These products 

(Level 4 data) are global fluxes taking natural and 

anthropogenic fluxes into account. 

3.2. Instrument 

The instrument [2] on board MicroCarb is a compact infrared 

passive spectrometer operating in four spectral bands using a 

unique echelle grating (dispersive element) to achieve 

spectral dispersion and a unique NGP detector acquiring the 

four bands. CNES has tasked Airbus Defence & Space with 

developing and qualifying the instrument. 

The instrument measures atmospheric spectra for the 

following species: 

- Oxygen (O2 at 0.76 and 1.27 µm) to retrieve the 

surface pressure and then normalize the computed 

CO2 column concentration to dry air 

- Carbon dioxide (CO2 at 1.6 µm and 2.0 µm). 

The instrument will be flown on a microsatellite built around 

CNES’s Myriade spacecraft bus. 

3.3. A precursor mission 

In addition, MicroCarb aims to be a precursor of a future 

operational system able to accurately monitor global fossil 

emissions. Understanding the carbon cycle is important since 

it can help us to anticipate its evolution according to possible 

climate change scenarios. 

4. PAYLOAD GROUND SYSTEM 

4.1. General description 

CNES is responsible for specifying and developing the 

mission ground segment, called PLGS (PayLoad Ground 

System). Its main activities are the control of the satellite and 

instrument, as well as the science data processing. This 

mission centre processes MicroCarb acquisitions from raw 

data to Level 3 products (monthly average maps of CO2). The 

generation of Level 4 products (CO2 surface fluxes) is 

computed outside of the PLGS by French scientific 

laboratories thanks to the French Atmosphere and Service 

Data Pole (AERIS).  

4.2. Number of cores in routine phase 

One of the main challenges to define MicroCarb PLGS is to 

be able to distribute Level 2 products (CO2 concentration) to 

the scientific community in less than 7 days and hopefully in 

FIGURE 1 - MICROCARB DATA PROCESSING FLOW 
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less than 48 hours after their acquisition in routine mode. This 

requirement implies to be able to generate all the Level 2 

products from one day of MicroCarb acquisition in less than 

24 hours. 

Daily computation time for the production of Level 2 

products from L0 products is estimated to be nominally 

around 33000 hours with one core. This estimation takes into 

account mandatory requirements relating to performances 

and optimisation. 

In order to face possible delays or unavailability, the sizing 

of the IT architecture for processing chains from L0 to L3 is 

expected to be possibly double regarding to the needs. This 

means that about 3000 cores should be allocated to 

MicroCarb operational processing chains in routine phase.  

These 3000 cores should be permanently allocated to 

MicroCarb mission from the Commissioning phase to the end 

of the mission (cf. Figure 2). 

 

 

FIGURE 2 - REQUIRED NUMBER OF CORES 

DURING MICROCARB MISSION 

4.3. Number of cores during reprocessing campaigns 

In the meanwhile, parameters and algorithms will become 

more mature as the mission is in operation. This will require 

regular reprocessing campaigns in order to improve the 

quality of distributed MicroCarb products.  

During the Commissioning phase, which is expected to last 

about one year after the launch, 3 reprocessing campaigns are 

planned to consolidate parameters and algorithms, as well as 

to validate the MicroCarb products before their distribution 

to the science community. 

After the Commissioning phase, one reprocessing campaign 

per year is forecast with the following technical constraint; 

PLGS should be able to process 1 year of MicroCarb data in 

less than 2 months. As a consequence, the IT infrastructure 

necessary for reprocessing campaigns needs about 9000 cores 

during several months by the end of the mission (10 months 

for reprocessing all the data acquired during 5 years of 

mission; cf. Figure 2).  

4.4. Large volume of data 

In parallel, the volume of data generated and distributed by 

MicroCarb PLGS processing chains is also major. Almost 8 

TBytes of data should be daily generated by the MicroCarb 

processing chains in routine phase.  

In addition, data are not expected to be deleted after a 

reprocessing campaign; all the different versions of the same 

product due to change in parameters or software during the 

mission, could be available.  

As a consequence, almost 4 PBytes of data should be 

produced by the end of MicroCarb mission (cf. Figure 3).   

 

 

FIGURE 3 - GENERATED VOLUME OF DATA 

DURING MICROCARB MISSION 

4.5. MicroCarb processing chains operation 

MicroCarb mission centre should be able to process daily a 

large number of jobs (possibly 150000 jobs per day to process 

L0 data to L2 products) with high IT needs. In order to 

prepare future missions, EUMETSAT offers to operate L1, 

L2 and L3 processing chains on its premises by using its 

Processing Framework (PF) developed for Jason-CS mission. 

CNES could rely on EUMETSAT operational experiment 

over various missions for nominal processing as well as for 

reprocessing campaigns. 

5. MAJOR ALGORITHMS 

5.1. General overview 

The current estimation of computation time for MicroCarb 

Level 1, Level 2 and Level 3 processing chains shows a 

predominance of 4ARTIC (4A Radiative Transfer Inversion 

Code). This software program enables to invert radiance 

spectrum to estimate the observed geophysical state. It relies 

on 4A/OP (Operation release for 4A, Automatized 

Atmospheric Absorption Atlas) [1][3] which enables to 
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compute radiative transfer. 4ARTIC is a CNES software 

program while 4A/OP is a CNES-LMD-NOVELTIS co-

property. Diffusion in 4A/OP is computed using LIDORT 

[4].  

About 85% of the whole processing time from Level 0 to 

Level 2 generation is dedicated to this software program, 

which is run several times in the processing chain to detect 

cloud and to compute CO2 concentration. Thus, several 

studies are currently in progress to optimize 4ARTIC and 

reduce IT needs, without degrading output quality.  

5.2. Cloud detection (Level 1) 

Cloud detection is a major step to get products of good 

quality. As clouds prevent from correctly measuring and 

computing CO2 concentration, cloudy acquisitions should be 

filtered in order not to degrade the quality of the MicroCarb 

distributed products.  

At least 75% of the MicroCarb acquisition may be 

contaminated by clouds. A standard algorithm, based on 

radiometric analysis and comparison with reference data, 

should filter more than 80% of these cloudy acquisition. 

In order to detect the remaining cloud contaminated 

acquisitions, a comparison between the computed and the 

expected clear sky surface pressure (from meteorological and 

altimetry data) will be performed. This algorithm implies to 

inverse part of MicroCarb O2 spectrum with 4ARTIC.  It 

needs to be improved and confronted to real MicroCarb data 

to ensure that cloudy acquisitions are correctly filtered with a 

low amount of bad cloud detections. 

5.3. Computation of CO2 concentration (Level 2) 

Computation of CO2 concentration in Level 2 processing 

chain consists of creating 4ARTIC working context before 

launching this program (cf. Figure 4). 

As 4ARTIC has never been integrated in an operational 

mission centre of a previous CNES mission, several 

improvements still need to be implemented before MicroCarb 

launch. In particular, computing time might decrease, 

software quality needs to be improved and it should make a 

fair use of the CNES HPC (High Performance Computing) 

centre (i.e. Input/Output and memory management). 

6. CONCLUSION AND PERSPECTIVES 

Although MicroCarb is a probationary CNES project to 

measure atmospheric CO2 concentration, its mission centre 

has high IT needs similar to a large-scale project.  

A major challenge should be faced to specify, develop and 

integrate the processing chains respecting the schedule and 

the budget, while ensuring that high quality products are 

available for the science community.  
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ABSTRACT

Earth observation has a new boost with high resolution
monitoring programmes and missions (e.g. Copernicus and
the up-coming Landsat 9) that offer new opportunities for
land cover, vegetation monitoring and phenology studies. At
the same time, this data deluge brings new computational
challenges that limit Scientists’ search space. This challenge
increases when working at Continental scales. Often the ap-
proach is to use a single product, such as a Vegetation Index
(VI), and one set of pre-defined parameters to derive a new
product for the entire search space. This one size fits all ap-
proach deviates the researcher from the truth, and thus barely
exploit the real potential value of these high resolution data
sets. In the context of Phenology analysis, here we quan-
tify the variations on the start of the season (SOS) seen from
space when using different VIs and SOS extraction methods
(i.e. fitting functions and parameters). With a simple seg-
mentation of the geographical space by Ecological regions,
we show that land characteristics influence the choice of the
VI and SOS extraction method. This pilot study is our seed
to design a cloud-based platform that can combine different
sensor data sets, algorithms and segmentation techniques to
obtain a more accurate view of phenological metrics such as
SOS at continental scales.

Index Terms— Start of season (SOS), TimeSat, high spa-
tial resolution, cloud/distributed computing, Spark

1. INTRODUCTION

Phenology is the study of periodic plant and animal life cycle
events and how these are influenced by seasonal and inter-
annual variations in weather, climate and environmental con-
ditions. Because of this, the timing of life cycle events vary
from year to year and from place to place [1]. There are sev-
eral sources of phenological data, such as ground observa-
tions, pheno-cameras and satellite sensors. The later provide
remote sensing (RS) images that can be used to derive vege-
tation indices (VIs), which in turn can be used to character-
ize land surface phenology from continental to global scale.
Such VIs, typically normalized difference vegetation index
(NDVI) and enhanced vegetation index (EVI), are used to ex-

tract various vegetation metrics. For instance the start of the
season(SOS).

Motivation. Currently, there is no universally accepted
method to extract phenological metrics from RS images. Ap-
plying different methods to the same RS data might result in
a difference of the timing of phenological metrics of up to 60
days [2]. Moreover, multiple VIs can be used to study phenol-
ogy, producing different results [3]. Also, the spatial resolu-
tion of each time series varies from sensor to sensor, making
the integration of images a challenging task. With varying re-
mote sensor and various phenology extraction methods, it is
difficult to establish a uniform approach to study land surface
phenology at large scale.

Satellite-derived phenology is also influenced by the tem-
poral, spatial, and spectral resolutions of the RS images. To
minimize the within-pixel variability, one can use high spa-
tial resolution images. Moreover, in order not to penalize on
the temporal accuracy, one might want to work with frequent
samples; from 15-days composites to daily images. There-
fore, to have best accuracies when producing phenology prod-
ucts, high spatio-temporal resolutions are required, resulting
in a Big Data challenge.

Objectives. The main objective of this work is to study
the validity and coherence of NDVI and EVI based Start-of-
Season (SOS) phenology metrics at continental scale. To do
such analysis, at large scale and high-resolution, we decided
to use Apache Spark. This distributed computing framework
was not only chosen because it allows us to handle the in-
creased problem size, but also because it can easily scale when
the problem size increases or decreases.

Using a Spark-based platform we study the validity and
coherence of NDVI and EVI vegetation indices and compare
them with different phenology extraction methods (fitting func-
tions and parameters). First we study the impact of using
one or another VI and fitting function on the estimated day
of SOS. We compare the SOS products by calculating the av-
erage and standard deviation SOS values for all years. Then,
we compare the difference between the SOS experiments for
different Ecological Regions [4] showing that the results are
not uniform.
In the following sections we show the impact of using NDVI
and EVI, and different fitting functions to extract SOS met-
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rics for different Ecological Regions (Section 2). Then we in-
troduce the platform architecture and its scaling capabilities
(Section 3). Finally, we summarize our findings and present
follow up activities (Section 4).

2. PHENOLOGY STUDIES

Here we study the validity and coherence of various SOS met-
rics derived using NDVI and EVI and different fitting func-
tions. we compare these metrics by calculating the average
and standard deviation SOS values for all years. Then we
compare the difference in SOS values per ecological region.

2.1. Vegetation Indices

We used a dataset provided by Copernicus Global Land Ser-
vice that spanned 19 years (1999−2017) by combining SPOT-
VEGETATION (1998−2014) and PROBA-V (2014−present)
satellite data. This dataset was used to calculate NDVI and
EVI. Using the same input data minimizes any source of ad-
ditional noise. The product has a spatial resolution of 1km,
and is available as 10−day composites.

The NDVI uses the near-infrared and red channels of the
sensor [5]. The EVI also uses the blue channel and requires
setting a set of coefficients C1 = 6, C2 = 7.5, L = 1,
and G = 2.5 [6]. Both indices were calculated in a dis-
tributed mode using the computational platform presented in
Section 3.

2.2. SOS with TimeSat

To compare the SOS derived from the time series of NDVI
and EVI, we used 3 fitting functions provided by TimeSat for
seasonality extraction: Asymmetric Gaussian (AG), Savitzky-
Golay (SG) and Double Logistic (DL). The additional pa-
rameters provided by TimeSat are fixed for all experiments.
TimeSat is executed in parallel over set of machines using the
computational platform presented in Section 3.

Spikes in the time series, mostly caused by clouds, were
removed if they were larger than 2 standard deviations from
the running median (Timesat standard approach). The sea-
sonal parameter was set to 1 indicating there is at most 1 veg-
etation season per year. Since noise reduction can bias the
SOS estimates, the fit is adapted to the upper envelope of the
data 1. By setting the number of envelope iterations to 2, the
fitting function is adjusted during the second iteration with
weights derived from the first iteration. The amplitude cutoff
was set to 0 to process all the available data.

For the SG fitting we wanted to remove sharp differences
but without loosing the ability to capture sudden changes since
in semi-arid areas the vegetation almost instantaneously re-
sponds to precipitation [7]. Therefore, the width of the SG
moving windows was set to 4. For the valid data range we

1http://web.nateko.lu.se/timesat/docs/TIMESAT33 SoftwareManual.pdf

Table 1: SOS min, max and mean value, and the stand devia-
tion min and max

Experiment min max mean min SD max SD
NDVI-AG -10 204 113.8 4.92 137.80
NDVI-SG -1.6 201.77 107.9 6.01 146.77
NDVI-DL -8.92 205.64 113.5 5.04 137.88
EVI-AG 13 192 107.2 5.07 97.91
EVI-SG 8 186 100.6 4.98 106.81
EVI-DL 15 191 107.3 4.95 95.93

set the parameter to [0, 1], the same set for the VIs described
Section 2.1.

2.3. Compare SOS products and functions

Here we compare the SOS for the different VIs and fitting
functions. Table 1 shows the minimum and maximum SOS
values for each of the experiments. To remove outliers, the
highest and lowest 2% of values were discarded. The average
value per pixel was calculated for the whole range of the time-
series from 1998 to 2017. Furthermore, to assess the seasonal
spatial change across all the years the standard deviation (SD)
was calculated for the same period.

Results show that NDVI has a higher overall spread than
EVI. This results in lower minimum values, which in some
cases can go negative indicating SOS in the previous year.
The spread between the min. and max. observations is about
10 days higher when compared to the EVI. The results for the
AG and DL fitting functions generally show similar values
when compared per index, however the SG function shows
earlier SOS by several days, more noticeable in the EVI-SG
experiment.

For the SD, the minimum boundary is fairly consistent
across experiments ranging from 4.92 to 5.04 days, however
we have higher deviations in the max boundary with 95.03
for EVI- AG to 147 for NDVI-SG. We observe much higher
SD values for the NDVI (30− 40 days) than for the EVI. We
also observe similar AG and DL results across VIs, and higher
SD values for SG when compared with the rest of the fitting
functions.

Figure 1 shows a histogram of the SOS mean value dis-
tribution for each of the experiments. Results are fairly con-
sistent, with most of the values clustering around the 100th

day. The histograms are skewed to the left indicating a higher
percentage of values greater than 100. In the 150− 200 days
range, the biggest differences are observed between VIs, where
the NDVI experiments show higher SOS values.

To better understand the differences between each VI and
fitting function, the average values were separated per eco-
logical region. An eco-region is a recurring pattern associ-
ated with characteristic combinations of soil and landform
that characterize a given region. Desserts, forests and corn
plains are examples of eco-regions. By observing Figure 2,
we can better judge the spatial difference among the exper-
iments. In the central and Midwest regions, minimal differ-
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Fig. 1: Histogram with the mean difference in each experi-
ment

ences are observed across VIs and functions (0− 10). Larger
variations start to show across other regions. For example
in Florida in an eco-region classified as Eastern Temperate
Forests, the biggest differences are observed between the VIs.
In this eco-region the NDVI-based SOS values are much later
(by 30 to 70 days). Another interesting region is located in the
West Coast, where the difference is between 0 and 20 days.
However, the NDVI-based SOS leads to earlier predictions
in the deserts (0 − 30 days), although later predictions were
found in the Chihuahuan desert.

3. COMPUTATIONAL PLATFORM

Determining the ”right” fitting function and set of parame-
ters for SOS long-term studies at high spatial resolution and
at continental scales is a computational challenge that tradi-
tionally could not be tackled by single researchers. In this
work we use a cloud-based solution based on Apache Spark 2

to perform our analysis. With the data stored in the original
file formats, such as GeoTiff and HDF, users are able analyze
the data through Jupyter notebooks running either Python, R
or Scala. These notebooks are not only used to share results
among scientists but also as a provenance method for scien-
tific results.

3.1. The platform’s architecture

Our computation platform extends the one presented in [1].
Here we briefly recap its architecture organized in three lay-
ers: storage layer, processing layer and JupyterHub services

2https://spark.apache.org

for user-interaction.The storage layer offers two flavors of
storage, file-base by Hadoop Distributed File System (HDFS),
and object-based by Amazon S3 service. For local environ-
ments we use Minio, an open source object storage server
with Amazon S3 compatible API, to avoid application re-
write when moving to a cloud provider. HDFS is used by
Apache Spark to exploit data locality and to store intermedi-
ates to avoid re-computations. The object storage is used to
store the phenology data products and other remote sensing
data products.

3.2. Distributed SOS computation

Several software packages allow calculating phenological met-
rics from regular time series of RS images. For instance,
TimeSat [7], Spirits [8], and Sen2Agri [9]. These packages
need a certain degree of integration and customization to be
deployed on a cluster environment. TimeSat, a software pack-
age for analyzing time-series of vegetation index derived from
satellite sensors, was our choice because it was easy to sepa-
rate the module for SOS generation from the rest of the func-
tionalities. In addition, it has a way to define the processing
area as a subset of the whole area of interest, allowing us to
use spatial partitioning to distribute load in Spark. Also, it
offers several fitting functions and options that we evaluated
during our phenology analysis.

TimeSat requires POSIX file system to read input data and
output data. With the input being generated by Spark stored
in S3, and the TimeSat output to be used by Spark, we simply
mounted S3 buckets locally on each machine. With the data
partitioned over several tiles, the extent and meta-data pro-
vided as a ”settings file” for TimeSat, the computation of SOS
was executed in parallel over a series of VMs in the cloud.

3.3. Data partitioning

Spatial partitioning was the chosen strategy since TimeSat re-
quires the time-series to have minimum length 3 years and it
is set to find n − 1 seasons, where n is the number of years.
Hence, a temporal partitioning schema would drastically im-
pact on our partition granularity. To assess the optimum num-
ber of tiles and tune the load distribution in the cluster, we ran
a set of experiments where the number of tiles were roughly
doubled on each experiment. We choose to keep the dimen-
sionality ratio between height and width of a tile for the cost
of not precisely doubling the number of tiles for each subse-
quent experiment.

The experiments were run on 19 years of NDVI data with
the TimeSat AG fitting function. The files were cached on
each of the nodes. The test setup was 4 nodes with 4 cores
each having 1 worker and 1 executor per node. Each node
has 4 cores resulting in a total of 16 cores in the cluster. The
nodes memory was set in 3 : 1 ration; 12 GB for Spark jobs
and 4 GB left for TimeSat processing. The results in Table 2
show that the best number of tiles is 1024.
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Fig. 2: Average SOS over the 1998− 2017 Period on Ecological Regions. Row-wise EVI NDVI; Column-wise AG SG DL.

Table 2: Duration for different tiling sizes

Tiles 30 64 121 256 529 1024 2025
h:mm 14:0 7:30 6:43 6:50 6:22 6:20 6:46

3.4. Platform Scalability

Due to high degree of data parallelism we spatially partition
continental USA and then used Spark to distribute the work
over several instances of TimeSat. To achieve that we cre-
ated an RDD holding the input parameter for the TimeSat
executable, that is the path to a “settings file” that defines
the area on which to produce results. To invoke the execu-
tion of the external TimeSat process and imitate how Time-
sat is run from the command line we used the Scala system
process call for each RDD record. With the data loaded into
Spark’s memory-based structures, distributed task scheduling
and fault-tolerance was then handled by Spark.

Preliminary scalability performance tests show that the
platform is able to scale horizontally (add more nodes) and
vertically (add more cores per node). The computation times
for SOS using NDVI and as VI and AG as fitting function
are in Table 3. The fact that the scaling is not linear is due
to amount of work per tile and due to the non-uniform geo-
graphic shape of USA (i.e.some tiles contain less valid data
than others). In future work we plan to design a dynamic
partitioning solution based on the size of the dataset and the
available resources.

Table 3: Platform scaling experiment

Nodes x Cores 4x4 4x8 4x12 8x4 12x4
Time (h:mm) 7:11 3:40 2:33 3:43 2:36

4. SUMMARY AND FUTURE WORK

This works presents a computational platform to study the va-
lidity and coherence of SOS products derived from two com-
mon VIS and using 3 popular fitting functions. The differ-
ent products were compared by calculating the average and

standard deviation SOS values for all years and by analyzing
differences per Ecological region.

Future work will focus on including additional RS data
sets and on performing a more detailed study of various other
methods to extract land surface phenology metrics. We think
that this solution will allow individual scientists to efficiently
derive phenological metrics on their own while benefiting from
the increasing availability of global RS data at very high spa-
tial resolutions (10 to 30m).
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ABSTRACT 

GAF AG supported by its partner’s e-GEOS, GeoVille and 

SIRS has developed an end-to-end cloud-based processing 

environment for the production of the Copernicus HRLs 

2018, a large-scale land cover mapping activity covering an 

area of ~5.8 Mio km². It is partially based on developments 

undertaken in the H2020 project ECoLaSS, targeting 

evolutions in the CLMS, specifically the High Resolution 

Layers. The processing environment is currently deployed on 

the DIAS Mundi platform, which offers a scalable, high-

performance cloud infrastructure in the Open Telekom Cloud 

(OTC) with direct access to various earth observation data 

archives. Fast access to EO data provides CUBEO, e-GEOS 

scalable pre-processing and Data Cube platform developed in 

cooperation with MEEO. The workflow is based on a highly 

automated, multi-stage land cover classification using dense 

time series of Sentinel-1 and -2 data. It is characterized by the 

use of spatial-temporal features, bio-geographical regions for 

product harmonization as well as iterative optimization 

techniques, e.g. active learning for sample refinement. The 

main challenges consist of the efficient handling of pre-

processing and classification of the vast data volumes as well 

as ensuring the consistent product quality at European scale 

despite strong regional differences in geographical settings. 

Index Terms— Big Data, Data Cube, Land Cover 

Mapping, Large-Scale, Cloud, Mundi, Active Learning, 

Sentinel, Copernicus, Land Monitoring Service, ECoLaSS, 

High Resolution Layers 

1. INTRODUCTION 

Ever increasing volumes of earth observation and in-situ data 

reinforce the need for cloud-based data processing solutions 

and the development of novel approaches to large-scale land 

cover classification. Just a few years back, approaches that 

focused on classifying a single “best scene” or ideally a few, 

optimally cloud-free satellite images per image tile, were an 

established option. This was despite the inherent problems of 

the approach in regions with frequent cloud cover and 

extensive manual effort for scene selection and post-

processing at scenes tile borders. Combined with the potential 

of today’s readily available, dense time series data, these 

approaches seem outdated. However, optimal exploitation of 

the time series information for the classification of large areas 

spawns new challenges, most notably related to efficient 

processing and data handling, the required technical 

infrastructure, as well as sensor data fusion and spatially 

consistent product quality.  

In December 2018, GAF AG, GeoVille, e-GEOS and SIRS 

were awarded by the European Environment Agency (EEA) 

to produce the Copernicus High Resolution Grassland & 

Forest Layers 2018. Based on high to very high resolution 

satellite imagery, including full time series of ESA’s 

Sentinel-1 and -2 satellite sensors, the team will perform 

within 12 months an update for the year 2018 and change 

mapping between the years 2015 & 2018 for the EEA-39 

countries covering an area of approx. 5.8 Mio. km². All 

thematic layers provide dedicated information on current 

environmental conditions at 10m and major change trends at 

20m spatial resolution. Final products are freely available by 

EEA via the Copernicus Land Monitoring Service portal 

(http://land.copernicus.eu). 

The workflow is partly based on developments achieved in 

the H2020 project ECoLaSS (www.ecolass.eu) and currently 

updated and implemented on the Copernicus Data Access and 

Information Services (DIAS) platform Mundi 

(www.mundiwebservices.com). The infrastructure of Mundi 

is based on the Open Telekom Cloud (OTC), a secure and 

scalable Infrastructure as a Service (IaaS) solution based on 

OpenStack and hosted by T-Systems in Germany. Because of 

the short production period given by the HRL project, the 

workflow has a strong focus on automation & efficient 

processing in a fully cloud-based environment together with 

iterative classification optimization. Desired land cover 

layers are, among others, the dominant leaf type and 

grassland status layers, land cover class-specific density 

layers, and various land cover change layers. 

The following chapters describe the technical infrastructure 

and implementation of the processing environment on the 

Mundi cloud platform, the input data and employed data pre-

processing, the data cube technology as well as the thematic 

classification methodology and optimization techniques. 

2. DIAS MUNDI CLOUD PLATFORM 

For the production of EO based Land Cover maps based on  

dense time series data and sophisticated methodologies, a 

scalable and performant, cloud-based data-management and 

processing environment is required. Due to the powerful 
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compute instances and the standardized access to the 

complete Sentinel-1 and -2 archives, the Mundi cloud 

platform was selected as the technical infrastructure for this 

project (Fig. 1).  

 

Fig. 1: Data Management & Processing Setup on Mundi 

 

The platform, developed by ATOS is established on the 

infrastructure of the Open Telekom Cloud (OTC), which is 

hosted by T-Systems. The Mundi Data Catalogue Service 

provides access to Copernicus and other remote sensing and 

ancillary datasets, and enables customizable queries through 

OpenSearch and OGC CSW protocols. Data can be processed 

and analyzed on-demand with a broad range of tools (e.g. 

relational database services, container engine, workspace 

services, data cubes etc.) and scalable cloud services (e.g. 

elastic cloud server, object storage, elastic volume service, 

repository support). The technical implementation of the 

production system of this project includes a centralized data 

storage and relational database using PostgreSQL/PostGIS 

for file and process management. The database contains all 

relevant metadata, production status, reference and training 

samples and other data management & production relevant 

information. To enable sufficient scalability of the pre-

processing, thematic classification and post-processing 

chains, the workflows steps are modularized based on 

Docker. The deployment, scaling and management of the 

micro services are orchestrated via the Kubernetes 

orchestration framework. 

The Mundi cloud platform also enables a fully centralized 

processing approach, where all production partners will be 

able to use the same processing chains and software tools and 

have access to all virtual machines, databases as well as 

Elastic Cloud Services (ECS) and object storage systems. 

This allows convenient sharing of production tasks between 

the partners, enabling the exploitation of regional thematic 

expertise. The cloud-based approach thus supports the 

achievement of the project requirements regarding time 

schedules, product consistency, reproducibility and long-

term sustainability of the desired land cover products.  

3. METHODOLOGY 

3.1. Input data 

The main input data consists of Sentinel-1 and -2 time series 

data (with Landsat 8 as fall back option for gap filling). 

Sentinel-1 imagery will especially benefit the production in 

areas where too few cloud-free optical high-resolution 

images are available. The extensive imagery archive is 

filtered by temporal and minimum cloud cover criteria. The 

temporal subsets account for the vegetation period (growing 

season) which is most relevant for the successful delineation 

of the land cover products. The Sentinel datasets are 

complemented by additional very-high resolution aerial 

imagery and ancillary datasets, e.g. DEMs the 2012 and 2015 

Copernicus High Resolution Layers (HRL) as well as various 

in-situ datasets, e.g. land parcel information system (LPIS) 

data. 

3.2. Pre-processing 

The pre-processing is targeted at ensuring the spatial and 

temporal homogeneity of the time series data. It aims at 

removing inhomogeneous image effects from different 

atmospheric, illumination and topography-related conditions, 

establishing a more direct linkage between the data and the 

biophysical phenomena on the ground. Due to the large-area 

and high spatial and temporal resolution imagery, the 

processed data volume requires an automated, scalable and 

efficient pre-processing chain for the generation of analysis-

ready data. Sentinel-2 Level-1C and Level-2A time series 

data as well as Sentinel-1 Single Look Complex (SLC) data, 

generated by ESA and available through MUNDI will be the 

main input for the production process. Figure 2 provides an 

overview of the optical and SAR satellite data pre-processing 

and provision of data within the CUBEO Data Cube platform. 

 
Figure 2: Optical & SAR satellite data pre-processing 
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Unfortunately, the quality of cloud- and cloud shadow masks 

provided via L2A data from ESA is usually not sufficient for 

further thematic processing steps. Therefore, separate cloud 

masks are processed based on an enhanced Fmask algorithm 

implemented in Force (Frantz et al. 2018) or MAJA (Hagolle 

et al. 2010) using Level 1C data. For further thematic 

processing, spectral information of atmospherically corrected 

(BoA) Sentinel-2 L2A data is ingested in the processing 

framework as well as Sentinel-1 SLC data to derive reliable 

intermediate products such as the Radar Cross-Section 

backscatter (RCS) and the interferometric coherence of the 

vegetation period time series. All satellite data, cloud masks 

and derived indices are stored in different Data Cubes for 

performant access via WCS. The Data Cubes are included in 

e-GEOS scalable pre-processing platform called CUBEO 

(Corsi et al. 2018), which was developed in cooperation with 

MEEO from Italy. CUBEO has been developed using a 

cloud-oriented approach (containers, process orchestration, 

auto-scaling) to maximize the horizontal and vertical 

scalability of the data preparation pipelines and of the WCS 

data access endpoints.  

3.3. Spatio-temporal features 

From the spectral bands and derived indices, several spatio-

temporal or “time” features and are computed. They describe 

distinct spectral, temporal and phenological properties that 

summarize the spectral evolution of each pixel over time. 

This allows the characterization and differentiation of distinct 

patterns of seasonal, short-term and long-term changes such 

as induced by phenological cycles, extreme events or human 

activity (Valero et al., 2016) and helps to differentiate and 

classify the desired land cover classes. Compared to single-

scene classification approaches, time-features are preferable 

since they do not require manual scene selection and offer 

greater robustness against thematically irrelevant effects (e.g. 

seasonal changes in illumination conditions, undetected 

clouds and cloud shadows).  

The range of potentially valuable time-features comprises 

well-known statistical parameters such as the min, max, mean 

and percentiles. Also, for more complex time-features, 

multiple sliding windows are computed and used to 

iteratively update the desired feature over the course of the 

time series. Time-features can be computed for different 

temporal subsets of the time-series allowing a flexible 

adaptation to changes in land cover characteristics and 

phenological cycles in different bio-geographical regions. 

3.4. Bio-geographical strata 

Instead of classifying on a fixed satellite tile grid system, the 

project workflow proposes a regional stratification strategy 

based on bio-geographical regions with similar landscape 

characteristics (Fig. 3). If required, these production units 

(level-1) can be further divided into sub-production units 

(level-2). This stratification approach helps improve the 

overall thematic accuracy by application of specifically 

tailored classification models and allows for flexible 

enhancements of the classification by further subdivisions. 

It also helps limits discrepancies and time-consuming 

subsequent post-processing corrections at grid unit borders 

by encouraging classifier decision fusion in overlap regions. 

 

 
 

Fig. 3: Environmental Zones of Europe as proposed by 

(Metzger et al., 2012) and the Sentinel-2 tiling grid 

3.5. Classification workflow 

The main inputs to the actual classification workflow are the 

training and test samples, the spatio-temporal features 

computed from the Sentinel-2 and Sentinel-1 time series, as 

well as the bio-geographical strata (Fig. 4).  

The sampling process is initially based on stratification via 

existing auxiliary land cover datasets. The sample 

distribution within the class area is then refined through a 

secondary stratification via a feature space clustering based 

on the derived time features. This reduces the chance of 

missing spectrally distinct but low-area land cover types. The 

workflow uses the non-parametric random forest classifier 

which equals or outperforms the accuracy of other methods 

for a wide range of classification problems (Fernández-

Delgado et al., 2014). 

Although the project workflow is highly automated, it 

features dedicated break points, which will allow adapting 

and optimizing the classification according to regional 

diversity and local phenomena. The initial classifications on 

the test samples, respectively full raster extent yield 

automatically generated classification reports with various 

metrics on accuracy and regional variations as well as 

operator guidelines. This is followed by the operator either 

accepting the classification as the final result or triggering a 
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multi-stage pipeline of optimization, retraining and 

evaluation until satisfactory results are achieved for the 

respective region. The operator can deploy multiple 

optimization methods that may include active learning for 

iterative sample optimization, splitting the regional strata into 

further sub-strata, renewed feature selection or model hyper-

parameter tuning. Active learning generally enables the use 

of a much lower number of samples to achieve similar or 

better classification accuracies. The assumption for 

employing the active learning framework is that the sampling 

should be focused on areas for which the initial model is 

particularly uncertain. Since already a few of these difficult 

samples (often from underrepresented classes) can improve 

the accuracy of the classification significantly, the effort for 

time-intensive manual labelling process can be significantly 

reduced. Which samples are selected for labelling depends on 

the distribution of the class probabilities (as predicted by the 

machine learning model) which are summarized with a 

specific uncertainty / confidence metric such as breaking ties 

or entropy (Settles, 2012). 

 

 
 

Fig. 3: Classification including the quality evaluation, 

optimization steps and decision mechanisms. 

 

Additional post-processing for the classification result can 

include automatic and manual corrections, e.g. the relative 

calibration of the full raster classification results from 

adjacent and partially overlapping bio-geographical regions 

and sub-regions by model decision fusion. Horizontal model 

stacking is the combination of multiple models from 

neighboring regional strata at the same level. This is 

particular useful to harmonize the transition in overlapping 

areas of adjacent production units and select for each pixel 

the result from the more reliable model. Vertical model 

stacking is the combination of multiple models from different 

levels of the same regional strata. For example, a classifier 

that is optimized for a specific level-2 region (for pixels of 

classes that are only minorities considering the full level-1 

region) typically yields a better accuracy for most pixels but 

not necessarily for all. A fusion of the most reliable 

classifications from different levels can hence be used to 

harmonize and improve the results.    
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ABSTRACT 

The Space and Security domain is heavily relying on effective 

processing of big geospatial data to provide value added 

products for decision making. Traditional information 

technology approaches have important limitations in areas 

such as infrastructure, data and user management. With the 

prevalence of commercial and public cloud computing 

solutions for EO applications, there is an opportunity for the 

adoption of these technologies in the Security domain. This 

paper revises the typical geospatial intelligence production 

workflow, identifying the main areas that can be positively 

impacted by the use of cloud solutions and showcasing two 

implementations at different TRL within one of EU key 

operational agencies, the European Union Satellite Centre 

(SatCen). 

Index Terms— Cloud Computing, Space and Security, 

Change Detection, MTC, NextGEOSS, RTDI 

1. INTRODUCTION 

The Space and Security domain is an integral part of the 

European Space Policy, and includes Security from Space 

and Security of Space. Driven by a positive landscape shaped 

through European policies [1], including the EU Cloud 

Initiative, EOSC, Digital Single Market [2], EU Comm(2012) 

529, EU Space Strategy [3], in the last years there has been a 

growing tendency in the democratization of the use of space, 

with a greater participation of industry and academia and an 

enhanced institutional support, shaping a complex ecosystem 

of sensors, platforms, applications, and tools.  

Triggered by the evolution of web technologies, high 

performance computing and advances in data science, EO has 

become a ubiquitous resource, with a plethora of downstream 

services being proposed on top of the data (e.g. Sinergise, 

AWS, Google, Planet, and others). One of the main 

innovations is in the area of data provisioning and in how 

users (including Space and Security stakeholders like 

Member States, missions and operations, international 

organizations) can access relevant information. The new 

paradigm for knowledge discovery from geospatial products 

is user-centric, where dedicated applications can trigger 

complex processing performed at the data location (often 

distributed and heterogeneous), with minimal expert user 

intervention. This is enabled by free and open data and tools 

provided by programmes such as Copernicus, and the 

availability of cloud computing solutions. For the Security 

domain, this context poses both opportunities and challenges. 

The growing need to process heterogeneous EO and collateral 

big data and share information faster and globally, as well as 

the need for more effective EO logistic chains, are main 

drivers for institutions in the geospatial service provision 

field to adopt cloud computing approaches to their production 

chains. Challenges are posed by legacy ITC systems, 

difficulties in implementing official changes, and growing 

cyber security concerns. This paper discusses the 

opportunities and challenges of adopting cloud-based 

solutions for the Security domain and showcases two 

successful scenarios implemented at the European Union 

Satellite Centre – one of EU essential operational assets, 

contributing to the security of countries. Section 2 discusses 

the advantages for GEOINT providers of moving to cloud, 

section 3 presents the typical technical requirements to be 

considered by security institutions looking to implement this 

infrastructure change, while section 4 details the use cases: an 

implementation in the operational production chain to 

demonstrate geospatial information product generation and 

an implementation at lower Technology Readiness Level 

(TRL) to demonstrate cloud service provision. 

2. IMPACT OF CLOUD ON GEOINT WORKFLOWS 

To understand where cloud computing could improve the 

provision of products and services resulting from the 

exploitation of space assets and collateral data to support 

decision making and actions in the field of security, Figure 1 

presents a brief overview of a typical GEOINT operational 

chain. Following the tasking process, the GEOINT provider 

performs the feasibility analysis of the task, identifies data 

sources and requests necessary data from the data providers. 

Then, upon data reception, performs the analysis using 

dedicated tools and finally the product is delivered through 

dedicated channels to the requesting entity. EO satellites 

deliver daily massive amounts of spatio-temporal 

observations [4]. During the Feasibility Analysis, the 

GEOINT provider decides which data type is most suitable to 

the scope of the application (e.g. field support, planning or 

decision making), accounting for constraints including 

availability, price, provider agreements, licensing, data 

access and delivery. 
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For the stage of Data Request (including the whole chain 

from discovery to order placement and retrieval), the main 

advantages of using cloud-based solutions versus classical IT 

 
Figure 1. Workflow for the provision of GEOINT products. In blue 

the stages for which cloud solutions could have most impact. 
 

approaches are: ensuring interoperability and promoting use 

of common standards to enable a unitary treatment of all data 

types and formats, having proper resource management to 

enable accessing archives as well as triggering new 

acquisitions and large volumes, maintaining replicable and 

reproducible procedures and approaches to minimize 

response time and optimize analysis and production times 

(e.g. re-use of data, systematic data pre-processing) [5].  

Furthermore, by providing an agile alternative to on-

premises systems, cloud computing can impact the Data 

Analysis and Production stages especially through built-in 

capabilities for scalability and elastic provisioning of IT 

infrastructure, which mitigates complex procurement and 

integration processes, as well as maximizes focus on added-

value tasks for specialized staff, since updates and monitoring 

tasks are applied transparently. Bringing processing close to 

the data and scalable storage capacity are important 

advantages with respect to the execution of routine analyses 

(e.g. generation of high level products) and recurrent 

processing (e.g. for long-term monitoring tasks).  

The main impact on the product Delivery stage is on the 

need for secure and global data sharing. Cloud computing can 

facilitate the secure transfer of information between relevant 

parties (through controlled access protocols) even if they are 

in different parts of the globe, boosting the ability for faster 

response and enhancing interoperability.  

3. TECHNICAL REQUIREMENTS FOR CLOUD 

ADOPTION IN SPACE AND SECURITY  

Several institutions and industry players in the Space and 

Security domain are already provisioning EO Cloud services 

or are on the way to provisioning them. At EU level, the 

biggest effort to provide seamless access to geospatial and 

collateral data, computing power and applications, is put on 

the five Copernicus DIAS (Data and Information Access 

Services) which are expected to boost the exploitation of EO 

products, increase the industrial participation and expand the 

cross-sectorial and cross-boundary impact of geospatial data. 

Functionally, the DIAS architecture consists of a back office 

(a scalable computing environment in which users can build 

and operate their own services, with unlimited, free and 

complete access to Copernicus data and information, and any 

other data that may be offered by the DIAS provider), the 

DIAS integration services (orchestration of interactions, 

development tools and services), and the front office (service 

provision by third parties)[6]. Furthermore, the European 

Space Agency (ESA), through its programmes, supports the 

development of Thematic Exploitation Platforms (TEPs) that 

are using a broad range of EO data, including Copernicus, and 

allow the processing of (not only) satellite data for specific 

themes.  

In the Space and Security domain, the move from legacy 

applications to cloud solutions, relies on a shared 

responsibility scenario between the application owner 

(operational security actor) and the cloud provider, with 

established means for information security controls. The 

main challenge comes when it is required to deal with 

Classified Information (CI), which in EU terms refers to “any 

information or material designated by an EU security 

classification, which, if disclosed without authorization, 

could affect the interests of the EU or of one or more EU 

countries”. The rules for protecting EU Classified 

Information (EUCI) are set in the Council Decision 

2013/48/EU [7] and refer to the means for information 

assurance in the field of communication and information 

systems that handle EUCI. For a system, information 

assurance is the confidence that it will protect the information 

it handles and will function as it needs to, when it needs to, 

under the control of legitimate users. Effective information 

assurance must ensure appropriate levels of confidentiality, 

integrity, availability, authenticity and non-repudiation. 

Confidentiality requires ensuring the security of personnel, 

any areas in which EUCI is stored or handled, including 

information systems, as well as appropriate measures to deter, 

detect and recover from deliberate or accidental compromise 

or loss of  information. The confidentiality of EUCI shall be 

protected by approved cryptographic products corresponding 

to the level of classification. Integrity refers to the accuracy 

and completeness of information. Preventive, contingency 

and recovery plans for the protection of EUCI in emergency 

situations are mandatory under [7]. Availability is the 

property of being accessible and usable upon request by an 

authorised entity. Elimination of single points of failure, 

redundancy and automatic failover mechanisms increase 

availability of information. Information authenticity (i.e. is 

genuine and from bona fide sources) shall be ensured through 

system and communication level strategies. Finally, non-

repudiation mechanisms (e.g. Identity management, 

authentication, signatures, and use of encryption keys) shall 

ensure that any occurrence of actions or events is associated 

with a particular trusted individual or system and thus, it is 

beyond reasonable doubt.  

4. USE CASES  

This section details two use cases exploring the integration of 

Cloud Computing solutions at SatCen. The first one 
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illustrates the advantages of cloud in terms of computational 

scalability and elasticity required by intensive processing of 

High-Resolution Single Look Complex SAR imagery in an 

operational context. The second use case is a demonstrator 

pilot developed in the frame of the H2020 project 

NextGEOSS, where the whole data lifecycle is handled in the 

cloud, from discovery, to processing and publication of 

results. 

4.1. PaaS for High Complexity Processing for GEOINT 

A wide range of Security applications require the detection of 

changes occurring on the surface of the Earth within a 

predefined (typically short) interval, by analysing satellite 

observations. Depending on the geographical position, time 

of observation and the type of activity to be detected, imaging 

from space the area of interest can pose a number of 

difficulties, including presence of clouds, night time, or the 

presence of given activity outside of imaging intervals. For 

such cases, it is typically recommended the use of coherent 

SAR acquisitions, due to the independence on weather and 

external illumination and the possibility to use the phase 

variation information to detect target movement.  One of the 

analysis methods most employed in SatCen - and deeply 

investigated in its Research, Technology Development and 

Innovation (RTDI) Unit - is addressing the coherence 

variation from successive coherent SAR acquisitions, also 

known as MTC (multi-temporal coherence) analysis.  

While the information retrieved from the analysis is 

particularly useful to detect very small variations of assumed 

coherent objects, it comes with high and non-linear 

complexity costs, MTC analysis requiring the processing of 

the complex data with typically 16 bit per pixel for the in 

phase and in quadrature components. The most demanding 

stages of MTC product generation are sub-pixel image 

registration and computation of coherence, since they require 

the execution of convolution operations both in spatial and 

spectral domains. This imposes an overhead for processing 

such complex-nature images requiring an extensive 

processing infrastructure. To tackle the varying and 

exhaustive processing needs, a Cloud-based Workflow 

Orchestration Framework for SatCen Multi-temporal Change 

Detection Service based on Sentinel-1 SLC data has been put 

in place based on the ASB solution1. The system, depicted in 

Figure 2, is implemented as a cloud PaaS (Platform as a 

Service) offering scalability, automated generation of 

workflows, platform-agnostic orchestration, monitoring, 

control and algorithm integration. From a functional 

perspective, the framework permits to:  

• Deploy, configure and execute custom algorithms as 

processing chains using workflows; 

• Deploy processes in a distributed environment; 

• Parallelize the execution of processes; 

                                                 
1 https://www.spaceapplications.com/products/automated-service-

builder-asb/ 

• Monitor the executions; 

• Access execution reports and generated products; 

• Access and manage everything through a web-based UI. 

The platform is based on open source components like 

Apache Mesos, Marathon and Chronos to provide horizontal 

scalability and Apache Zookeeper for cluster coordination. 

This stack allows tasks to be submitted to the cluster,  

 
Figure 2. Cloud-based Workflow Orchestration Framework for 

SatCen Multi-temporal Change Detection Service1 

 

orchestrated by the workflow engine, packaging user 

algorithms, deploying and executing them on user-selected 

platforms. Docker containers are used to provide the proper 

runtime for each task. Processing chains are designed as 

workflows in form of directed acyclic graphs (DAGs). 

Apache Airflow is used to describe those workflows and to 

orchestrate their execution. Data access and data processing 

is done through OGC standards (CSW and WPS) to enhance 

interoperability and reusability. Finally, quota and credit 

services, user management, logging and UI interfaces are 

integrated within the platform in order to provide a user 

friendly interface for users, platform operators and resources 

management. 

4.2. Systematic Change Detection on the cloud – the 

NextGEOSS Space and Security Pilot 

NextGEOSS [8] is the European Data hub and platform 

providing a sustainable approach for EO data distribution and 

exploitation, with the aim to increase access to Earth 

observations from Europe, supporting decision making. 

NextGEOSS includes a set of demonstrative research and 

business-oriented pilot activities, showcasing the system 

capabilities. The innovation pilot Space and Security, led and 

implemented by SatCen in the frame of its RTDI activities, is 

addressing the needs of stakeholders involved in the EO data 

exploitation for security purposes (e.g. EU decision makers 

and Member States). The pilot has a cross-domain focus, by 

implementing and integrating tools for change detection and 

characterization based on SAR and multispectral imagery 

(Sentinel-1 and 2). The fundamental principle of NextGEOSS 
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is to optimize the connectivity of the European and global 

data centres with new discovery and processing methods. 

Applying this concept to the Security domain has the 

advantages of effective data management, leveraging Web 

and Cloud technologies, offering seamless access to all 

relevant data repositories (including open source and 

complementary information) as well as efficient operations 

(search, retrieval, processing, visualization and analysis), for 

example to extract and distribute single parameters, or to 

combine products on user demand from federated 

infrastructures. Furthermore, the concept revolves around 

providing the data and resources to the user community, so 

that the high level products generated from running the 

processing services are back-fed into the platform, becoming 

discoverable and accessible by the interested parties.  

Figure 3 provides the Architectural view of the 

NextGEOSS services and their interoperability.  

 

 
Figure 3. NextGEOSS Service Architecture - using Terradue Cloud 

Platform the processing service is integrated and deployed on 

production servers via the EGI.eu federated Cloud 

The boxes denote Services and the Arrows indicate how the 

services are integrated. Data Harvesters aggregate metadata 

from several EO-data providers (e.g. Copernicus, Proba-V) 

into the Catalogue Backend. Applications are developed 

autonomously by pilot integrators using an Application 

Integration Environment. Changes to be integrated are simply 

committed and pushed by developers to the central repository 

and a Continuous Integration Service triggers the deployment 

to the Production Environment. User Management and 

Access Control is transversal to the whole Platform and uses 

OpenID Connect protocol. Another transversal component is 

the Analytics Service. Finally at the User Interface level, 

several subcomponents are built for operations and data 

exploitation: Operations Dashboard, Service Desk, User 

Feedback, Catalogue Frontend and Community Portals.  

The SatCen pilot on Space and Security demonstrates the 

usage of the NextGEOSS Data Hub and Platform to discover 

and access Copernicus Data, exploit it for systematic Change 

Detection processing over very large Areas of Interest (Figure 

4), and make available the high level and information rich 

products to the community by enabling the results to be 

harvested by the platform. 

 

 
Figure 4. Space and Security Pilot AOI 

The main benefit of using cloud processing is the execution 

of complex processing chains over large datasets in an 

automatic and systematic manner. Sentinel Application 

Platform (SNAP) is the main technology behind the 

implementation of the Change Detection Workflow [9].  

5. CONCLUSIONS 

This paper revised the main challenges and advantages of 

adopting cloud based solutions to address the requirements of 

the Space and Security domain. Two main use cases 

exemplify different implementation scenarios in the SatCen 

operational environment, pointing out the potential benefits 

of cloud computing in terms of infrastructure scalability, data 

management and information delivery for decision making. 
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ABSTRACT 

In the context of PEPS platform (https://peps.cnes.fr), a cloud 
bursting experiment has started this year to evaluate some 
possible use cases taking benefits from cloud capacities. 
Sentinel-1 ortho-rectification processing chain, currently 
available on PEPS platform, successfully burst from CNES 
datacenter into Microsoft Azure public cloud.  
Exactly the same processing workflow, using ActiveEon 
portable solution, could burst to 600 Azure compute cores. 
This was done in a “cloud agnostic way”, ortho-rectification 
processing chain doesn’t know where it runs. This paper will 
present the architecture of this experiment, its first results and 
current limitations observed. It shall be noted that this 
experiment is still ongoing to get some first evaluation of 
costs. 

Index Terms— Cloud, Microsoft Azure, Burst, Meta-
scheduler, Docker, Image data processing, ActiveEon 
workflows 

1. INTRODUCTION 

Is it possible to burst Earth Observation data processing chain 
from CNES datacenter to a public cloud without major 
change on CNES datacenter infrastructure? What about 
performances in the cloud compare to the ones in CNES data 
center (HPC or dedicated nodes)?  Does it scale? Is it possible 
to have a better idea of the costs for a precise use case? This 
cloud bursting experiment on PEPS processing platform tried 
to answer to those questions and identified some other ones. 

2. PEPS PROCESSING ARCHITECTURE 

 
Since 2018, the following processing chains are available on 
demand on PEPS platform: 
 

• Sentinel-2 false or true color composition and 
radiometric indices (NDVI, LAI) computation. 

• Sentinel-2 Atmospheric correction and cloud 
detection using MAJA processing chain (see 
http://www.cesbio.ups-tlse.fr/multitemp/?p=6203) 

• Sentinel-1 ortho-rectification to produce ortho-
rectified tiles at 10 meters of resolution using 
Sentinel-2 MGRS grid to be able to superpose 
Sentinel-1 and Sentinel-2 pixels (see 
http://www.cesbio.ups-tlse.fr/multitemp/?cat=38) 

• It is planned to add some other processing chains 
like soil moisture computation using both Sentinel-
1 and Sentinel-2 products, ortho-rectification with 
multi-temporal filtering of the speckle noise, etc. 

 
The main components of PEPS processing architecture are 
(see figure 1): 
 

• WPS (OGC Web Processing Service, see 
http://www.opengeospatial.org/standards/wps) to 
ease external access to PEPS processing 
infrastructure. 

• ActiveEon workflows (cf. [1], [2] see 
http://activeeon.com/workflows-scheduling) to 
interconnect CNES HPC nodes :  300 Tflops, 8000 
cores, PEPS dedicated nodes and external nodes 
(e.g. public cloud). 

• Docker (http://docker.com) to ease process 
deployment on nodes with different OS and package 
distribution. 

• HPSS (High Performance Storage System : 
http://www.hpss-collaboration.org/) storage to 
handle PetaBytes of data coming from Copernicus 
data hub relays. 

 
Processing requests are sent via the Web Processing Service 
which routes them through Activeeon workflow scheduler to 
compute on resources allocated using its resource manager. 
Currently those computing resources are dedicated Linux 
servers and computing resources from CNES HPC cluster 
with 300Tflops, 380 batch servers and 8400cores, 6,2 PB 
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GPFS, 100GBs bandwidth and Infiniband low latency 
network. 
HPSS stores all the Sentinel-1,2 and 3 images coming from 
Copernicus data hub relays since the beginning of the mission 
which started at the end of 2014. We currently have around 9 
Peta-bytes of data and 10 millions of images. 

 

 
 
Figure 1. PEPS processing architecture 

 

3. AGNOSTIC CLOUD DEPLOYMENT 

3.1. Sentinel-1 ortho-rectification processing chain 

Processing chain used for this experiment was Sentinel-1 
ortho-rectification which takes GRD Sentinel-1 level 1 
products as input and produces ortho-rectified tiles at 10 
meters of resolution using Sentinel-2 MGRS grid to be able 
to superpose Sentinel-1 and Sentinel-2 pixels (see figure 2). 
In figure 2 Monteverdi tool from Orfeo Toolbox shows both 
Sentinel-2 and Sentinel1 ortho-rectified images using a chess 
display. We can observe that circles in the resulting image 
superposes well. It provides analysis ready data and the 
ability to combine both Sentinel-1 and Sentinel-2 to build 
other processing chains. 
All this processing is done thanks to Orfeo ToolBox library 
(http://www.orfeo-toolbox.org) maintained and developed at 
CNES. To ease processing deployment in the cloud and in 
different on premise resources, this library has been 
dockerized. 
 

 
 

Figure 2. Sentinel-1 ortho-rectification result 
 

There are two main steps in the workflow (see figure 3), the 
first step consists in collecting image and SRTM data 
necessary for the processing, the second step processes the 
data. 
Result is provided in Cloud Optimized Geotiff (COG : 
http://www.cogeo.org/) format to improve data access 
efficiency. 
One characteristic of this processing is that it is highly 
parallelizable using spatial dimension because each Sentine1 
image that don’t overlap can be processed in parallel. 
 

 

 
 

Figure 3. Sentinel-1 image processing workflow 
 

3.2. Processing deployment in the cloud 

An important point is the cloud datacenter choice, Microsoft 
Azure provides many datacenters in the world. For this 
experiment, we choose the “FranceCentral” datacenter which 
opened in 2018 and offered free access at the beginning of 
this year. 
 
The first step was to allocate cloud resources. This was done 
transparently thanks to ActiveEon resource manager. It 
provides several connectors to on premise resources (SSH 
connectors for on premise nodes, PBS connectors for HPC 
nodes, etc.) and several connectors to different cloud 
providers like AWS, Azure and so on. ActiveEon scheduler 
has a meta-scheduler capability. 
ActiveEon resource manager provides a single generic access 
to compute nodes. An important consequence is that 
processing workflow is “node agnostic”. The same workflow 
task runs either on “on premise” nodes or on public cloud 
nodes. Cloud bursting is then easier to use. 
Cloud knowledge is important to optimize its use and costs, 
but its configuration is completely separate from workflow 
design. 
 
We tried different type of image size like   
STANDARD_D2_V3 from D series or 
STANDARD_E32S_V3 and STANDARD_E64-32S_V3 
from E series provided by Azure.  
Finally, STANDARD_E64-32S_V3 image size with 32 
vCPU and SSD disk at 8 GB/sec was the model that provided 
the closest processing response time (between 20 minutes and 
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one hour for one Sentinel-1 image depending on its size) 
compare to CNES on premise CPU’s (HPC cluster with 24 
Intel(R) Xeon(R) CPU @ 2.20GHz and GPFS at 9GB/s or 
dedicated nodes with 32 Intel(R) Xeon(R) CPU @ 3.30GHz 
and ATA disk at 0.4GB/sec. 
 
This model costs approximately 3.9€ per hour and it is the 
main element of cost in the process. Consequently, 
processing one Sentinel-1 image would cost for this 
experiment approximately between 0.5 and 1.5 €. It shall be 
noted that this is only an evaluation based on a first 
deployment that is not optimized. Any optimization that 
enables to use a cheaper azure virtual machine model with 
equivalent response time will reduce the costs. 
To give first elements of comparison, the costs on CNES 
cluster are of 0,05€ for one-hour CPU including computation, 
local storage and support. To be able to compare with Azure, 
we must multiply this cost by 32, which gives 1.6€ to 
compare with 3.9€ for the Azure STANDARD_E64-32S_V3 
virtual machine. 
However, Azure VM configuration can be optimized and 
costs on CNES cluster makes the assumption that cores are 
fully occupied. For highly variable processing requests the 
costs of using physical servers can increase significantly. We 
started this year a second experiment to evaluate more 
precisely those costs. 
 
We used Activeeon Azure connector to allocate up to 10 
VM’s with 64 cores each (see figure 4). One Sentine1 image 
processing requires 6 cores, so tens of images have been 
processed in parallel using those resources. It shall be noted 
that 640 cores are not a limit for Azure or Activeeon 
scheduler. Some tests done by Activeeon succeeded to 
allocate 20 000 Azure VM cores. 
 
Cloud transparency is not enough to facilitate application 
process deployment; the use of Docker images is also a key 
point to deploy application process packages on any Linux 
operating system including Docker in its distribution.  
We only had to load the processing Docker images into a 
virtual machine boot script so that everything needed to run 
the application is available as soon as the virtual machine is 
available. A second boot script was necessary to start the 
Activeeon node service to make azure nodes communicate 
with the ActiveEon resource manager installed in the CNES 
datacenter. 
 
For the network connection required for processing 
interactions between CNES datacenter and Azure, we only 
needed two SSH access. one SSH access in a two-ways mode 
for the interactions with Activeeon resource manager, and 
one in a SSH access to a diagnostic VM to monitor 
deployment and processing in the Azure scaleset.  
This was sufficient to use public cloud in a hybrid way. 
It shall be noted that it is recommended to have an additional 
direct link with the cloud datacenter for operational use cases. 

This direct link provides a better quality of service and may 
reduce data transfer costs. 
 

 
 

Figure 4. processing deployment in the cloud 
 

3.3. Data deployment in the cloud 

Transparent access to cloud and on premise data facilitates 
cloud bursting. It provides more architectural choices for data 
location. This data access transparency was not the main 
focus of this first experiment, we simplified this problem 
using logical paths.  
 
To fetch Sentinel-1 image data required for the processing, 
we used the same http process that we use internally. One 
difference was in the time necessary to fetch image data; due 
to external bandwidth, it took a few minutes in the cloud 
compared to an internal fetch which took less than 20 seconds 
to download a few Gigabytes of data. 
 
CNES datacenter external bandwidth through firewall is 
limited to 2 Gbit/sec. It is not sufficient to download 
efficiently hundreds or thousands Sentinel-1 images 
occupying each several gigabytes.  
This really is a key point, for high data volume cloud bursting, 
a high bandwidth capacity is required between cloud provider 
and on premise datacenter. A dedicated link between CNES 
datacenter and public is necessary.  
For the auxiliary data (around 500 Go of SRTM data), we 
transferred it on an Azure file share resource that was 
accessible from the computing VM’s. 
 
A shared working directory was needed to share Sentinel-1 
repository data between VM’s. We used Azure file share 
resource mounted using cifs. 
 
To reach good performances for the data processing we had 
to copy image data to be processed from Azure file share 
resource to the VM SSD local disk. The reason for this is that 
Azure file share is an object storage resource not designed for 
fast I/O processing, consequently execution time is an order 
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of magnitude higher. Another option could be to have a file 
share resource with better I/O capability (eg GPFS). We 
didn’t try this option which is more expensive, it can be 
evaluated if it’s significantly improves execution time. 
 

4. CONCLUSION 

Sentinel-1 ortho-rectification processing chain, currently 
available on PEPS platform, successfully burst from CNES 
datacenter into Microsoft Azure public cloud. Although there 
are still many challenges to be addressed, such as network 
bandwidth, data access transparency, cost optimization, data 
privacy and confidentiality, and agile development processes.  
This paves the way for new opportunities for a data 
processing architecture that makes the best of planned and 
optimized on premise resources and flexible on-demand 
cloud resources. 
A second experiment was launched this year to more 
accurately assess costs, test elastic cloud bursting (see figure 
5), improve data transparency and optimize cloud 
configuration. 
 

 
 

Figure 5. elastic cloud bursting 
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ABSTRACT 

ESA space science missions are continuously producing 

data which is being hosted at the ESAC Science Data Centre 

and made available via archive services to the astronomical, 

planetary and heliophysics science community. The GNSS 

Navigation Science Office has been conceived with the 

mission to foster the consolidation of a world-wide reference 

centre for the GNSS Scientific Community, maximizing 

possibilities to perform GNSS Science activities and 

utilization of European GNSS Infrastructures (Galileo & 

EGNOS). The increased volume and complexity of such 

science data now calls for a paradigm shift in data analysis 

approach, enabling science users to bring their code to the 

data, rather than bringing the data to the users. ESAC Science 

Exploitation and Preservation Platform (SEPP) project plans 

to develop a multi-missions and multi-disciplines data 

analysis platform in an open and collaborative environment. 

This paper describes the main science use cases to be 

addressed by this platform. 

Index Terms— Exploitation Platform, Archives, Space 

Science, Galileo, Code to the Data 

1. INTRODUCTION 

Through an internal workshop, science use cases have been 

collected from the missions at ESAC to ensure the Science 

Exploitation and Preservation Platform (SEPP) implements 

their new needs about data analysis services. 

 

The main initial features of the platform are planned to be: 

 Interactive and collaborative “in-situ” data analysis 

through Jupyter Lab, 

 Execution of user’s custom pipeline on archive science 

data, 

 Web based instantiation and access to legacy systems 

(i.e. data processing, mission planning, etc, …), 

 Storage space in the platform for user’s to bring their data 

and processing code close to the archives, 

 Crowdsourcing pipelines allowing for processing of 

massive, highly distributed datafeeds (i.e. IoT 

datafeeds), 

 Publication of discovery of science products and 

processors through a “Science App Store”. 

2. SEPP AS AN ARCHIVE DATA EXPLOITATION 

AND COLLABORATIVE RESEARCH PLATFORM 

2.1. ESDC Collaborative Research Lab  

The ESAC Science Data Centre (ESDC [1]) is responsible for 

developing, maintaining and operating all ESA Space 

Science astronomy, planetary and heliophysics science 

archives. The ESDC Collaborative Research Lab will take 

advantage of the SEPP infrastructure for testing and 

dissemination of software libraries and example workflows 

that demonstrate the potential of real time querying, 

visualization and analysis of data from ESA’s science 

archives.  

 For astronomy missions, this is done producing example 

Jupyter notebooks that combine powerful queries to the 

astronomy science archives using ESDC contributed 

modules to astropy (for example, the GAIA TAP+; the 

ESASky [2]; and the general TAP/TAP+ astroquery 

modules; and the prototype Hubble Space Telescope 

TAP+AIO (Archive Inter-Operability subsystem) 

astroquery module) with advanced visualization tools 

using the Jupyter widget for ESASky (pyESASky) and 

other community provided libraries. 

 For planetary and heliophysics missions, example 

Jupyter notebooks are produced querying the Planetary 

Science Archive (PSA) using TAP[3], and the 

Heliophysics archives with TAP+AIO, and exploring 
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and visualizing the results using external libraries like 

SunPy and PyPDS. 

 

Moreover, the ESDC Collaborative Research Lab will also 

take advantage of the SEPP infrastructure to test innovative 

collaborative research tools that allow real-time data analysis 

and visualization of astronomy and planetary science 

archives data products using scalable computing resources. 

2.2. Planck Legacy Archive Collaborative Research Area 

The Planck mission developed a precursor project called 

PLAAVI (Planck Legacy Archive Added Value Interface), 

enabling the execution of pre-defined data analysis pipelines 

directly on the science products stored into the Planck Legacy 

Archive (PLA). SEPP will expand these facilities by 

providing a computing and storage environment connected to 

the PLA for scientists to be able to run on-the fly tools and 

pipelines to explore and analyze more easily Planck data 

through: 

 Collaborative tools: JupyterLab, Apache Zeppelin, 

others. 

 High-level programming languages and interpreters: 

Fortran, C, C++, Java, Python, R, Octave and GDL (or 

Matlab and IDL, license permitting).  

 Access to the Planck repository or to a subset of it in 

secure environment. 

 Libraries needed to handle Planck products, in particular 

fits tables and fits maps in Healpix format (cfitsio, 

Healpix). 

 Private storage areas to host the scripts, notebooks and 

results from the users, local or remote (VOSpace [4], 

Dropbox, Google Drive). 

 Public storage areas to host scripts, notebooks and results 

that can be shared with a restricted group of people or the 

general public. 

 FAQ and Examples Library of read-only notebooks that 

the users can use to learn how to explore the Planck 

repository and do simple processing of Planck data. 

 Embedded TOPCAT, Aladin, ESASky, GLUE, and 

other visualization tools available 

 Users Forum. Support to the community for questions, 

doubts. 

2.3. GSSC Collaborative Research Area 

The GNSS Science Support Centre (GSSC) aims at 

consolidating a world-wide reference GNSS environment for 

scientific communities. GSSC promotes collaboration and 

innovative research integrating GNNS Data, Products, 

Information Services and Resources from multiple sources in 

a single repository. 

Primary actors for the GSSC Collaborative Research Area 

will be the GSSC collaborating organizations and institutions 

with knowledge of GSSC data, products and information 

services with access to the full GSSC repository and have 

privileges to run complex pipelines in the system on GSSC's 

computing and storage resources. Secondary actors will be 

the general public, with or without prior knowledge of the 

GSSC products and their complexity, willing to explore and 

analyze GSSC data, products and information services on a 

limited range of products with limited computing and storage 

resources. These users could become collaborators. 

The GSSC Collaborative Research Area will provide the 

users with tools to explore and analyze GSSC repository. 

These tools will include: 

 Collaboration based on JupyterLab. Examples of Jupyter 

Notebooks: 

 High-level programming languages and interpreters: 

python, C++ 

 Libraries needed to handle GNSS data and products 

(RINEX ...) with various programming languages 

(python, Fortran, C, C++ and MATLAB). 

 Private storage areas to host the scripts, notebooks and 

results from the users. 

 Public storage areas to host scripts, notebooks and results 

that the users feel should be shared among a restricted 

group of people or the general public. 

2.4. Euclid Collaborative Research Area 

Euclid, to be launched in 2021, will generate PB of data 

residing in the Euclid Archive to be located at ESAC. 

Analysis of Euclid data will definitely require brining the 

code to the data as the data will be too big to be transferred to 

the end user’s location. Members of the Euclid consortium 

and later any scientist interested in processing Euclid data 

will have to do this in-situ, close to the archive. The SEPP 

will allow to explore the Euclid repository and do simple 

processing of Euclid data, modifying and saving the resulting 

processing elements in public, shared or private user areas. 

The Euclid Collaborative Research Area will provide the 

users with tools to explore and analyze Euclid repository, 

such as: 

 Collaboration based on Jupyter python notebooks close 

to the Euclid archive for interactive access and light 

processing related to image cut-out service, user-defined 

source extraction in a given area, user-defined spectra 

extraction, re-running the SIR pipeline on a given set of 

sources and apertures. 

 Execution of some systematic pipeline (post-) processing 

on level 1 or level 2 (most probably) Euclid maps for 

solar system object detection, strong lenses detection 

(would require accessing machines with GPUs) 

The Euclid Science Operations Centre is significantly 

involved in the execution of pipelines. However at this stage 

it is not entirely clear if these pipelines should be run and 

integrated in the SGS consortium or could be run ESAC as 

soon as data are available. 
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2.5. JWST Workspaces 

The main goal of JWST for workspaces is to allow 

specialized data reduction on large amounts of data that can 

be processed via a dedicated JWST SEPP Application 

Packages (SAP) running on the SEPP at ESAC, on a set of 

servers or cloud services. This allows: 

 Faster archive data access – useful for projects with large 

amounts of data. 

 Collaboratively, groups do not need to download 

multiple copies of the data, but can bring elements into 

their workspace and share it among each other’s. 

 The workspace always has the environment setup with 

the latest pipeline software, JWST data analysis software 

and reference data releases – automatically available to 

users on setup of a JWST SEPP Application Package 

(SAP). 

 Selectable set(s) of reference data or user can incorporate 

her/his own. This is done with the association table, 

nothing to “select” 

 Allow incorporation or replacement of pipeline elements 

– specialized pipeline 

 Selectable saving of results (all, only some) 

 Possible tools for creating user/group database(s) of 

results. 

2.6. Science App Store 

Once being used by various users and communities, the SEPP 

objective is to allow these users to publish their pipelines, 

scripts, tools and software through a “Science App Store”. 

This would represent a two ways benefit: from the application 

developer to publish their work and get recognition for it and 

from the end users to have access to a wider range of 

applications made easily accessible through the platform. 

3. SEPP AS A DATA PIPELINE PLATFORM 

3.1. BepiColombo Instrument Pipelines Scheduling and 

Execution 

Members of the BepiColombo Science Ground Segment 

(SGS) operations team need to be able to generate, schedule 

the execution and run the BepiColombo Instrument and 

Auxiliary pipelines. Developed by the Instrument Teams, 

these pipelines could be run either at their premises on 

directly on the SEPP at ESAC, offering a common and 

unified platform for all SGS partners [5]. 

The BepiColombo instrument pipelines involves the 

integration of pipelines coding in different languages and 

operating systems [6]: 

 Coding languages supported: Matlab, IDL, C++, Java 

and python 

 Operating systems supported: Linux OS, MS Windows 

The pipeline source code is developed by the SGS and/or 

Instrument teams and maintained under configuration control 

(GIT) by the SGS [3]. SEPP shall provide support for the 

creation, scheduling and execution of all pipelines and also to 

the execution of the pipelines by the users in their specific 

SEPP user areas. 

4. SEPP AS A LEGACY SOFTWARE PRESERVATION 

PLATFORM 

4.1. On the fly Instantiation of Legacy Systems 

When missions enter in Legacy phase, their raw data and their 

scientific products are preserved into their science archive. 

However, there can also be the need to preserve the associated 

data analysis software so users can re-analyze these data in 

the future. Similarly, preserving the capability to run again 

mission planning tools of old missions might also be required 

when preparing future similar missions. 

Maintaining these in the long term represents a real 

challenge that can be solved more easily by virtualizing and 

“dockerizing” such legacy software to make them available 

through one-click instantiation within the platform.  

The following legacy systems have already been initially 

identified for this preservation use case: 

 EXOSAT interactive analysis software (from the mid-

80s) 

 ISO PHOT instrument interactive analysis (from the mid 

2000) 

 Herschel Interactive Processing Environment (from 

2009) 

 Rosetta Mission Planning system (from 2016) 

 Lisa Path Finder Data Analysis Scope (from 2017) 

4.2. XMM-Newton Legacy Science Processing Capability 

Area 

XMM-Newton ESA spacecraft mission produces scientific 

raw data that has to be analyzed in order to produce high 

quality science data. To do this, XMM-Newton provides 

users with a software package called Science Analysis 

System (SAS) [7], to process raw data up to high-level 

scientific products. XMM-Newton Science Operations 

Centre also provides ready-to-use scientific products 

produced by an analysis pipeline (based on SAS tasks) and 

accessible through the XMM-Newton Science Archive 

(XSA). In the second scenario, both the raw data and high-

level products produced by XMM-Newton are stored in ESA 

Science Mission Archives where the users can access them at 

any time. This way, the long-term preservation of the data, 

both in raw and high-level format, is ensured. The first 

scenario becomes more cumbersome, as preserving software 

processing capabilities beyond the operational phase of the 

mission, implies that a user has to have access to the data 

processing software, in such a condition that the user can run 

it regardless of their operating system and third-party 

software, like compilers and libraries. 
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During the mission and post-mission operations phase, the 

SAS software is under constant development, is regularly 

maintained or improved and new technologies are 

investigated and implemented. However, once the post- 

operations phase is finished, the data processing software is 

no longer maintained, which means that in the long term, it 

will most likely become obsolete. We understand by long 

term that, technology, programming languages and operating 

system changes, and even an evolving user community, 

should be a concern for software preservation. 

There are however, several scenarios which will benefit 

from having access to a working version of the SAS XMM-

Newton data processing software. There are now ways to 

ensure the delivery of a working version of the SAS package 

to the science community that would allow software to be of 

use well beyond the post-operations phase of a mission. 

A scientific user might want to reanalyze the data long 

after the spacecraft mission is well past its post-operation 

phase under the following scenarios: 

 Time series taken from a set of energy ranges and time 

intervals 

 Spectra taken from a set of time ranges 

 Spectra taken between a set of count rates (fluxes) 

 Spectra taken at certain phases of a periodic signal. 

 Images taken over a certain spectral and/or time range 

 Spectra taken from a given extraction region (circle, box, 

annulus, user-defined) 

 Background spectra or light curves taken from a given 

spatial region 

 Combination of two or more of the above 

 

As part of the process of keeping XMM-Newton SAS 

processing software available in the long term, XMM-

Newton team started the development of the Remote 

Interface to Science Analysis (RISA [8]) software to explore 

the possibility of offering SAS functionalities encapsulated 

within web technologies and grid/cloud infrastructures. RISA 

is a Java web Client/Server application, which makes use of 

grid technologies to run all SAS tasks offering all SAS 

functionalities over the network, without having to install 

SAS, any associated third-party libraries, or grid credentials. 
Since XSAv9.4, the XMM-Newton Science Archive 

offers the possibility to process on-the-fly XMM-Newton 

through RISA Restful services, fulfilling some of the 

scientific cases mentioned above. 

5. CONCLUSIONS 

The increased data volume for space science missions call for 

new methods to provide access and analysis tools to fully 

exploit science data. This paradigm shift can be described by 

“bring the users to the data”, replacing the previous model 

“bring the data to the users”. The implementation for this new 

approach can be done through science exploitation platforms, 

which will also offer collaborative research environment for 

the scientific community. With the maturity of IT technology 

like virtual machines, docker containers and more recently 

Jupyter Notebooks, these platform can serve not only 

upcoming space science missions but also represent 

opportunities to preserve missions’ legacy software, and 

make them more easily available to the end users. All these 

various and complementary use cases define the baseline set 

of requirements for the multi-disciplinary Science 

Exploitation and Preservation Platform to be built at ESAC 

in support to the Operations for science and GNSS missions. 
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ABSTRACT 

The JASMIN data analysis infrastructure has been in 
operation for 7 years now, supporting the UK climate and 
environmental science community with a diverse range of 
datasets, compute capabilities and storage. A number of 
innovative solutions have been developed and applied to cope 
with not only large data volumes, but particularly the variety 
in types and sources of data, the range of user skill levels and 
the heterogeneity in the hardware deployed in JASMIN’s 
upgrades and expansions.  
JASMIN provides a high performance and flexible compute 
environment alongside 10 Petabytes of curated data (with 
over 5,500 different datasets in the Earth Observation and 
Climate domain). This paper describes the data and 
infrastructure management approaches that have been 
implemented to support nearly 2,000 users of this system. 

Index Terms— EO data archive, analysis platform, 
climate data, data exploitation platform, data storage 

1. INTRODUCTION 

The JASMIN infrastructure at the UK Centre for 
Environmental Data Analysis (CEDA), has been developed 
primarily to support the UK environmental research 
community with high-performance analysis and compute 
capability alongside a big data storage environment [1]. The 
facility has nearly 2,000 active users, from the UK but also 
from elsewhere as part of international collaborative projects. 
The latest hardware expansion has increased the available 
(disk) storage to 44 Petabytes, of which 6 Petabytes holds the 
curated EO and climate on-line data archive and the 
remainder is primarily for user and project workspaces. The 
compute has been increased to 12,000 cores, deployed in 
different configurations: hosted processing is offered via the 
HPC-like cluster, Lotus, and a community cloud enables 
users to provision their own bespoke application 
environments.   
As the system has evolved over the last 7 years, and available 
technologies and costs have changed, different choices have 
been made over how best to store and manage the data.  
The curated data archive on JASMIN holds many different 
datasets, including Earth Observation (EO) data, climate 
model simulations, meteorological data, reanalyses, in situ 
observations from ground and airborne platforms and other 

experimental data. Given the complexity in navigating this 
heterogeneous resource, it is essential to provide a range of 
search and browse options for our users, supported by 
comprehensive metadata.  
JASMIN users span a range of technical capability, from 
highly IT-literate computational scientists, to students taking 
their first steps in data processing and analysis. To support 
this diversity of requirements we offer a number of different 
ways to take advantage of the JASMIN processing capacity 
and data resources.  
This paper describes JASMIN’s approaches to managing 
highly diverse data, storage and compute offerings. 
JASMIN is hosted at the Science and Technology Facilities 
Council (STFC), Harwell, UK, and funded by the Natural 
Environment Research Council (NERC), both are part of UK 
Research and Innovation (UKRI).  

2. JASMIN CONCEPT 

JASMIN is modelled on the paradigm of “bring the compute 
to the data” as a means to overcome the challenges of Big 
Data. Data volumes in the Earth Observation and climate 
domain are so great that in many cases it becomes 
impracticable to move data to a user’s computer or to 
computing resources at their home institution. Instead, we 
keep the data in one place and provide access to computing 
resources to analyse in situ. 
The CEDA data archive, hosted on JASMIN, holds over 10 
Petabytes of Earth Observation, atmospheric and climate 
data,  including the the ESA Climate Change Initiative’s data 
archive of Essential Climate Variables (ECVs).  
This large and heterogeneous collection of data (over 5,000 
datasets, 180 million files as of October 2018) is curated - 
organised and catalogued in such a way as to make it easy for 
users to discover it and access it.  This overcomes a major 
overhead for many researchers of doing the necessary 
conditioning to get the data into a structure in which it can 
processed and analysed to achieve the given research goal. 
Currently our biggest datasets come from the Sentinel 
missions, where we hold global data for most sensors on the 
active Sentinels 1A, 1B, 2A, 2B, 3A, 3B and 5P (see Figure 
1)  
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Figure 1: Sentinel data growth 2014-2018  

in CEDA archive on JASMIN 

As well as the curated data archive, users, groups and projects 
can be allocated portions of storage to store their own data – 
‘Group Workspaces’.  Group workspace data takes up 
considerably more space on JASMIN than the data archive. 
A range of technologies have been at our disposal during the 
evolution of JASMIN to implement the “bring the compute 
to the data paradigm”.  One of the challenges has been how 
to combine these capabilities in the best way so that users can 
take advantage of the strengths of each. 

3. COMPUTATION, ANALYSIS AND SHARING OF 
DATA 

In order to support a wide range of user workflows, a number 
of different interfaces and applications have been developed 
for access to JASMIN’s data, storage and compute: 

• Lotus batch computing: a cluster of physical hosts 
together with software to manage parallel 
processing tasks and manage fair share of the 
cluster between multiple users 

• Virtualisation: a system for provisioning virtual 
machines 

• Data Transfer Zone: a dedicated area of the 
network outside the site firewall to enable high 
bandwidth data transfer of data in and out of 
JASMIN 

• Community Cloud: provides the ability for users to 
provision their own virtual machines and other 
computing resources 

These are summarised graphically in figure 2. The “External 
cloud” (Infrastructure-as-a-Service, IaaS) sits outside the site 
firewall, allowing more flexible usage by its tenants, but with 
reduced data access performance. The “Managed cloud” has 
direct POSIX access to the full data archive and group 
                                                 
1 https://cloudscaling.com/blog/cloud-computing/the-
history-of-pets-vs-cattle/   

workspaces, but is operated as Platform as a Service (PaaS) 
with no root privileges for users and virtual machines based 
on fixed a fixed catalogue of templates.  

 
Figure 2: Schematic of JASMIN architecture 

 
Much of the JASMIN success has been driven by the batch 
computing cluster, Lotus, providing a traditional means to 
provide computing.  In the EO domain, Lotus is extensively 
used for global climate data processing, applying scientific 
algorithms to multi-mission satellite data, combined with 
relevant auxiliary data, to derive ECVs – climate quality 
products for project such as ESA Climate Change initiative 
and Copernicus Climate Change Service.  
The batch-computing offer has been enhanced with support 
for Singularity container technology, and the provision of a 
set of standard libraries and packages: the JASMIN Analysis 
Platform (JAP), tailored to the needs of EO, climate and 
atmospheric science community. 
The JASMIN cloud system provides additional dynamism 
enabling users to provision their own OPeNDAP service to 
publish their group workspace data externally and provision 
their own VMs based on the Scientific analysis VM (Virtual 
Machine) template. This is configured with the JAP 
packages.  Access to the cloud management interface is 
provided through a simple custom web portal. Direct access 
to the OpenStack API is granted to advanced users. 
These capabilities can be interpreted in the context of the 
“Pets and Cattle” analogy1, with Lotus providing the ‘cattle’ 
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compute. To date the cloud has for the most part been 
employed for the ‘pets’ use cases with various user groups 
employing it to deploy long run hosts which provide 
important services.  In our new phase of expansion for 
JASMIN, the use of the cloud will be expanded to a more 
flexible and dynamic approach providing an additional class 
of cattle compute.  This will foster an automated approach to 
provisioning and management of infrastructure. 
Importantly, expanding the use of the cloud in a cattle 
scenario could allow more effective exploitation of 
parallelism.  Running processes in parallel will deliver more 
effective use of the available computing resources and is 
essential to demonstrate increased performance over the 
laptop or desktop experience.  However, parallel 
programming is not easy for users, particularly those who are 
not familiar with more advanced programming techniques.  
Tools like Spark, Dask and Slurm can help abstracting to 
some extent the parallel programming from the user making 
it easier for users to take advantage of parallelism.   
Virtual Research Environments (VREs) have an important 
additional role to play in making these tools more accessible.   
The NERC DataLab [2] has been an important prototype 
project hosted on JASMIN over the last twelve months. The 
project has developed a complete system for managing 
analysis interfaces with Jupyter and Zeppelin Notebooks and 
R Studio, integrated with Spark and Dask, together with the 
management of virtual storage space.  The system is 
underpinned with the Kubernetes container technology to 
make it resilient, easy to scale and portable. 
Experience has shown that for projects like the NERC 
DataLab to flourish we need to help developers by providing 
recipes to create services so that they can deploy them in their 
cloud-hosted apps.  We have developed a Cluster-as-as-
Service concept to which resources have been allocated in a 
project in the coming months.  This will build prefabricated 
components for developers to easily deploy in the cloud 
including Slurm and Kubernetes clusters. 
However, more extensive use of cloud will also be dependent 
on effective integration between cloud and the traditional 
storage interfaces (the parallel file system). 

4. STORING THE DATA: EVOLUTION OF STORAGE 
HARDWARE 

A core architectural challenge is the interface between 
storage and computing and analysis capabilities. JASMIN 
was first launched in 2012, and has had four significant 
upgrade phases since then, the most recent in 2018 (Phase 4). 
Different storage hardware has been procured and deployed 
in JASMIN’s expansion phases, partly due to the rapidly 
growing data volumes, making it economically unfeasible to 
keep up with on-line disk storage.  
                                                 
2 https://github.com/cedadev/nla_client  

Historically, JASMIN has made extensive use of the Panasas 
parallel file system.  Together with the high-performance 
network architecture, it gives high-performance I/O 
(input/output), critical for a data-intensive system.  Object 
storage provides an alternative way to store and access data 
in which rather than a hierarchical file system, files – or rather 
objects – are stored in a flat structure of key-value 
pairs.  JASMIN has not previously deployed any object 
storage but this kind of storage has been included in the Phase 
4 upgrade.  Although cost efficiency was a driver to the 
selection of object storage, the primary reason was to address 
some of the limitations of traditional file systems (in terms of 
flexibility in our cloud environment, performance, and 
scalability). 
Tape is increasingly important as the sheer volumes of data 
outstrip the disk capacity that it is practicable to purchase for 
JASMIN. Figure 3 shows the volume of data moved from 
disk to tape, in total (black line) and per month (red columns).  
The process is currently dominated by Sentinel data: most of 
the Sentinel data archive (typically all data more than 3 
months old) is routinely moved onto the tape Near Line 
Archive (NLA).  

To date approximately 4 PB of archive data is in the near line  
tape archive, compared to 6 PB always on disk, with the 
proportion on tape growing rapidly.  

 
Figure 3: Data ingestion from CEDA archive to tape, 

2012-2019 : Dominated by Sentinel data 

Suitable interfaces are needed to enable the user to pull data 
back from tape, without needing to know the details of where 
and how it’s stored.  A dedicated tool, the NLA client2, has 
been developed to allow users to find and restore files to disk 
for processing and analysis.  
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5. FINDING THE DATA: INDEXING AND 
CATALOGUING 

Aside from services for processing and analytics and data 
access, data discovery is fundamental to JASMIN’s remit or 
more especially the CEDA curated archive. 
We not only index the geospatial and temporal coverage, but 
also capture contextual information about the source, purpose 
and usage of the data. This necessitates a metadata system 
that both populates a filesystem index “bottom-up” by 
scanning all the files and extracting key features, but also a 
human-based approach where catalogue records are crafted 
per dataset with all the necessary descriptive information to 
aid our users.  
A project underway to address the “bottom-up” approach is 
File-based Search (FBS) [3].  It provides for the first time an 
index of metadata at the granularity of individual files.  This 
involved writing parsers for all the major file formats in the 
CEDA archive and running large indexing processing jobs on 
the Lotus batch compute system.  These processes extract key 
metadata from all the data files and add them to an 
ElasticSearch database.  180 million files have been indexed, 
using 10 different parsers. The number of parsers gives an 
indication how many different file formats are in the archive: 
in fact we have chosen the top 9 major formats to index fully; 
this accounts for 42% of the CEDA archive.  The 10th parser 
has indexed the remaining files, of miscellaneous formats, in 
a minimal way, with only very basic information added to the 
index (e.g. filename and file size, housekeeping information).  
The File-based index is being used to develop new services 
and improve existing ones.  For example, the CEDA satellite 
data finder3 allows geo-temporal search for satellite data 
products in the archive including the Sentinel missions and 
Landsat.   
The CEDA Data Catalogue (MOLES) [4] has a different but 
complementary role to FBS.  It provides a catalogue of 
datasets (collections of file corresponding to a given project, 
campaign, instrument or experiment).  The data in this 
catalogue is compiled by human input.  There are over 5,000 
datasets now in the catalogue.  The catalogue has been 
augmented to include information about dataset variables 
sourced from FBS.  This allows users to search for a specific 
geophysical parameter and match to a given datasets or set of 
datasets. 
The relationship between FBS and MOLES records is 
discussed in [4] and [5] – being “Archive” and 
“Browse/Discovery” metadata in their notation.  
FBS is key for the future as we move to using new storage 
interfaces such as S3 with object storage.  This is because 
with object storage we will no longer have a hierarchical file 
system and data directories.  The data directories contain 
metadata themselves by virtue of their names, for example, 
                                                 
3 http://geo-search.ceda.ac.uk/   

instrument name, processing level, acquisition date.  This 
information has been indexed into the FBS database so that 
even though data directories may no longer exist, users can 
discover the data they need by querying for these terms using 
FBS. 

6. CONCLUSIONS AND FORWARD LOOK 

JASMIN is continuing to grow, both in size and 
capabilities.  The most recent expansion (Phase 4) has seen a 
significant expansion to the storage and compute, and also to 
the cloud service.  
The increasing complexity of the system, and the 
heterogeneity of the data and workflows requires constant 
innovation and development of services to support users: 
addressing diverse computing environments, increasing 
storage requirements and data management challenges.  
Looking ahead, a number of specific activities are underway 
to support greater exploitation of the cloud, in particular we 
will be developing a suite of preconfigured packages for 
analysis (Cluster-as-a-Service) and providing new interfaces 
to access data from the cloud. In particular, high performance 
OPeNDAP access and Object Store with S3 interface, and 
NetCDF/HDF data over S34 are under development.  
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ABSTRACT 

VITO and partners are responsible for the global land cover 

mapping within the Copernicus Global Land service [1]. The 

land cover maps are initially derived from the 100m PROBA-

V [2] time-series and were generated through a full reprocess 

of the PROBA-V archive to improve accuracy at high 

latitudes, to align with Sentinel 2 UTM tiling grid, and to 

generate a PROBA-V Analysis Ready Data (ARD) archive. 

The workflow has been developed and executed on the 

PROBA-V Mission Exploitation Platform (MEP) [3] in an 

operational context providing the necessary means to check 

the processing status and outputs of handling millions of files.  

The workflow supports the ingestion of Sentinel datasets, 

hence enabling global land mapping at 20m or even 10m 

resolution. VITO has developed a solution to deploy its 

workflow from its private MEP cloud onto a public cloud, i.e. 

DIAS or EODC, and hence deal with the required exponential 

expansion of the required resources without substantial 

altering the available workflow. 

 

Index Terms— Copernicus, MEP Mission Exploitation 

Platform, dynamic land cover mapping, DIAS, ARD 

Analysis Ready Data, data analytics on time series, virtual 

resource environment 

1. INTRODUCTION 

The Copernicus Global Land Service (CGLS) is a component 

of the Land service to operate “a multi-purpose core service 

component”. It targets to monitor the status and evolution of 

the land surface at global scale. The service provides next to 

a series of bio-geophysical products, a dynamic land cover 

map at 100m spatial resolution. Next to discrete mapping, a  

continuous classification scheme, aka known as continuous 

cover layers, is introduced to depict areas of heterogeneous 

land cover better than a standard classification scheme 

(Figure 1). This advanced classification scheme allows the 

user to tailor the land cover product to his application and 

needs (e.g. forest monitoring, crop monitoring, biodiversity 

and conservation, monitoring environment and security, etc.). 

 

The first Land Cover map (version 1) was provided for the 

African continent for the 2015 reference year and based on 

the available PROBA-V Collection 1 archive [4]. The second 

edition of the Land Cover maps (version 2) is under 

preparation for the entire globe covering the 2015 reference 

year with yearly updates. To avoid distortions in the northern 

hemisphere and to be prepared to ingest Sentinel data, the 

entire workflow has been revised to support S2-UTM tiles as 

well as the entire PROBA-V archive has been reprocessed. 

 

      
FIGURE 1 : COPERNICUS LAND COVER V1, LEFT 

DISCRETE MAP (18 CLASS), RIGHT CONTINUOUS 

COVERS (0-100%) 

To realize this land cover mapping and its pre-processing, the 

PROBA-V MEP platform was used [5]. It provides scalable 

processing facilities with access to the complete PROBA-V 

data archive and a rich set of processing algorithms and open 

source processing libraries/toolboxes.  The land cover map 

workflow was developed on this platform as well as executed. 

The workflow was also tested, on a limited area, through 

using Sentinel-1 and Sentinel-2 data and is being prepared to 

be deployed on a public cloud for a large scale test. 

2. GLOBAL LAND COVER WORKFLOW 

2.1. Land Cover workflow  

The workflow consists of three major parts, as shown in  

Figure 2: 

• EO data pre-processing 

• LC pre-processing 

• LC classification & post-processing 

 

First, the Earth Observation input data needs to be prepared. 

With PROBA-V, the non-projected L1C segments are 

projected using the Sentinel-2 UTM tiling grid before the 

atmospheric correction is performed to generate L2B 

products. The final step is to generate single day composites 

by selecting the best quality pixel of the geometric 

overlapping segments to create an Analysis Ready Data 

shrub 

tree grass 
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(ARD) stack to start the land cover mapping. With Sentinels 

a similar ARD stack is created. The Sentinel-1 Synthetic 

Aperture Radar (SAR) data is first transformed into gamma0 

and coherence information to be used as ARD. 

 

Then the ARD information is further cleaned, composited 

into 5-daily median composites and in case of PROBA-V 

fused through a Kalman filter [6] with the daily 300m 

timeseries to fill gaps in the 100m dataset, before the actual 

metrics are calculated. The metrics ARD stack consists of 

several hundred metrics originating from the spectral signal, 

the spatial texture, statistical descriptions, topographic 

information and some phenological metrics. 

 

 
FIGURE 2 : COPERNICUS GLC WORKFLOW 

 

Training data, more than 120,000 points at 100m resolution, 

with description at 10x10m, are gathered through the Geo-

WIKI platform [7]. This training data is screened for outliers 

and prepared for classification. The training of the Random 

Forest (RF) classifier  and regressor is performed through a 

5-folded Cross-Validation to select the best metrics and 

hyper-parameters as well as is executed per biome cluster 

zone. In a final step, ancillary data is prepared and fused into 

a decision tree to incorporate areas of agreement of existing 

Global Land Cover maps and to imprint specific classes from 

ancillary datasets (i.e. urban, glaciers, etc.).  

2.2. MEP Platform 

The Mission Exploitation Platform (MEP) is embedded into 

VITO Remote Sensing Data Center. This data center contains 

at writing this paper a tiered storage of 7 PB disk storage and 

5PB tape archive, about 650 physical servers and 300 virtual 

servers with a network capacity of 10GB internal and external 

through Géant. 

 

The MEP platform is a scalable private cloud platform used 

to execute the land cover workflow and at writing this paper 

contained 90 active nodes providing 2,800 virtual cores and 

10 TB memory or in average 3.5 GB available memory per 

core (Figure 3). 

 

 
FIGURE 3 : MEP PRIVATE CLOUD SYSTEM 

MEP platform users can request access to a Virtual Research 

Environment (VM) or a Jupyter notebook, both containing a 

rich set of pre-installed image processing tools and libraries 

with direct access to the complete data archive. The virtual 

machines are deployed on a privately hosted OpenStack 

cloud and all have direct access to the complete data archive. 

After a prototyping and testing phase, processing can be 

scaled out by making use of the shared resources of the 

Hadoop platform. While this transition often takes a lot of 

time on other platforms, it is painless on the MEP platform 

due to the use of Spark and alignment of library versions on 

both the virtual machines and the Hadoop processing nodes. 

 

Hadoop, a software framework for data-intensive distributed 

applications, is designed to process large amounts of data by 

separating the data into smaller chunks and performing large 

numbers of small parallel operations on the data. Yarn is used 

as resource manager and enables to share resources between 

multiple applications. Spark is used intensively on the MEP 

to allow analytics on large time series of data. The Hadoop 

ecosystem provides a rich and still growing set of tools which 

are used to give fast access to the data in a format needed by 

the specific application. The platform also provides tools to 

operationally schedule workflows (i.e. Airflow) and perform 

quality control (i.e. PostGIS and ElasticSearch). 

 

All EO raster data is accessible via NFS and possibly 

uploaded to the Hadoop Distributed Filesystem (HDFS) if 

beneficial. 

3. DEPLOY WORKFLOWS IN PUBLIC CLOUDS 

VITO has prepared a system to deploy its Spark cluster, as 

explained in the previous paragraph, in a public cloud 

environment (Figure 4). This solution enables to setup new 

processing clusters with relaxed security, resource 

management and high-availability requirements as they are 

flexibly instantiated on a per use basis and do not require any 

sharing. Such Spark cluster can be deployed on any cloud 

infrastructure, as provided by the DIAS or other clouds 

hosting the Sentinel-1, Sentinel-2 and Landsat-8 datasets. 
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FIGURE 4 : SYSTEM FOR CLOUD DEPLOYMENT 

Although some cloud providers offer Hadoop or Spark as a 

service (SaaS), this is not yet the case on the DIAS clouds. 

Furthermore it is considered best practice to provision the 

cloud resources through an abstraction layer. By using open-

source Terraform software, we support automated 

deployment of a Spark processing cluster on both the well-

known public cloud providers and the DIAS (OpenStack-

based) cloud providers. Although some cloud providers (e.g. 

Sobloo / Orange cloud) also provide Terraform resources for 

their proprietary cloud API’s, the system is entirely built on 

the generic OpenStack API’s where possible. 

 

As of Spark version 2.3.0, Kubernetes is also supported as 

cluster manager backend. Although we believe that support 

for Kubernetes will become stable in future Spark versions, it 

is currently (version 2.4.0) experimental. Also, first 

experiments on DIAS cloud providers showed that the DIAS 

managed Kubernetes support is not yet stable. Therefore, our 

solution sets up a Spark cluster using Spark standalone mode, 

deployed on virtual machines which were provisioned in an 

automated way using Packer and Terraform. 

 

When a processing cluster is spawned, the workflow can be 

started. To query the Sentinel datasets, a DIAS cloud 

typically exposes one or more catalogue interfaces (e.g. 

REST, OpenSearch) which can be used to query the Sentinel 

products available on object storage. These products, 

available in the native SAFE format, can be accessed through 

the Simple Storage Service (S3) API. 

 

Due to the transient nature of cloud processing resources, the 

logs generated by the processing chain are pushed to a 

dedicated S3 bucket using Logstash or the Spark history 

server, which allows them to be consulted after the processing 

cluster was destroyed. 

4. RESULTS 

4.1. PROBA-V land cover 

As explained earlier, the Land Cover workflow was 

completely revised. Version 1 was based on the available 

PROBA-V L3 archive with 400 tiled images globally per day. 

Version 2 has reprocessed over 50 million single acquisitions 

to generate a global PROBA-V UTM ARD, fully aligned to 

the Sentinel-2 tiling grid with nearly 16,000 land tiles, as 

shown in Figure 5. A PostGIS/PostgreSQL server is used to 

keep track on the processing status of the 50 million images. 

 

 
FIGURE 5 : PROBA-V (S2) UTM TILES FOR LAND 

MASSES (PROBA-V IMAGING AREA IN RED) 

The workflow consists of ~45,000 lines of code and was 

highly optimized to use less memory resources to further 

increase parallelism if required. Version 1 required 1,200 

executors with 5 TB memory, while Version 2 processes the 

same job even faster with 500 executors only using 750 GB 

memory. 

 

Overall the entire EO archive pre-processing of 4 years of 

data, in total 45 Million files times 4 steps or 175 Terra-bytes 

of data, required 400 hours or less than two weeks of 

processing using no more than 500 executors or 18% of the 

MEP platform. The actual land cover pre-processing and 

classification runs in less than 70 hours while version 1 took 

about 160 hours. Nearly 75% of the time is needed for the LC 

pre-processing (additional data cleaning and metrics 

generation), however about 400 metrics are calculated. An 

example (Red = Sum HUE, Green = 10th percentile NDVI, 

Blue = RED band median) is shown in the Figure 6 below. 

 

 
FIGURE 6 : PROBA-V 100M METRICS, AVIGNON 
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Every tile consists of about 1.2 million pixels and the 

processing is performed in parallel per UTM zone and tiles. 

As such a continent as Africa could be run simultaneously by 

reserving more than 3,500 executors, if available. 

 

The LC workflow is highly agile, iterative such that in no 

more than 2 days, new training data can be collected, a new 

classification can be performed, and the validation results are 

available. The Africa continent is used as a reference to 

further improve the classification accuracy and in the 

meantime already 16 classification runs (scenarios) were 

performed, as well as 1 to 2 runs per other continents. Since 

the V2 workflow uses less resources, multiple continental 

classifications are run in parallel. 

The amount of intermediate results kept in the platform is 

optimized to minimize the costs, hence only the results of the 

three major workflow steps is kept online, see Figure 2. 

4.2. Sentinel land cover 

The Land Cover workflow has been used to perform a first 

classification based on Sentinel data. To test the workflow, 

the Sentinel data over 32 UTM tiles was downloaded to the 

MEP platform, atmospherically corrected through the iCOR 

toolbox, and a first execution has been performed at 10m and 

20m spatial resolution. The workflow could be re-used, 

adding some metrics through making use of the higher 

spectral detail of the input data. However, the amount of 

memory required to perform the processing at 10m spatial 

resolution, compared to the 100m, is higher and hence 

reduces the number of available executors. A solution  

currently in progress is to further chunk the tiles into smaller 

blocks for processing in order to keep the memory within the 

same limits as the 100m processing. 

 

An example of the Sentinel metrics ARD can be found in 

Figure 7 showing Sentinel1 (Red = 12 day Mean Coherence, 

Green = Gamma0 VH, Blue = 12 day Standard Deviation 

Coherence) and Sentinel2 (Red = Sum HUE, Green = 10th 

percentile NDVI, Blue = RED band median) composites. 

 

 
FIGURE 7 : SENTINEL METRICS 10M, AVIGNON 

To prepare the deployment of Sentinel Land Cover workflow 

to the public cloud, a simple workflow has been created. This 

workflow calculates the Normalized Difference Vegetation 

Index (NDVI) from two Sentinel-2 bands which was 

developed on the MEP and then tested on the Sobloo DIAS 

[8] using VITOs stand-alone Spark solution with a limited 

number (4) of executors. To test interoperability of the 

solution, a second test has been performed on the public Earth 

Observation Data Centre (EODC) [9]. The terraform 

templates make it easy to configure the Spark stand-alone 

environment to the public cloud platform, however the 

interface to access the data is not standardized and requires 

some small adaptations in the workflow. 

5. CONCLUSIONS & FURTHER WORK 

The amount of data in remote sensing has increased 

exponentially the last two years. This paper has shown that 

workflows can be developed to support multiple sensors and 

be executed in a big data environment coping with the 

volume, velocity, variety and veracity. The value of our 

solution is that it is easy to scale up the processing and deploy 

the workflow on a public cloud that hosts the required big 

datasets and offers the best service. 

 

The next steps are to deploy the full land cover workflow on 

the public cloud and perform a test at large scale, extending 

the algorithm to further make use of the richness of the 

Sentinel datasets and to investigate the use of more 

standardized interfaces, as already explored in the OpenEO 

project [10]. 
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ABSTRACT 

 
Over recent decades large amounts of data (Big Data time 
period) about our Planet have become available. If this 
information could be easily discoverable, accessible and 
properly exploited, preserved and shared, it would 
potentially represent a wealth of information for a whole 
spectrum of stakeholders: from scientists and researchers to 
the highest level of decision and policy makers. By 
creating a Virtual Research Environment (VRE) tailored to 
the needs of Earth Science (ES) communities, the EVER-
EST (http://ever-est.eu) project provides a range of both 
generic and domain specific data analysis and management 
services to support a dynamic approach to collaborative 
research.  
 

Index Terms— Virtual Research Environment, 
Remote Sensing, Research Object, Cross-fertilization, Data 
Analysis, Earth Science, Education. 
 

1. INTRODUCTION 
 
EVER-EST is funded by the European Commission H2020 
programme for three years starting in October 2015. The 
project is led by the European Space Agency (ESA) and 
involves some of the major European Earth Science data 
providers/users including NERC, DLR, INGV, CNR and 
SatCEN. The paper presents specific aspects of this 
collaboration platform in terms of infrastructure and 
implemented paradigms. Some case studies on cross-
fertilization analysis are documented in order to show the 
process for creating knowledge and new data starting from 
collected data from different sources (e.g. from remote and 

social sensing). For each use case the outcomes are 
presented. 
 

2. EVER-EST PLATFORM 
 
EVER-EST is a research and development platform that 
offers a framework based on advanced services to support 
each phase of the Earth Science Research and Information 
Lifecycle. The project follows a user-centric approach 
which have produced a wealth of innovative and state-of-
the-art technologies, systems and tools for e-collaboration, 
e-learning, e-research, big data management and long term 
data preservation.  
 

3. RESEARCH OBJECT 
 
Central to the EVER-EST approach is the concept of the 
Research Object (RO), which provides a semantically rich 
mechanism to aggregate related resources about a scientific 
investigation so that they can be shared together using a 
single unique identifier. The original definition of RO is 
available in Bachhofen et al. [2]. Although several e-
laboratories are incorporating the research object concept 
in their infrastructure, the work done with research objects 
during EVER-EST, is a novel effort done to adapt the RO 
model to Earth Science and support automatic generation 
of research object content-based metadata as presented at 
the 2017 IEEE 13th International Conference on e-Science 
[1]. The EVER-EST VRE is the first infrastructure to 
leverage the concept of Research Objects and their 
application in observational rather than experimental 
disciplines. Research objects aim to account, describe and 
share everything about your research, including how those 
things are related. A Research Object (RO) is defined as a 
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semantically rich aggregation of resources that bundles 
together essential information relating to experiments and 
investigations. This information is not limited merely to the 
data used and the methods employed to produce and 
analyse that data, but it may also include the people 
involved in the investigation as well as other important 
metadata that describe the characteristics, inter-
dependencies, context and dynamics of the aggregated 
resources. As such, a research object can encapsulate 
scientific knowledge, workflows and provide a mechanism 
for sharing and discovering assets of reusable research and 
scientific knowledge within and across relevant 
communities, and in a way that supports reliability and 
reproducibility of investigation results [4]. 

More specifically, by encapsulating workflows, using 
Apache Taverna, into research objects and accompanying 
them with the necessary data and metadata needed for their 
execution and understanding, one makes the latter more 
(re-)usable and preservable. This metadata can include, 
among others, details like authors, versions, citations, etc., 
and links to other resources, such as the provenance of the 
results obtained by executing the workflow or datasets used 
as input. Such additional information enables a 
comprehensive view of the scientific investigation, 
encourages inspection of its different elements, and 
provides the scientist with a clearer picture of the 
investigation’s strengths and weaknesses with respect to 
decay, adaptability and stability. 

The research object recommendation system that shall 
be used as a basis in this project is again derived from the 
WF4Ever project and consists of two components: 

• The Research Object Recommendation Service 
API that combines a variety of recommender 
algorithms. 

• The Collaboration Spheres Web Application, that 
implements a novel visual metaphor for the more 
intuitive interaction of the user. 

In turn, the visual metaphor implemented by the 
Collaboration Spheres web application is based on a set of 
concentric spheres centred around a central point that 
represents the user. These spheres represent different types 
of similarity metrics between the context of interest and the 
results obtained by the recommenders. The closer to the 
center, the more specific the recommendation result will be 
with respect to the user and the current context of interest.  

 
3. VIRTUAL RESEARCH ENVIRONMENT 

 
The EVER-EST e-infrastructure is validated by four virtual 
research communities (VRC) covering different 
multidisciplinary Earth Science domains including: ocean 
monitoring, natural hazards, land monitoring and risk 
management (volcanoes and seismicity).  
• Land Monitoring: Monitoring of urban, built-up and 

natural environments to identify certain features or 
changes over areas of interest. 

• Sea Monitoring: The Sea Monitoring VRC focuses on 
finding new ways to measure the quality of the 
maritime environment and it is quite wide and 
heterogeneous, consisting of multi-disciplinary 
scientists such as biologists, geologists, 
oceanographers and GIS experts, as well as agencies 
and authorities.  

• Geohazard Supersites and Natural Laboratories: is a 
collaborative initiative supported by GEO (Group on 
Earth Observations) within the Disasters Resilience 
Benefit Area. The goal of GSNL is to facilitate a 
global collaboration between Geohazard monitoring 
agencies, satellite data providers and the Geohazard 
scientific community to improve scientific 
understanding of the processes causing geological 
disasters and better estimate geological hazards.    

• Natural Hazards Partnership: is a group of 17 
collaborating public sector organisations comprising 
government departments, agencies and research 
organisations. The NHP provides a mechanism for 
providing co- ordinated advice to government and 
those agencies responsible for civil contingency and 
emergency response during natural hazard events.    
 

5. CASE STUDY: LAND MONITORING 
 

• CHANGE DETECTION: The Change Detection 
service allows to select a pair of Sentinel-1 GRD 
images, within a timeframe, and to identify changes 
through suitable algorithms. The service has been 
deployed on the T2 Sandbox and it can be initiated via 
the EVER-EST Land Monitoring Portal through a Web 
Processing Service (WPS). It represents a pre-
operational use of the EVER-EST infrastructure for the 
targeted community. The service launches a set of 
chained processing modules based on the Sentinel 
Application Platform (SNAP): Thermal Noise 
Removal, Orbit-Based Correction, Calibration, Terrain 
Flattening and Terrain Correction. Successively, the 
images are co-registered and a Change Detection 
algorithm identifies the areas with changes. The output 
of the Change Detection is a raster product containing 
the pixels where changes have been detected. The 
Land Monitoring use case provided a concrete case of 
cross-disciplinary interaction between Earth Scientists 
and Institutional entities to transfer knowledge, best 
practices and tools. 

 
6. CASES STUDY: SEA MONITORING 

 
• EVALUATE HOW HUMAN ACTIVITIES CAN 

CAUSE POSIDONIA MEADOWS REGRESSION: 
Coastal anthropogenic activities increased worldwide 
in the last half century, amplifying the pressures on 
marine coastal ecosystems. The management of those 
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multiple and simultaneous threats requires reliable and 
precise data on the distribution of the pressures and of 
the most sensitive ecosystems. In this case study, 
starting from historical remote sensing data of 
Posidonia meadows distribution, the Sea Monitoring 
(SM) VRC detected Posidonia regression areas off 
shore the Apulia region in Italy and compared their 
distribution with the different human activities 
identified by the Change Detection WPS developed by 
Land Monitoring (LM) VRC. LM run the change 
detection WPS using the EVER-EST VRE service in 
the Apulia Region and created a RO encapsulating the 
Taverna workflow and the results as .shp file. In 
parallel SM run runs a workflow implemented to 
detect Posidonia regression using the EVER-EST VRE 
Virtual Machine and created a RO with data, results, 
and workflows. Overlaying through the EVER-EST 
VRE globe the results from the LM and SM research 
object it was possible to visually identify a correlation 
visual between the human activities detected by LM 
and the Posidonia regression off shore Gallipoli 
detected by SM.  Among the various types of human 
activities, the mechanical damages resulting from 
boats anchoring in shallow coastal waters appear to be 
responsible for localized regressions of Posidonia 
oceanic meadows. 

• CORRELATION BETWEEN ENVIRONMENT 
SATELLITE VARIABLES AND JELLYFISH 
OUTBREAKS: Cross-Fertilisation study in synergy 
between University of Tor Vergata in Rome and 
UniSalento biological researchers group located in 
Lecce. The group is specialized on the quantification 
of deterministic and stochastic components of 
environmental change that lead to outbreaks of 
maritime species: in this specific case, the jellyfish. 
The Research Objects created by UniSalento have 
been cross-fertilized with the RO on “Mediterranean 
Sea Anomalies detection” developed during the 
Master. This can be considered as a good example of 
joint work between two communities – Earth 
Observation researchers and Maritime Biologist – 
which could be not necessarily strictly linked in their 
everyday activities and that was de facto facilitated by 
the common use of RO’s and the adoption of the 
EVER-EST infrastructure as working environment. 
The analysis led to the successful identification of 
correlations between the two phenomena over specific 
areas of the Adriatic Sea. Partial results were collected 
in terms of light correlations with temperature, 
chlorophyll and particulate.  

• HABITAT SUITABILITY MODEL - BARI 
CANYON: Habitat Suitability Model of the Cold 
Water Corals (CWCs) in the Bari Canyon (Apulia, 
Italy). In this RO we derive the MSFD indicator 1.5 
(Habitat area) to assess the biological diversity 
descriptor. To do this in deep sea environment, the 

scientist (user) needs to implement a habitat suitability 
model.  

• JELLYFISH SPECIES DISTRIBUTION ALONG 
ITALIAN COAST: Starting by sightings from citizen 
science campaign "Occhio alla medusa"; CNR wants 
to fully exploit within the EVER-EST initiative the 
database potential to generate meaningful indicators 
(species distribution) in MSFD perspective.  

• TREND IN THE EVOLUTION OF NON 
INDIGENOUS JELLYFISH SPECIES: Starting from 
Jellyfish sightings, we elaborate data to produce 
explicit geographical information concerning trend 
about the evolution and distribution of alien species 
according with MSF directive descriptors “Abundance 
and state characterisation of non-indigenous species 
(NIS), in particular invasive species (IAS)”. 

• DIGITALIZATION OF HISTORICAL VENICE 
LAGOON MAPS: Historical maps comprise a lot of 
inherent information on natural environmental and 
anthropogenic changes. They are commonly the most 
important database for various spatial analyses of the 
land use as well as historical landscapes, urban 
development, influences of the economy development, 
toponyms changes, etc. 

• MULTIPLE AND PERVASIVE HUMAN IMPACTS 
IN COASTAL LAGOONS LITERATURE REVIEW: 
Coastal wetlands are among the most studied, most 
vulnerable, and economically most important 
ecosystems on Earth; nevertheless, little attention has 
been paid, so far, to their sea-floor integrity and the 
human footprint on their deepest reaches.  

• POSIDONIA REGRESSION ALONG APULIAN 
COAST CROSS-FERTILISE LAND MONITORING 
VRC: In our study case, starting from historical data of 
posidonia meadows distribution, we try to individuate 
regression area and to compare their distribution with 
the different human activities that can determinate 
change in the Land/Sea use detecting by WPS 
developed by Sat Cen VRC.  

• RMS FROM BATHYMETRY: This RO calculates the 
roughness of the seafloor, as RMS, starting from 
Multibeam Bathymetry. It was applied with 
bathymetry files of the Venice Lagoon. 

 
7. CASES STUDY: SUPERSITES 

 
• VOLCANIC PLUME RETRIEVALS PROCEDURES: 

During eruptions, volcanoes emit large quantities of 
particles and gases into the atmosphere. The Volcanic 
Plume Retrieval procedure has the capability, 
simultaneously and in real time, to estimate physical 
parameters of volcanic ash and SO2 clouds from 
multispectral MODIS data in the Thermal InfraRed 
(TIR) spectral range. Plume altitude and temperature 
are the only two input parameters required to run the 
procedure. By linearly interpolating the radiances 
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surrounding a detected volcanic plume, the VPR 
procedure computes the radiances that would have 
been measured by the sensor in the absence of a 
plume, and reconstructs a new image without plume. 
The new image and the original one allows 
computation of plume transmittance in the TIR-
MODIS bands 29, 31, and 32 (8.6, 11.0 and 12.0 µm) 
by applying a simplified model consisting of a uniform 
plume at a fixed altitude and temperature. The 
transmittances are then refined using a polynomial 
relationship obtained by means of MODTRAN 
simulations adapted for the geographical region, ash 
type, and atmospheric profiles. 

• VOLCANIC GEODETIC DATA INVERSION: The 
RO was created to invert 2004-2006 ground 
deformation data for the Campi Flegrei volcano. The 
inverted datasets were ascending and descending Line 
of Sight ground displacements from COSMO-SkyMed 
InSAR time series. The data were modelled with a 
spherical magma chamber. At the end of his inversion 
procedure, Elisa created a RO containing the input 
data, the inversion workflow, and the output results, 
then added some descriptive information and finally 
archived the RO with a DOI to ensure authorship of 
the research.  

• INSAR PROCESSING WITH SARSCAPETM ON A 
WINDOWS VIRTUAL MACHINE:  This use case 
shows how to download Sentinel 1 SAR image data 
from the EVER-EST VRE interface, and launch the 
SARscape SAR processing software in a Windows 
Virtual Machine to carry out Interferometric SAR 
processing. 
 

8. CASES STUDY: NATURAL HAZARDS 
 

• SURFACE WATER FLOODING: The Surface Water 
Flooding Hazard Impact Model (SWF HIM) is a well-
developed Hazard Impact Model approaching 
operational deployment with on-going work focussed 
on validation of impacts through chosen case studies. 
This involves running a countrywide (1km grid, 15 
min time-step) Grid-to-Grid (G2G) hydrological runoff 
and routing model (CEH) using rainfall inputs (Met 
Office), and linking its surface runoffs to potential 
impacts (HSE) and verifying these against observed 
impacts. 

• DAILY HAZARD ASSESSMENT (DHA): The DHA 
is a summary of forecasted hazards released on a daily 
basis to the responder community, local government 
and national agencies. It is based on information 
provided by various partner organisations including the 
FGS, the NSWWS and the DLHA. Each piece of 
evidence is linked by date, however if any of the 
evidence is updated due to a change in the hazard 
forecast, then an updated piece of evidence is 
submitted for inclusion in the DHA. The VRC decided 

to test the storage of each DHA and its contributing 
evidence in a bibliographic Research Object. 

9. CONCLUSIONS 
 

During the three-year project, the EVER-EST consortium 
developed a VRE for Earth Sciences, where the 
requirements of four communities were addressed. The 
VRE has been recognized as a successful solution to boost 
open science and innovation by enabling research life cycle 
management, long term data preservation, EO data 
exploitation and capacity building. A sustainability plan 
has been presented to maintain the findings after the end of 
the project: in addition, further efforts will be focused on 
make the platform fully operational (e.g. services 
improvement, architecture optimisation and user support), 
to improve the services model and to engage new 
communities. 
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ABSTRACT 

We present architecture and various capabilities of 

CODE-DE (Copernicus Data and Exploitation Platform – 

Deutschland, www.code-de.org) which is the German 

operational environment for accessing and processing 

Copernicus Sentinel products, a so-called Copernicus 

collaborative ground segment activity. Since March 2017 

the element for online data access to Sentinel-1 and 

Sentinel-2 products is operational and tapped by over 1200 

registered users until September 2018. During this period 

more than 100,000 products were downloaded and the 

global catalogue is continuously updated with all Sentinel 

product metadata and references a data volume of 

800 TByte accessible on a rolling archive. Since November 

2017 the element for big data processing is operational, 

where registered users automatically process and analyze 

data using various methodologies into value-added products. 

Special features enhance the user experience, like the full 

resolution browsing at 10 meter resolution of Sentinel-2 

products giving interactive insight to the catalog contents. In 

2018 the full spectrum of available Sentinel-3 products also 

are offered online. 

Index Terms: Copernicus, Sentinel, CODE-DE, Online 

Data Accessing, Big Data Processing 

1. INTRODUCTION 

The fleet of Copernicus Sentinel satellites provides 

unprecedented opportunities for global environmental 

monitoring. However, the capability to effectively and 

efficiently access, manage, process, and analyze the mass 

data streams from the Sentinels, but also from other big data 

missions such as the Landsat program, still poses major 

conceptual and technical challenges. The German Aerospace 

Center (DLR) works towards bridging the gap between the 

immense data volumes collected by modern Earth 

Observation missions and their application-driven, on-

demand exploration through geo-information services [2]. 

CODE-DE (Copernicus Data and Exploitation Platform – 

Deutschland, www.code-de.org) which is realized by the 

Earth Observation Center (EOC) of DLR is the German 

entry point to the EU Copernicus Sentinel Satellite Systems 

under the framework of the Copernicus Collaborative 

Ground Segments. It provides their data products and the 

products of the Copernicus Services [4] with a focus on 

fulfilling national needs.  

2. METHODOLOGY AND ARCHITECUTRE 

The client, which is the DLR Space Administration on 

behalf of the German Federal Ministry of Transport and 

Digital Infrastructure (BMVI), provided 156 User 

Requirements (REQ) for a complete and consistent 

description of CODE-DE, covering the national needs on 

data access and the capabilities to process data.  

For the implementation and to fully exploit the 

possibilities of the continuous data stream of free, full, and 

open Copernicus Sentinel products the development of the 

CODE-DE system was conducted with work packages for 

project management, product assurance, and systems 

engineering. The platform was designed based on several 

subsystems: Infrastructure, Portal, Ingestion and Archive, 

Search and Access, User Management Service, Processing 

Environment, Value Added Products, Monitoring and 

Reporting, Help Desk and Operations. The architecture is 

illustrated in Figure 1. 

 
Figure 1. CODE-DE Architecture 

Each subsystem lies within the responsibility of a 

contracted supplier.  These subsystems are further broken 

down to 42 components – where each component provided a 
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specific functionality on its own. A configuration control is 

performed for the items at the level of hard- and software. 

Items of type software are deployed in Virtual Machines 

(VMs) which are assigned to a server, namely an item of 

type hardware. 

The infrastructure consists of a dedicated GPFS (general 

parallel file system) with 1,444 TByte disk storage and 

nineteen VMs deployed on six service hosts with 244 cores 

and 1,536 GByte RAM, located in Frankfurt, Germany. The 

User Management System as well as the Monitoring and 

Reporting modules rely on external computing 

environments and services which are shared with other 

projects. The hosted processing environment currently 

consists of four nodes with 112 cores and 512 GByte RAM. 

The CODE-DE system is linked to the internet via a 

5 GBit/s connection. 

The CODE-DE system went operational in three major 

iterations:  

 Release 1.0 on 2017-03-09, focused on online data 

access of Sentinel-1 and Sentinel-2 data products 

 Release 2.0 on 2017-11-30 focused on big data 

processing (see Section 5) for registered users to 

automatically process and analyze data applying various 

methodologies to value-added products. Improved 

visualization of the catalogue of available Sentinel-2 

products with the catalogue client at full 10 meter 

resolution (see Figure 2) 

 Release 2.1 on 2018-04-26 completed the client 

requirements; makes Sentinel-3 products accessible, and 

is now taking onboard the applications. 

In order to guarantee the full functionality and high 

system availability of the CODE-DE services, intense test 

activities are conducted. Failed test case execution is linked 

with a corresponding observation. These test activities are 

complemented by daily manual operation tests, automatic 

monitoring and reporting activities, and regression tests, 

when the system is modified. 

3. COPERNICUS SENTINEL PRODUCTS 

Copernicus Sentinel-1, Sentinel-2 and Sentinel-3 

products each with respective satellites A and B are 

continuously ingested and archived in CODE-DE. The data 

are provided via data hubs to the EU member states, namely 

the Copernicus Collaborative Ground Segments hubs. These 

require to be connected to the internet with 

at least 1 GBit/s in order to handle the 

annual data volume of about 4,000 TByte. 

As the archive is a rolling archive also the 

evictions of data is required, e.g., Sentinel-

2 products are never removed from the 

archive for Germany and earliest after 1 

month global and earliest after 12 months for Europe. 

However, global Sentinel-2 Level 1C products are long-term 

archived in the German Satellite Data Archive (D-SDA) of 

EOC [1]. A historical data reload mechanism enables access 

to these products. 

Sentinel-5P products data will become available next in 

CODE-DE. 

4. ACCESSING 

The portal (www.code-de.org) provides information on 

all available Copernicus Sentinel products and services 

together with links to available tools in this context; 

Sentinel-1, Sentinel-2 and Sentinel-3 

products are searchable and accessible via 

catalogue client. It provides an enhanced 

user-friendly solution to discover, view, and 

download available Earth Observation (EO) 

data. For a user-friendly search the time, 

spatial, additional filters, e.g., polarization 

mode or cloud cover, are applied in combination with the 

various layers, e.g., Sentinel-2 Level 1C and overlays.  

The catalog client features a full-resolution browsing 

displaying the Sentinel-2 products in full 10 m spatial 

resolution as illustrated in Figure 2 [3]. 

 
Figure 2. Illustration of Sentinel-2 Full-Resolution 

Browsing for Valencia, Spain  

Based on the search results products can be selected and 

downloaded either as single products, via a metalink or URL 

listing. 

Automatic access to data of the rolling 

archive is provided via download service. 

A subscription service to products based on 

the user needs, e.g., specified areas, is 

available to automatically transfer files of 

interest to a remote location (external 

cloud). 

CODE-DE provides a powerful, yet simple download 

service, as defined by the OGC 13-043 best practice 

Download Service for Earth Observation Products using the 
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HTTPS (Hypertext Transfer Protocol Secure). The features 

range from simple directory browsing, direct download, 

single sign on, and quota handling limiting the parallel 

downloads per user and throttling the bandwidth depending 

on the groups the user belongs to. Single downloads are 

allowed up to 80 Mbytes/s, where 10 parallel downloads can 

surpass the available 5 Gbit/s internet connection. Of note, 

due to the latency of the internet connection to the remote 

users, normal download rate often is less than 10 MBytes/s, 

allowing these users to obtain a typical Sentinel-2 Level 1C 

scene of 600 Mbytes size in 60 seconds. Yet internal access 

is 30 times more performant! 

The data is organized in directory structure in the form of 

mission/year/month/day/<files>. 

5. PROCESSING 

The portal (www.code-de.org) marketplace provides 

links to the available processors, processing chains and the 

processing environment user interface. Registered users 

process the data themselves with the help of various 

methods and can then download the 

generated value-added products. The 

processing environment is based on the 

Calvalus [5] software and uses an Apache 

Hadoop cluster as back-end. This 

processing environment allows the 

individual selection of algorithms and a 

spatial search for the remote sensing data to which the 

selected methodology is to be applied. The current status of 

the processing can be monitored in a processing tab. 

 
Figure 3. Illustration of Processing Sentinel-2 Products  

by Atmospheric Compensation 

The methods currently available are excerpts from 

Sentinel tool boxes such as Sen2Cor for the atmospheric 

compensation of Sentinel-2 Level 1C products as illustrated 

in Figure 3. 

Earth observation data processors in CODE-DE are 

considered software items that can be executed to transform 

Earth observation data into an output product. This 

determines the way results are produced, i.e. by applying 

processors to data that in turn may be further processed to 

higher level outputs repeatedly until the desired result is 

produced. Processors can be executed concurrently on 

different input products. 

A processor installation package (processor bundle) is a 

set of files, e.g. .tar.gz or .zip files, containing the runtime 

software of one or several processors. An optional 

descriptor file (bundle descriptor) identifies data processors, 

their input product type, parameters, output product type, 

and bands of its output product. A processor installation 

package may contain a Docker image, i.e. a software item 

with a stack of layers (libraries, processor software) stored 

in a local .tar.gz file that can be loaded by the Docker 

daemon and instantiated as Docker container. Each call to 

the container applies the processor to one input product. 

In addition to the Web GUI, CODE-DE 

offers to qualified users a possibility get 

access to a dedicated service host within 

the processing environment – a project 

VM. These users can deploy their own 

processors, submit processing requests 

directly to the processing cluster, to access 

the file system and processing results,  to 

automate processing and set-up own 

services.  

Project VMs are either dedicated VMs or receive a 

Docker container, run on the hosted processing 

environment. While a project VM is not necessarily a 

powerful machine itself, it can use the processing cluster as 

powerful computing facility. Project VMs 

can use a command line client to submit 

processing requests. They can implement 

workflows to automate the generation and 

submission of jobs for complex processing 

tasks and they may be used as host for 

services to be linked from the CODE-DE 

web portal to provide data or processing services to the 

external world. Project VMs have access to the storage with 

EO data and processing results.  

In order to work with the CODE-DE processing 

environment the following steps need to be performed: 

 login to the project VM 

 submit a processing request 

 install a processor bundle 

 run the processor 

 wait for the results 

 access or download the results 

Figure 4 depicts the role and the interfaces of a project VM. 
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Figure 4. Project VMs with access to data and cluster 

computing resources. 

In general the following use cases are possible:  

 scripting for bulk processing, i.e. using Docker 

 data driven processing 

Besides the dedicated project VMs, the processing cluster 

is a shared facility. One queue per project on this cluster in 

combination with fair scheduling ensures that each project at 

least gets its share of the cluster computing and memory 

resources. A project gets more whenever not all projects are 

processing at a certain time, up to the full cluster capacity, 

with dynamic adaptation as new request are submitted. 

Storage furthermore provides the location for software, in 

particular data processor packages, pre-installed ones and 

those provided by the project. Several conventions are 

available for processor packages, among them Docker 

images, Linux executables (for CentOS), Sentinel Toolbox 

operators (as jar files), and processors implemented in 

Python using Anaconda as runtime environment. The 

storage is also the location for input data access and value 

added product output. 

Any registered user hosted in his remote home 

environment or in an external cloud, can also invoke 

processors to work directly on the CODE-DE data offerings, 

by submitting their processing requests using the code-de-

tools [6]. 

6. VALUE ADDED PRODUCTS 

In addition to the original Sentinel Data, CODE-DE 

processes and provides a set of value added products as a 

basis for information extraction and demonstrating the 

processing capabilities. Currently the following datasets are 

offered for download: 

 Maritime Products 

 Temporal Feature Extraction 

 Cloud-filtered mosaic of Germany 

The CODE-DE marketplace enables users to publish and 

visualize other geo-service data offerings; currently it 

includes the RapidEye Science Archive (RESA) and 

MODIS Germany mosaics, and SRTM X-Band DEM 

datasets. 

7. WHAT’S NEXT? 

CODE-DE as a cloud based platform for Sentinel data 

access and processing is foreseen to enter a second phase in 

late 2019. Continuity of operations for at least four more 

years with some upgrades is envisaged. This is with a 

particular focus to assist users in national public institutions 

with access to analysis ready Sentinel data and Copernicus 

service products, as well as with on-boarding their 

processing algorithms. It is envisaged that this CODE-DE 

transition will make a best possible use of synergies with the 

European level Copernicus data information and access 

services (DIAS). 

8. CONCLUSIONS 

The methodology, architecture, and various 

functionalities of CODE-DE (Copernicus Data and 

Exploitation Platform – Deutschland, www.code-de.org) are 

presented and analyzed to obtain a high-quality system. The 

focus is on the major challenges of user-friendly online data 

access and high-performance big data processing. In the 

next years European initiatives such as Copernicus Data and 

Information Access Services Operations (DIAS) will 

complement the national initiatives. 
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ABSTRACT 

Recent implementations of machine learning tools running on 
large scale data have been enabled by vast improvements in 
computing capability and parallelization, theoretical 
advances in machine learning algorithms (in particular in the 
field of deep learning), and most importantly, an explosion of 
available data – the fuel of any machine learning engine. 
Copernicus' unparalleled volume and quality of earth 
observation data is contributing strongly to the latter. 

The earth observation (EO) field, however, has not yet seen 
significant uptake of machine learning methods, mainly due 
to a lack of annotated data, a lack of tools to handle spatio-
temporal EO data, and the inherent infrastructure complexity 
of handling vast amounts of EO data. 

In this paper, we outline how the Query Planet project 
seeks to address these existing shortcomings, providing open-
source tools to facilitate development of machine learning 
models to exploit EO big data. 

1. INTRODUCTION 

The Sentinel missions are collecting more data than any 
existing earth observation programme, opening up 
unprecedented opportunities for understanding and 
exploiting EO data. In particular, recent advances in machine 
learning (ML) play a pivotal role in analysing and processing 
large amounts of data, allowing to extract actionable 
information from complex spatio-temporal data. 

The following challenges, however, are currently 
hindering the uptake of ML methods in EO: 
l Many ML efforts in EO have been limited to a very 

specific geographic area. In order to scale these results 
to a global scale, tools and infrastructures capable of 
handling EO data in an efficient manner are necessary; 

l Most available ML frameworks require special 
approaches to accept EO data. The most challenging 
aspect is handling time-series data, which is critical in 
many EO applications, ranging from vegetation 
classification, to change detection. 

l There are only a few high-quality sources of annotated 
data currently available for training supervised ML 
algorithms on satellite imagery. Accurate annotated data 
are critical to the advancement of ML research and 
development of new EO applications. 

The Query Planet project, running within ESA’s Phi-lab, 
seeks to tackle each of the above challenges, by employing 
cloud-based technologies to seamlessly access EO data, and 
by developing open-source tools to process and annotate 
spatio-temporal EO imagery. All software tools and datasets 
developed under the project are released under open-source 
licenses, providing a unique opportunity for research and 
development of novel machine learning applications. The 
following Sections provide details on the solutions developed 
to tackle the above-mentioned challenges. 

2. ACCESSING EO DATA 

The first challenge on how to exploit the wealth of 
information contained in the EO big data is of technical 
nature – how to provide an access to the data in a manageable 
way. This was effectively addressed by Sentinel Hub [1], 
which provides streamlined access to many satellite missions 
using the Amazon Web Services infrastructure. However, 
new challenges soon surface - how to analyze a vast volume 
of dense data - there are simply not enough eyes in the world 
to check every image acquired. Modeling of time-series EO 
data has received a lot of attention recently as it can 
significantly contribute to traditional EO interpretation 
methodologies. It is not just that there are greater amounts of 
data available, or that we need to model periodic (yearly) data 
sequencing - the problem is much more rooted. Since EO data 
reveals inherent yearly cycling, we need models that can 
adapt to these cycles, considering that at specific points in 
time the cycle is broken due to changes on the ground - 
converting arable land into urban area, flooding, etc. 
Therefore, tools to efficiently process and analyse spatio-
temporal data are required to extract meaningful information. 

3. BRIDGING THE GAP BETWEEN EO AND 
MACHINE LEARNING 

With the availability of massive volumes of data, machine 
learning (ML) has become an important tool for analysis of 
EO data. ML models used in EO to date range from random 
forest algorithms, to more complex convolutional neural 
networks. These ML models need to cope with the 
peculiarities of satellite imagery - clouds, atmospheric effects 
and inaccurate geolocation are distorting the data, missing or 
cloudy scenes create gaps, etc. These artefacts make it 
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difficult to directly use on the data well-known ML 
frameworks such as TensorFlow, MXNet, etc. In addition, 
lack of ground truth for training and validation of supervised 
ML models is a major challenge preventing from efficient use 
of ML tools. 
  The Query Planet project seeks to address these challenges 
by developing the following open-source tools: 
l eo-learn [2], a Python based package acting as a bridge 

between EO data and existing ML and computer vision 
tools; 

l classification application and label maker enhancements 
[3]; 

l repository for ground truth data. 
Importantly, the above-mentioned elements are integrated 

and demonstrated on a pair of use-cases - land cover 
classification and global water monitoring. These use-cases 
are available in an open-source manner, including training 
sets and ML models, which will make them extremely 
convenient for anyone to use, modify, and extend. 

3.1. eo-learn 

eo-learn is a collection of open source Python packages that 
have been developed to seamlessly access and process spatio-
temporal image sequences acquired by any satellite fleet in a 
timely and automatic manner. eo-learn is easy to use, its 
design is modular, and encourages collaboration – sharing 
and reusing of specific tasks in a typical EO-value-extraction 
workflows, such as cloud masking, image co-registration, 
feature extraction, classification, etc. Everyone is free to use 
any of the available tasks and is encouraged to improve them, 
develop new ones and share them with the rest of the 
community. 

eo-learn makes extraction of valuable information from 
satellite imagery as easy as defining a sequence of operations 
to be performed. Figure 1 below illustrates a processing chain 
that executes automatic classification of land cover in a user 
specified region of interest. 

 
 

 
Fig 1. Example workflow for land cover classification 

 
The eo-learn library acts as a bridge between the EO/remote 
sensing field and the Python ecosystem for data science and 
machine learning. The library is written in Python and uses 
NumPy arrays and Shapely polygons to store and handle 

remote sensing data. Its aim is to make entry easier for non-
experts to the field of remote sensing on one hand, and bring 
state-of-the-art tools for computer vision, machine learning, 
and deep learning existing in Python ecosystem to remote 
sensing experts. 
  The design of the eo-learn library follows the dataflow 
programming paradigm and consists of three building blocks: 
l EOPatch - common data-object for spatio-temporal EO 

and non-EO data, and their derivatives; it contains 
multi-temporal remotely sensed data of a single patch 
(area) of Earth’s surface typically defined by a bounding 
box in specific coordinate reference system,  both in 
raster and vector format. The size and shape of the 
EOPatch can vary based on specific needs and available 
resources (large patches will require more memory). 
The EOPatch object can also be used as a placeholder 
for all quantities, either derived from the satellite 
imagery or from some other external source, for 
example biophysical indices, ground truth reference 
data, weather data, etc. EOPatch is completely sensor-
agnostic, meaning that imagery from different sensors 
(satellites) or sensor types (optical, synthetic-aperture 
radar, etc.) can be added to an EOPatch. 

l EOTask - a single, well-defined operation being 
performed on input EOPatch(es) and which returns a 
modified EOPatch. EOTasks are the heart of the eo-
learn library. They define in what way the available 
satellite imagery can be manipulated in order to extract 
valuable information. Typical users will most often be 
interested in what kind of tasks are already implemented 
but can also write custom EOTasks, as shown in Figure 
2, if their desired functionality doesn’t yet exist. 

l EOWorkflow is a collection of EOTasks that together 
represent an EO-value-adding-processing chain or EO-
value-extraction pipeline by chaining or connecting a 
sequence of EOTasks. The EOWorkflow takes care that 
the EOTasks are executed in the correct order and with 
correct parameters. EOWorkflow is executed on a single 
EOPatch at a time, but the same EOWorkflow can be 
executed on multiple parallel processes. Under the hood 
the EOWorkflow builds a directed acyclic graph. There 
is no limitation on the number of nodes (EOTasks with 
inputs) or the graph topology. The EOWorkflow first 
names the input tasks that persist over executions, 
determines the ordering of the tasks, executes the task in 
that order, and finally returns the results of tasks which 
represent terminal nodes of the graph. Reports and logs 
on execution are automatically provided to ease 
monitoring and debugging. 

 
There are several existing sub-packages, covering common 
EO analysis steps: 
l eo-learn-core, the main sub-package which implements 

basic building blocks (EOPatch, EOTask and 
EOWorkflow) and commonly used functionalities. 
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l eo-learn-coregistration, dealing with image co-
registration to correct geolocation errors.  

l eo-learn-features is a collection of utilities for extracting 
data properties and feature manipulation. 

l eo-learn-geometry is used for geometric transformation 
and conversion between vector and raster data. 

l eo-learn-io, input/output sub-package that deals with 
obtaining data from various data source services or 
saving and loading data locally. It provides seamless 
access to global archive of Sentinel-1 GRD, Sentinel-2 
(L1C and L2A), Sentinel-3 OLCI, Sentinel-5P, Landsat-
8, MODIS, Envisat MERIS and ESA archive of 
Landsat-5 and -7. Open-source libraries sat-utils[4] are 
used to work with locally stored or remotely accessible 
GeoTiff files and OpenStreetMap data. 

l eo-learn-mask, used for masking of data and calculation 
of cloud masks. 

l eo-learn-ml-tools - set of tools that can be used before 
or after the machine learning process. 

  The eo-learn package can be easily integrated with other 
Python packages, e.g. within an EOTask node. Jupyter 
Notebook is used as IDE [5]. 
 

 
Fig 2. Code snippet showing how developers can extend the 

package 

3.2. Ground-truth labels 

The lack of ground truth data required for supervised ML 
training is addressed in two ways: by identifying openly 
available regional and global datasets of proper quality, 
which can be used as an input, and by creating a classification 
app, which can be used by experts or crowds to collect 
annotations. OpenStreetMap, SpaceNet, Corine land-cover, 
various official register datasets (buildings, roads, farm 
parcels) and similar can be efficiently used to create training 
data. Label maker [3] is used to create training data patches 
from these sources and package them as NumPy arrays for 
easy integration with machine learning libraries.  

The classification app is a web-based tool, that was 
designed to allow users to easily set-up a new “campaign” 
and start collecting the data. It was first put in place for 
development of s2Cloudless, where it was used to classify 
clouds[6]. The tool requires authentication of the user, so that 
it is possible to associate individual records with a specific 
user (and flag all user's entries if low quality input is 
detected). Users are then presented a satellite image (e.g. 
Sentinel-2 or other data-source, depending on the use-case) 
and asked to annotate an area of a complete randomly defined 
patch (e.g. 64x64 px or 512x512 px), as shown in Figure 3. 

Completeness of the labelling is required in cases where one 
wants to avoid vaguely defined data - e.g. border of the clouds 
in the cloud examples. In other cases, where we are looking 
only for specific elements (e.g. built-up areas), completeness 
is not enforced. Users are able to explore the area around the 
dedicated tile, and check various band combinations (e.g. 
NDVI, false colour, NDWI, custom option). The tool is 
configurable to address various use-cases (label options, area 
limitations, patch size, satellite imagery sources, supporting 
datasets). The open-source nature of the tool allows further 
customization. Classified data can be exported using a 
dedicated API (integrated with eo-learn) or exported in 
standard formats (e.g. SHP, GeoTiff, GeoJSON). 

 
 

 
Fig 3. Snapshot of the classification application user 

interface. On the left, users can visualise an imaging source 
over a given area-of-interest, while on the right they can 

annotate the selected patch according to the labelling 
guidelines 

4. USE CASES 

Two use-cases can already be demonstrated in a start-to-end 
fashion, making it easier for other developers to take on 
existing work and modify it for their own case. 

4.1. Automatic land cover classification 

Land cover classification is using a combination of inputs for 
training data - land-use data from several European countries, 
where these are regularly updated for the purpose of Common 
Agriculture Policy, Corine land cover and OSM data in other 
parts of the world, already existing crowd-sourced data as 
well as newly collected data using the classification tool 
developed within the project. Detailed description of the land 
cover classification workflow is available in a parallel paper 
“Multi-Temporal Land Cover Classification Using Sentinel 
Data and the eo-learn Open-Source Python Project” [7]. An 
example of classification output is shown in Figure 4. 
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Fig. 4 Standard outputs of automatic land cover 

classification 

4.2. Global monitoring of water in lakes and reservoirs  

Being enlightened by JRC’s Global Surface Water project [8] 
we have set out to build a service, which does not only show 
historic data but is also up-to-date. Copernicus Sentinel 
mission, with its global coverage and short revisit time, 
combined with an efficient use of cloud infrastructure 
resources makes it feasible to do a global scale project with 
limited resources. The Blue Dot Water Observatory [9] is a 
showcase of this approach, both as an operational service as 
well as a set of open-source tools, which can be modified to 
fit specific needs. The dashboard of the Blue Dot Observatory 
is shown in Figure 5. 
   The Blue Dot Water Observatory provides reliable and 
timely information about surface water levels of water bodies 
across the globe. All observations are provided and can be 
explored interactively via the Water Observatory Dashboard 
or via RESTful API. The key benefit of the service is the 
accumulation of current and historic surface water level data 
in one place, presented in a clear and interactive way, free of 
charge. The Water Observatory provides a valuable service 
to local authorities, governmental agencies, natural parks and 
reserves, agricultural ministries and agencies, stakeholders in 
food and energy production, and citizens alike. 
   With this service, we are also demonstrating how global 
monitoring of the environment using EO data can be done 
efficiently and orders of magnitude cheaper than before, if 
done in an intelligent way. We are sharing as an open-source 
the code, water detection algorithms as well as details on how 
to put service like this in production. We hope this will inspire 
others to build on top of it and develop similar services for 
other use cases. 

 
Fig. 5 - Blue Dot Water Observatory displaying the 

Theewaterskloof reservoir near Cape Town, South Africa 

5. CONCLUSION 

Volume, availability and quality of open earth observation 
data have reached the level where machine learning methods 
are not just a meaningful option, but a necessity. However, 
where there are several well established ML options available 
for imagery in general, not many of these are supporting EO 
data and their complexity.  

Query Planet is addressing this challenge by introducing 
eo-learn, to bridge the gap between EO and standard ML 
tools, by developing classification tools to create labels 
required for supervised learning, and by publishing actual 
start-to-end use-cases, which make it easier for researchers to 
start with the process and customize it for their needs.   
This announcement, part way through the project, is meant to 
call for cooperation with other researchers in the field, so that 
we can produce results fitting their requirements if possible. 
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ABSTRACT 

We present a study to search and classify semantic 

relations among the entities in the Rosetta mission papers, in 

order to link them to the existing Rosetta ESA Science 

Archive database for further processing. The type of text and 

the variety of the linguistic phenomena lead us to apply 

techniques from the domains of natural language processing 

and machine learning for addressing the problem. While 

similar activities are already carried out manually as part of 

the science operations of some of the ESA science missions, 

the ultimate goal is to devise a semi-automated system able 

to apply activity to all the science missions, to facilitate the 

work of the missions librarians and to allow effective cross-

comparisons. Our dataset consists of 40 papers covering the 

following  missions: HST, MEx, PROBA-2, ROSETTA.  

Index Terms— Planetary Science Archive (PSA), 

Natural Language Processing, Machine Learning, 

Information Retrieval, Semantic Analysis  

1. INTRODUCTION 

Of major interest to the ESA Science Archives is to 

establish precise links between the scientific publications and 

the specific science instruments and experiments carried by 

the space science missions, at a high level of detail, so as to 

highlight which instruments, data products and modes of 

operation lead to scientific papers. However, since the 

number of publications is large and growing, manual 

annotation and link creation by human experts cannot scale 

well. Moreover, although the move towards formal citation 

of data is growing, there is a lot of work to be done until data 

holders provide mechanisms and guidance for scholars to cite 

datasets. 

A way of approaching this problem is processing the 

cross-references and the text content of scientific publications 

through supervised machine learning techniques. This 

method allows the classification of publications on different 

categories based on, for example, the data products of a 

particular mission, using a training sample of manually 

classified publications. We are currently developing a test-

case application of this technique for the Planck mission. 

However, this approach can only obtain a gross classification. 

For a finer linking of publications and mission data, other 

methods like Natural Language Processing (NLP) are needed. 

NLP is a key technology that enables the scientists to 

access the scientific information. Extracting information 

from scientific papers can contribute to the development of 

rich scientific knowledge bases that can support intelligent 

knowledge access and decision making. 

 

In this project, our objectives are to: 

● Find potential links between publications and the 

science instruments and experiments carried by the 

space science missions (observational data). 
● Monitor the scientific productivity of a space 

mission and how it evolves over time. 
● Support the decision making regarding future 

missions: role of detectors, areas of the sky studied, 

wavelength bands of major interest. 
● Identify which instruments and modes of operation 

are more effective at leading to scientific papers. 
● Allow effective cross-comparisons between 

different missions and agencies 
 

To this end, we have conducted a small-scale experiment 

on 40 papers equally distributed among four ESA missions 

(HST, MEx, PROBA-2, ROSETTA). The purpose of the pilot 

was to inspect the data and to understand the linguistic 

phenomena that occur in the texts, in order to devise a 

methodological framework that can be applied and meet the 

project’s objectives. At a later stage and in the main phase of 

the project, more missions will be added, and the total set of 

publications of each mission will be processed. 

2. DATA INSPECTION 

In the initial phase of the pilot we conducted an analysis 

of the characteristics of the text in order to decide on the type 

of NLP that we have to apply. Our analysis has demonstrated 

that there are no direct links from the papers’ time 

expressions to the Observation ID of the Planetary Science 

Archive. Moreover, general references to data, instruments, 
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measurements, missions and experiments are intertwined in 

the papers. Specific references are a minority. The papers are 

dense in named entities, time expressions and units of 

measurement, and they contain complex formalisms. 

Sometimes there exist dedicated chapters in the papers where 

data and observations are described. However, in the majority 

of the papers both data and observations can appear anywhere 

in the paper. Regarding ESA there exist on-topic and off-

topic papers: sometimes ESA is at the epicenter, sometimes 

there is just one mention possibly regarding a single 

comparison. Instrument acronyms, instrument names and 

mission names seem systematic throughout papers. Finally, 

matrices and images contain information regarding the 

observations, the measurements and the instruments of the 

missions. 

The type of text and the variety of the linguistic 

phenomena that we have found in the papers lead us to adopt 

techniques from the domains of NLP and machine learning in 

order to address the project’s objective. We plan to apply 

morphological, syntactic and semantic processing to 

recognize the semantic relations between the elements of the 

papers, such as missions, instruments, temporal expressions 

and observation IDs. 

3. METHODOLOGY 

We first search for the names of the mission instruments 

in the text that we extract from the papers’ pdf files. We then 

locate the time expressions and we recognize the dependency 

structures which constitute the directed grammatical relations 

that hold between the words of the sentence. Once we know 

the grammatical functions and the time expressions, then we 

can create a rule-based or statistical algorithm that will link 

the constituents of the sentence to the ESA database. Figure 

1 depicts the components of the methodology that we 

propose. The description of each component follows. 

 

3.1. Pdf2txt 

There exist many tools that convert pdf to text. Since the 

older papers are in image format while the recent papers are 

in textual format, we must be able to deal both with images 

and text. Also, the selected tool should be able to correctly 

convert tables and hyphens. Our experiments showed that no 

tool outperforms the others in all cases, so the final solution 

will combine and select the best output of various tools in an 

ensemble approach. In the cases where text is not already 

embedded in the pdf, we will need to use OCR to extract the 

text. 

3.2. Morphology 

Tokenization is the process of breaking up the given text 

into units called tokens. The tokens may be words or numbers 

or punctuation marks. 

The process of classifying words into their parts of speech 

and labeling them accordingly is known as part-of-speech 

tagging or POS tagging, or simply tagging. Parts of speech 

are also known as word classes or lexical categories. The 

collection of tags used for a particular task is known as a tag 

set. Parts of speech include nouns, verbs, adverbs, adjectives, 

pronouns, conjunction and their sub-categories. POS tagging 

serves as an input to more complex linguistic analysis such as 

chunking and parsing. 

FIGURE  SEQ FIGURE \* ARABIC 1 

Figure 1: The components of the proposed solution 
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3.3. Syntax 

 In a dependency grammar the syntactic structure of a 

sentence is described solely in terms of the words (or lemmas) 

in a sentence and the associated set of directed binary 

grammatical relations that hold among the words. The most 

widely used syntactic structure is the parse tree which can be 

generated using various parsing algorithms. Parse trees play 

a critical role in the semantic analysis stage. 

The traditional linguistic notion of grammatical relation 

provides the basis for the binary relations that comprise the 

dependency structures. The arguments to these relations 

consist of a head and a dependent. In dependency-based 

approaches, the head-dependent relationship is made explicit 

by directly linking heads to the words that are immediately 

dependent on them. In addition to specifying the head-

dependent pairs, dependency grammars allow us to further 

classify the kinds of grammatical relations in terms of the role 

that the dependent plays with respect to its head. Familiar 

notions such as subject, direct object and indirect object are 

among the kind of relations that we analyze. In our pilot we 

have used the Stanford Parser which is considered as one of 

the best parsers that exist in the language processing market 

[1]. 

3.4. Time 

The task is to automatically detect, bracket and normalize 

relevant time expressions mentioned in the papers. Detection 

refers to the systems’ capability to recognize time expressions 

within an input text. Bracketing concerns systems’ capability 

to correctly determine the extension of a detected time 

expression.  

Temporal normalization (or resolution, grounding) is the 

task of mapping from a textual phrase describing a potentially 

complex time, date, or duration to a context-independent, 

easy-to-use temporal representation. For example, possibly 

complex phrases such as the week before last are often more 

useful in their normalized form – e.g., August 1 - August 7. 

This is in its own right a difficult problem. To illustrate, 

the past and 3 months each have independent and very 

different interpretations, yet the past 3 months is completely 

different from either. In addition, temporal expressions are 

often ambiguous, either in the syntactic structure (e.g. [last 

Friday] the 13th vs. last [Friday the 13th]) or its pragmatic 

content (e.g., Friday could be either the previous or next 

Friday). In our pilot we have experimented with Duckling 

which parses temporal expressions described in many ways 

[2]. 

3.5. Spectrum 

Spectral entity recognition is a subtask of the broader 

named-entity recognition task that seeks to locate and classify 

named entities into predefined categories such as persons, 

locations, organizations, companies, quantities, time 

expressions, monetary values, etc. 

Temperature and energy, angular distances, spectral lines 

and ions, are types of named entities that need to be annotated 

in order to train a named entity recognition engine that will 

be able to accurately detect these types in the papers. Once 

we have adequate training data, we can use a named entity 

recognition system in order to build our recognizer [3]. 

3.6. Instrument 

Names and acronyms of missions and instruments appear 

in the papers in their standard form, which means that a name 

search will be adequate to detect them. In most papers  

the first mention uses the full name while subsequent 

mentions use the acronym. 

3.7. Linking 

Building semantic representations from text corpora is the 

first step to perform more complex tasks such as text 

entailment, enrichment of knowledge bases, or question 

Figure 2: An example of dependencies among words of a sentence that contains an instrument, a mission and a temporal expression 
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answering. The dependency parsers are commonly used as a 

semantic representation in natural language understanding 

and inference systems [4].  

Our task in the project is to link the instruments to the 

measurements/observations and to the time expressions in the 

sentences where they co-occur. Once we find the relation 

between instrument, observation and time, then we will be 

able to link the specific time expression to the ObsIDs in the 

ESA database. Two general methodologies that we can apply 

in order to link the papers’ observations to the ESA database 

are semantic parsing and classification. 

3.7.1. Semantic parsing 

Semantic refers to meaning, and parsing means resolving 

a sentence into its component parts. As such, semantic 

parsing refers to the task of mapping natural language text to 

formal representations or abstractions of its meaning. . There 

are several models built using the results of the syntactic 

analysis, which are usually referred to as shallow semantic 

processing: semantic role labeling [5], conceptual 

dependencies, logical forms, etc. The main reason 

computational systems use semantic roles is to act as a 

shallow meaning representation that can let us make simple 

inferences that aren’t possible from simple representations 

such as the bag-of-words, or even from the parse tree [6]. 

Broadly speaking, we can classify the attempts to add 

semantic knowledge to a parser in two sets: using large 

semantic repositories, such as WordNet or similar ontologies, 

and approaches that use information automatically acquired 

from corpora. One method that has showed good results is to 

semantically enrich the input by substituting content words 

with their semantic classes.  

In Figure 2, which depicts the result of the dependency 

parser, we use the semantic class observation in order to 

represent all the content words such as obtained that are 

identified by the parser and that correspond to the meaning of 

a measurement/observation within the papers. We can see the 

arrows (dependencies) between the named entity of the 

instrument Faint Object Spectrograph of the Hubble Space 

Telescope and the verb obtained, as well as between the date 

January 1992 and the verb obtained. Thus, we can link the 

instrument to the date and the observation and then we can 

link the canonical form of the date to the database which also 

contains the canonical form of the dates of the observations. 

3.7.2. Classification 

Another way to address the problem is as a classification 

task where, given a sentence that contains mentions of 

instruments (recognized by the given seed list), observations 

(semantic class) and time expressions (temporal recognizer), 

the system has to decide whether they are linked or not. In the 

last years, the most successful methods model the structural 

information of the sentence into a character, word or sentence 

embedding, by using convolutional neural networks with 

various configurations [7]. Embedding layers take a sequence 

of words as an input and produce a sequence of corresponding 

vectors as an output. In order to learn the embeddings we can 

use a pre-trained set of embeddings and jointly fine-tune it for 

our particular dataset.  

Neural network text classifiers typically follow the same 

architecture: embedding, deep representation, fully-

connected part [8]. The most straightforward and reliable 

architecture is a multilayer fully connected text classifier 

applied to the hidden state of a recurrent network. An 

alternative way to train a deep text classifier is to use 

convolutional networks. 

4. CONCLUSION 

We conducted a small-scale experiment on 40 papers 

equally distributed among four ESA missions. The purpose 

of the pilot was to inspect the data and to understand the 

linguistic phenomena that occur in the texts, in order to 

identify a methodological framework that can be applied and 

meet the project’s requirements, as described in the previous 

sections. 

As a next step, we will proceed with the full-scale project 

of one mission, i.e. Rosetta. Since the techniques described 

above are data-driven, we will need the full dataset of the 

Rosetta papers in order to design the modules of the system 

and to fine-tune and run the algorithms. Machine learning 

systems are data intensive and the corresponding algorithms 

will learn on the full dataset in order to achieve optimal 

accuracy. Once we successfully tackle the problem for 

Rosetta, then we can move to the other ESA missions by 

replicating and fine-tuning the methodology, and learning 

from new data, as well as our experience from working with 

the Rosetta material. 
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ABSTRACT

The new generation of environmental satellites with in-
creased spatial and spectral resolutions imposes critical chal-
lenges for the processing of the Big Data. This work employs
the newly-developed full-physics inverse learning machine
(FP-ILM) to estimate vertical distributions of ozone from
Global Ozone Monitoring Experiment – 2 (GOME-2) mea-
surements and analyzed its performance. The obtained ozone
profile shapes are further used to derive the vertical column
density of ozone. The main advantage of FP-ILM is that, un-
like classical retrieval algorithms, the ozone profile retrieval
is formulated as a classification problem, producing a signif-
icant speed-up and reliable accuracy. The time-consuming
radiative transfer computations and neural network training
are performed off-line and do not introduce additional perfor-
mance bottlenecks in the whole processing chain. Therefore
FP-ILMs are suitable for processing remote sensing Big Data.

Index Terms— Atmospheric remote sensing, ozone, FP-
ILM, machine learning

1. INTRODUCTION

Investigation of vertical distributions of atmospheric ozone
offers useful information on photochemical and dynamical
processes as well as the transport of pollutants. For several
decades, remote sensing instruments mounted on various
platforms (e.g., satellite, balloon, aircraft) have been uti-
lized to measure vertically integrated column density and the
concentration profile of ozone. In particular, satellite remote
sensing of ozone measuring the UV radiation has been rapidly
reaching maturity. Past European sensors dedicated to ozone
monitoring include GOME (Global Ozone Monitoring Ex-
periment) on the ERS-2 satellite, SCIAMACHY (SCanning
Imaging Absorption spectroMeter for Atmospheric CHar-
tographY) on the Envisat satellite, OMI (Ozone Monitoring
Instrument) on the NASA’s Aura satellite, and the GOME-2
spectrometers aboard MetOp series of satellites. In October,
2017, TROPOMI (TROPOspheric Monitoring Instrument)
mounted on the Copernicus Sentinel-5 Precursor (S5P) satel-
lite was launched, which focuses on spatial and temporal
variations of tropospheric ozone and other trace gases re-
lated to air quality and climate change, as well as clouds and

aerosols. Last but not least, the European satellites for atmo-
spheric monitoring will be followed by the future Sentinel-4
and Sentinel-5 missions.

These instruments have been expected to provide accu-
rate and timely observations of key atmospheric species, for
services on air quality, climate forcing, UV and the ozone
layer. The daily global observations will be used for im-
proving air quality forecasts as well as for monitoring the
concentrations of atmospheric constituents. Trend monitor-
ing is very important to verify that policies implemented to
control emissions to the atmosphere are effective. In particu-
lar, with its global coverage and improved spatial resolution,
TROPOMI/S5P will open a new era of challenges regarding
big data and the processing capability.

Although ozone profiles can also be retrieved from these
aforementioned remote sensing instruments, current algo-
rithms are time-consuming and therefore may not be suitable
for near-real-time applications. As these algorithms often use
means of regularization methods to tackle the ill-posedness
and some a priori knowledge (such as climatology) about
the atmospheric state variables to impose the constraint.
However, convergence issues may arise when the constraint
strength is not chosen wisely [9], or when the constraint
shape cannot represent the solution. Precise knowledge of an
ozone profile shape is essential for accurate determination of
ozone vertical column density through the atmosphere. Most
ultraviolet (UV) based total ozone retrieval algorithms use an
external ozone climatology that may differ from the actual
vertical distribution of ozone.

In atmospheric remote sensing, we often require a radia-
tive transfer modeling that is sometimes a bit too complicated
and has to be precisely carried out. Furthermore, multiple
calls to a forward model can be computationally prohibitive.
Machine learning turns out to be a promising solution to these
issues. A new retrieval framework based on machine learning
techniques for estimating ozone profile shape was proposed
in [10], and the comparison of retrieved ozone profiles from
GOME-2 data between our algorithm and the optimal estima-
tion method [7] reaches an encouraging agreement.

This paper extends the ability of the FP-ILM retrieval to
use ozone profile shapes on total ozone retrieval for GOME-2
measurements.
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Fig. 1. Forward and inverse problems.

2. METHODOLOGY

In atmospheric remote sensing, the inverse problem is the pro-
cess of deriving geophysical quantities from a given set of
measurements. It is often referred to as a retrieval problem or
simply inversion.

In the classical approach, the inverse problem is solved
by reducing it to an exercise in optimization. The main idea
behind this method is to minimize the cost function based on
the residual between simulated and observed data by finding
an appropriate state vector. A non-linear inverse problem is
solved iteratively. Assuming an a priori state vector, a non-
linear forward model is linearized around it. Then, the lin-
earized model can be easily inverted and a new estimation
for the state vector can be found. However, this inversion
method is very time-consuming, due to repeated calls to com-
plex radiative-transfer (RT) forward models that simulate ra-
diances and Jacobians, and subsequent inversion of relatively
large matrices.

Most machine learning algorithms do not consider the op-
timization problem explicitly. Rather, they learn from a given
dataset and make predictions regarding parameters of inter-
est. In this context, we have developed a new type of al-
gorithm designed for solving inverse problems, called full-
physics inverse learning machines (FP-ILMs). Conceptually,
the FP-ILM consists of a training phase, wherein the inver-
sion operator is obtained using synthetic data generated using
a radiative transfer model (which expresses the “full-physics”
component), and an operational phase, in which the inversion
operator is applied to real measurements. The main advan-
tage of the FP-ILM over the classical optimization approach
is that the time-consuming training phase involving complex
RT modeling is performed off-line; the inverse operator itself
is robust and computationally simple.

Our objective can be seen as a handling of the fundamen-
tal functional relationship between the forward problem and
the inverse problem, which is illustrated in Fig. 1. The for-
ward problem deals with the simulation of spectral radiances
in the Hartley-Huggins absopption band.

The design of the FP-ILM algorithm was initially inspired
in [5], and was specially adapted for deriving volcanic SO2

plume height from GOME-2 UV data in Efremenko et al. [3].
In this work, the FP-ILM algorithm was designed to estimate
an ozone profile shape from a given spectral spectrum. The
principal advantage of this data-driven approach is its “sim-
plicity” — the retrieval of the atmospheric parameter of in-
terest can be easier than the classical inversion methods af-
ter the coefficients are determined from the training phase.
Also note, that in the FP-ILM approach the inverse operator
is trained directly, so no additional inversion is required.

2.1. FP-ILM training phase

The FP-ILM algorithm for ozone profile shape retrieval is de-
scribed in detail by Xu et al. [10], and is summarized here for
completeness. The training phase consists of the following
main steps:

• clustering of various ozone profile shapes extracted
from two ozone climatologies;

• computing GOME-type UV spectra with representative
O3 profiles from each cluster;

• deriving differential spectra using a low-order polyno-
mial;

• assigning an O3 profile class corresponding to a given
spectrum; and

• estimating the O3 profile shape by scaling to a given
total column density.

Thus, the initial problem of ozone profile retrieval is split-
ted into to separate problems: the ozone total column retrieval
and the ozone profile shape retrieval. A schematic diagram
of the FP-ILM algorithm during its training and operational
phases can be found in Fig. 1 of [10].

The clustering of ozone profile shapes was implemented
by the k-means clustering procedure. The reference ozone
profiles were extracted from the Bodeker Tier 1.4 database [1]
which describes ozone profile variations as functions of time
and region, including the seasonal evolution of the Antarc-
tic ozone hole. The Bodeker database was merged with the
McPeters/Labow ozone climatology [4] combining data from
the MLS (Microwave Limb Sounder) aboard the Aura satel-
lite with data from balloon sondes (1988–2010) in order to
better represent tropospheric ozone concentrations.

The UV spectra that resemble GOME-type measure-
ments from representative ozone profiles from each cluster
were simulated by the radiative transfer model VLIDORT
(Vector LInearized Discrete Ordinate Radiative Transfer) [8].
The computations were performed in the Hartley-Huggins
absorption band (280-335 nm). Note that the spectrum in
the 280-325 nm wavelength range is sensible to the ozone
profile, while the rest part of the spectrum is usually used
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for ozone total column retrieval. the influence of the slit
function is modelled by convolving the ozone absoption
cross-section with the slit function. Particularly, the “smart
sampling” technique [6] was employed to optimally cover
the multi-dimensional input space and to concurrently min-
imize the number of samples to be generated (i.e. the calls
to the radiative transfer model) to describe the output space.
Essentially, the smart sampling technique is based on the
Halton series which are superior over the equidistant grid
series. Then, a third-order polynomial fit in the wavelength
domain was performed in order to obtain differential spectra
Iδc (λ) = Iδ(λ) − PN (λ,pc), where Iδ(λ) and PN (λ,pc)
are synthetic noisy spectra and a polynomial with an order of
N , respectively, and the vector of polynomial coefficients pc

tackles the minimization problem

pc = argmin
p

‖Iδ(·)− PN (·,p)‖2 . (1)

In practice this step can largely remove instrumental artefacts
including degradation in the observed spectrum and other
factors which are not directly accounted for in the forward
model.

For the last steps, we utilized two sets of neural network
(NN) techniques performing different functionalities. The
first NN classifies the ozone profile shape corresponding to
a given data vector and its corresponding model parameter
vector, while the second NN ensemble derives a nonlinear
scaling function for each individual cluster, yielding scaled
ozone profile shapes according to the total ozone.

2.2. Total ozone retrieval

Many operational algorithms for total ozone retrieval are
based on the Differential Optical Absorption Spectroscopy
(DOAS) techniques, i.e., the vertical column density V is
determined from the fitted slant column density S using the
iterative scheme

V i+1 =
S/M i

ring

(1− φ)Aiclear + φAicloud
, (2)

where the superscript indicates the number of iteration step.
Aclear and Acloud are the air mass factors for clear-sky and
cloudy scenarios, respective, which require our retrieved
ozone profile shapes. Mring is the molecular Ring term, and
φ is the intensity-weighted cloud fraction.

During the operational phase, we implemented the inverse
functions (i.e., both trained NNs) derived from the training
phase in the framework of total ozone retrieval. Since the
conversion from A to V is an iterative process, the profile
shape estimated from at the current iteration was used to ob-
tain the next iterate of V . With the newly retrieved V , the
ozone profile shape was further adjusted.

Fig. 2. Comparison of retrieved total ozone vertical column
densities between the DOAS-based retrieval using the FP-
ILM profile (top) and the GDP 4.8 product (bottom) from
GOME-2 data.

3. FIRST RESULTS

Figure 2 depicts the retrieved total ozone from GOME-2 data
on November 25, 2017. It can be identified that both re-
trievals using the two ozone profile schemes agree well, in-
dicating that the FP-ILM profile shape used in the total ozone
retrieval seems reasonable and may reflect the actual measure-
ment conditions.

More importantly, the computational effort was drasti-
cally reduced using the FP-ILM algorithm. According to
[2], an OEM-based single profile retrieval converges in less
than 10 iterations and typical computation time is 20–30 s;
whereas the FP-ILM prototype algorithm normally takes less
than 0.5 s. The operational processor using FP-ILM ran about
almost three orders of magnitude faster. It should be noticed
that the most time-consuming steps were the radiative trans-
fer computations and the following NN trainings,which are
conducted off-line.
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4. CONCLUSIONS

The FP-ILM algorithm uses typical machine learning tech-
niques to characterize ozone profile shapes from GOME-type
sensors in a very efficient manner and can be easily adapted to
other hyperspectral UV instruments. The FP-ILM comprises
the radiative transfer model. However the time consuming
computations are performed off-line. The resulting operator
is computationally simple and fast.

Optimization is currently ongoing to better integrate the
FP-ILM algorithm to the operational processing system Uni-
versal Processor for UV/VIS Atmospheric Spectrometers
(UPAS) at DLR. Further work will place an emphasis on
the NN jacobians (derivatives of the outputs with respect
to the inputs) for a retrieval error characterization. The re-
trieval sensitivity of the profile shape retrieval will also be
investigated.

The FP-ILM framework will be used for the near-real-
time processing of the new European Sentinel sensors with
their unprecedented spectral and spatial resolution and corre-
sponding large increases in the amount of data.
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MULTI-TEMPORAL LAND COVER CLASSIFICATION USING SENTINEL DATA AND THE
EO-LEARN OPEN-SOURCE PYTHON PROJECT

M. Lubej, M. Aleksandrov, M. Batič, M. Kadunc, G. Milčinski, D. Peressutti, A. Zupanc

Sinergise d.o.o., Ljubljana, Slovenia

ABSTRACT

Land cover mapping and monitoring have a paramount role
in understanding and managing changes in territory and their
impact on the ecosystem. The advent of open-access satellite
data and advances in data processing and analysis has opened
up new possibilities to compute large-area land cover maps at
high spatial resolution.

In this paper, we present a start-to-end workflow to gen-
erate a land cover map for Slovenia. We do this by using eo-
learn, a framework to handle multi-temporal and multi-source
satellite data, both in raster and vector format. The frame-
work allows splitting the area-of-interest (AOI) into smaller
patches, that can be processed with limited computational re-
sources, and allows automation of the processing pipeline.
The framework consists of open-source Python packages and
is designed to facilitate prototyping and building of end-to-
end Earth Observation applications.

In the presented workflow, we use the annual Sentinel-2
images to construct a machine learning model. We report on
the steps required to build such a pipeline and on how to best
optimize them. To foster the exploitation of open-access data
and the uptake of technologies, the complete pipeline – from
data processing to predicting the labels – is open-source. This
allows for the reproducibility of the process or even its further
optimization, which fits one’s purpose.

Index Terms— machine learning, land cover classifica-
tion, open-source

1. INTRODUCTION

Accurate land cover mapping has a paramount role in describ-
ing and analyzing the environment and its changes, in par-
ticular concerning the management and monitoring of natu-
ral resources, human-made activities, and their impact on the
ecosystem dynamics [2, 3]. In recent years, local, national
and international authorities have been increasingly relying
on land cover information for territory management and pol-
icy making, although decision-makers are not yet exploiting
the full potential of such information [1].

eo-learn was developed under the Perceptive Sentinel European
H2020 project.

The advent of open-access satellite imagery (e.g. avail-
able through the Copernicus programme), and new image
processing and machine learning techniques have allowed the
production of land cover maps for large areas using multi-
temporal and multi-source data. Wulder et al. [3] describe
this evolution in generating land cover maps as the Land
Cover 2.0 paradigm. Instances of this paradigm include the
work of Midekisa et al. [5], where fifteen years of Land-
sat images were processed to produce a land cover and land
use change maps over continental Africa. Authors visually
inspected images retrieved from Google Earth to generate
training labels and employed random forest for the super-
vised classification. Inglada et al. [4] proposed a method
for the automatic land cover mapping of the entire region of
France using annual Landsat imagery. Training labels were
created by combining existing and outdated land cover maps.
A stratified classification based on climate areas was used,
using random forests as base classifiers. Prediction labels and
prediction confidence were generated for the 2014 year. For a
more comprehensive review of land cover mapping methods
using time-series, refer to [2].

Despite these substantial advances in the field, land cover
monitoring mostly remains a research topic, with land cover
maps at national and global scale being mainly produced by
large consortia of research and commercial centers. Main
reasons for a delayed commercial exploitation lie in the high
computational resources required for downloading, process-
ing and storing data. In this paper, we propose a machine
learning framework to generate land cover maps using open-
access, multi-temporal Sentinel-2 images and open-source
tools. The framework focuses on optimizing data processing
using limited resources and data parallelization. The frame-
work could enable entry into the field for small-size research
and commercial entities, as well as citizens. For this reason,
to foster the uptake of technologies, improve on the cur-
rent state-of-the-art, and stimulate the development of Earth
Observation applications, we open-source the code used to
generate the land cover map.

2. MATERIALS

In this work, the framework was used to generate a land cover
map of the Republic of Slovenia for the year 2017. The inputs
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to the framework are a shape-file defining the geometry of the
AOI, the Sentinel-2 L1C images for the entire year, and a set
of training labels. A key advantage of the framework over
existing ones is the possibility to automatically split the AOI
into smaller areas, which can be more easily handled with
limited computational resources. Avoiding to download and
process entire tile products (e.g. Sentinel-2 granules) provides
flexibility and facilitates automation of processing pipelines.

2.1. Image data

Splitting the AOI into smaller patches and downloading
Sentinel-2 L1C bands for each patch was executed using
sentinelhub-py, a Python package1 that acts as a wrap-
per for the Sentinel-Hub OGC web services. Sentinel-Hub
services are subscription-based, although free accounts for
research institutes and start-ups are available. An alternative
method to retrieve satellite imagery for areas of any given
size is by querying products encoded as Cloud-Optimised
GeoTiffs (COG). Sentinel-2 L2A products could be used in-
stead of L1C products, or additional imaging sources (e.g.
Landsat-8, Sentinel-1) could be similarly added to the pro-
cessing pipeline.

Cloud masks were generated using the open-source
s2cloudless2 Python package, which applies a pre-
trained machine learning classifier to Sentinel-2 L1C products
to produce cloud probability and cloud masks.

2.2. Label data

The pipeline presented here uses supervised machine learning
models for land cover classification, however, the framework
can be used for any processing or machine learning task.
Training and validation labels were obtained from the Slove-
nian Ministry of Agriculture, Forestry and Food. Datasets
from the year 2002 are freely available to download in vector
format and can be used for land cover change studies. The
original labels were mapped to 10 land cover classes (cul-
tivated land, forest, grassland, shrubland, water, wetlands,
tundra, artificial surface, bareland, snow and ice) using the
definition from the GlobeLand30 map [6]. These labeled
datasets are also available on the open-access cloud-based
GIS Geopedia, so that they can be queried and retrieved
through OGC web requests.

If labeled datasets are not available, as can be the case in
real-world applications, a consensus dataset can be derived
from a combination of open-source land cover maps at dif-
ferent spatial resolutions (e.g. Corine Land Cover, Open-
StreetMap, Climate Change Initiative Land Cover), as de-
scribed in [4].

1sentinelhub-py is available on PyPI and GitHub
2s2cloudless is available on PyPI and GitHub

2.3. Processing framework

The eo-learn3 Python package was used to build the pro-
cessing pipeline to train and validate a machine learning
model. eo-learn allows processing multi-temporal and
multi-source remote sensing data, both in raster and vector
format. A pipeline in eo-learn is defined as a connected
acyclic graph of well-specified tasks to be performed on the
data. Example tasks include data retrieval and rasteriza-
tion, cloud and snow masking, co-registration, interpolation,
feature manipulation, and geometric sampling. Tasks are
modular and allow users to easily implement their own. The
Python environment allows to use the many available pack-
ages for data analysis and machine learning, and quickly
prototype and test EO applications. eo-learn supports
parallelization of operations, such that the same workflow
(e.g. data preparation for land cover classification) can be
run in parallel for the smaller patches constituting the AOI.
Logging and reporting allow to monitor and debug the execu-
tion of the processing pipeline. Being an open-source project,
contributions from users help to improve the scale and scope
of the supported features.

3. METHOD

The automated pipeline for predicting the land-cover labels is
similar to [4] and follows the following setup:

1. Split the AOI into manageable chunks (based on avail-
able computing resources);

2. Create AOI patches and fill them with information
(Sentinel-2 band data, cloud maps, reference maps,
etc.);

3. Spatially sample pixels inside each patch;
4. Interpolate the time-series and re-sample to unified

dates;
5. Train and validate the machine-learning model.
The code implementing this pipeline is available in the

examples/land-cover-map directory of the eo-learn
GitHub project.

3.1. Splitting the AOI

The boundary of the Republic of Slovenia was taken from
Natural Earth and a buffer was added. The bounding box of
the AOI has a size of about 250 km× 170 km. The AOI was
split into 25 × 17 equal parts, which resulted in about 300
patches of about 103 px × 103 px at a 10 m resolution. The
splitting choice depends on the amount of available resources,
so the pipeline can be executed on a high-end scientific ma-
chine with a large number of CPU’s and a large memory, as
well as on a laptop. The output of this step was a list of bound-
ing boxes, covering the AOI as shown in Figure 1.

3eo-learn is available on PyPI and GitHub
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Fig. 1. Splitting of the country into smaller chunks.

(a) True Color (b) Cloud Mask

(c) Ground Truth (d) NDVI

Fig. 2. Example of a patch with the contained information:
true color (a), cloud mask (b), ground truth (c) and NDVI (d).

3.2. Creating and adding information to AOI patches

The bounding boxes covering the AOI were used to create
patches where the information for the corresponding area was
stored. Given the time interval of interest (e.g. from 2017-01-
01 to 2017-12-01), eo-learn used the sentienlhub-py
package to download the six Sentinel-2 bands (B2, B3, B4,
B8, B11, B12) for each patch. The s2-cloudless cloud
detector was subsequently used to obtain the cloud probabili-
ties and cloud masks. From the cloud masks and from the out-
put of Sentinel-2 image data one can construct a mask of valid
pixels over the entire AOI and time interval, providing infor-
mation about non-cloudy scenes in the satellite swath. Addi-
tional band combinations were calculated in order to obtain
more complex features such as normalized difference vegeta-
tion and water indices (NDVI, NDWI) and the euclidean norm
of the used bands (NORM).

Ground truth information is obtained in a vector format,
which is then rasterized over the given bounding box and
added to the patch. Figure 2 shows information contained
within an example patch.

3.3. Spatial sampling

A random spatial sampling of patches is performed to select
time-series of pixels which are used for ML model training.

Fig. 3. Visualization of a time-series interpolation. The image
on the left shows the time-series with missing data (invalid
pixels, clouds, etc.), while the image on the right shows the
time-series after the interpolation procedure.

The random sampling is uniform throughout the patch, inde-
pendently of the labels. Prior to sampling, erosion with a disk
size of 1 pixel is performed, in order to remove single pixels,
pixel-wide structures, and pixels on the borders of land cover
classes, where substantial class mixing is possible. An alter-
native sampling strategy would be to over-sample and under-
sample label classes to provide the same number of samples
per class.

3.4. Time-series interpolation and resampling

Due to non-constant acquisition dates of the satellites and ir-
regular weather conditions, missing data is very common in
the field of EO. One way to tackle this problem is to apply the
mask of valid pixels in the time series and interpolate the val-
ues in order to "fill the gaps" due to missing data, as visualized
in Figure 3. After the interpolation, values at uniform or non-
uniform dates can be evaluated to unify the dates among all
the patches for an arbitrary size of the multi-temporal stack.

3.5. Training the ML model

As the pixels in the patches are spatially sampled and their
values interpolated, the pixels and labels are accumulated
over all the patches. Time frames of all the features act as
independent features of the ML model, so training data has
shape n × m, where n represents the number of all training
points, where each point has m = f × t features, corre-
sponding to f features in the information dimension, and t
corresponding to the number of resampled dates. The data
sample is split at the patch-level into training and test sam-
ples, according to the 80 : 20 rule, and the obtained training
data is further split into the training and cross-validation sam-
ple, according to the same rule as above. With the model
setup of f = 9, t = 45 and with the number of training
pixels of about n = 7.5× 106, the ML model takes about and
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Table 1. Per-class validation metrics of the optimal ML
model. Values are in %.

Class F1 score Precision Recall
Cultivated land 89.9 86.6 93.5
Forest 98.5 99.3 97.7
Grassland 88.5 91.3 85.8
Shrubland 51.6 40.3 71.9
Water 93.4 94.7 92.0
Wetlands 16.0 11.3 27.3
Artificial surface 88.9 87.0 91.0
Bareland 86.4 88.6 84.4

Table 2. Results on the cloud coverage effect.
Set-up Weighted F1 score Overall accuracy
Case A1 93.1 92.8
Case A2 94.2 94.0
Case A3 94.4 94.1

hour to train with the default hyper-parameter settings. The
cross-validation sample is used for optimization, such as ML
model hyper-parameter optimization, while the model valida-
tion is performed on the test sample. Light Gradient Boosting
Machine (LightGBM) was used as machine learning model.

4. RESULTS

The trained model was used to predict the labels on the test
sample and the obtained results were then validated. In Ta-
ble 1 we present the per-class F1 score, precision and recall
for the optimal model. The overall accuracy and F1 score
are reported for the B3 case in Table 3. Additionally, we per-
formed several experiments where, for example, we evaluated
how different cloud coverage or temporal resampling affect
the ML model performance. Few of these experiment results
are shown in Table 2 with cases A1 (no cloud filtering and no
gap-filling), A2 (with cloud filtering and no gap-filling) and
A3 (with both cloud filtering and gap-filling), or in Table 3
with cases B1 (uniform temporal resampling at 16-day rate),
B2 (uniform resampling at 8-day rate) and B3 (non-uniform
resampling with frequency equal case B2). In general, poor
prediction was achieved for under-represented classes such as
wetlands and shrubland. The full extent of experiments will
be shown at the conference.

Table 3. Results on different resampling techniques.
Set-up Weighted F1 score Overall accuracy
Case B1 94.4 94.1
Case B2 94.5 94.3
Case B3 94.6 94.4

5. DISCUSSION AND CONCLUSIONS

The aim of this work was to showcase the use of open-source
tools to build Earth Observation applications. In particular,
land cover mapping over large areas using machine learning
and annual Sentinel-2 images was described. The pipeline
was inspired by the work of Inglada et al. [4], although the
modularity of the framework supports implementation and
extension to custom algorithms and processing tools. The
proposed pipeline is designed to be generic and applicable
to AOI of different size and location, although optimization
of the parameters was investigated for a simple use-case (i.e.
Slovenia land cover for the year 2017). Therefore, accuracy
results may not generalize to other AOI. Moreover, in this
work, high-quality label data was employed. The use of
different open-source labels for the training of the machine
learning model, as in [4], might lead to worse accuracy re-
sults due to discrepancies in spatial resolution and out-of-date
information. Future work will investigate and report on the
influence of such an approach on the results. The influence
of different classification algorithms, such as convolutional
networks, will also be further investigated and reported.

The proposed pipeline was built using open-source Python
tools that allow to automatically process remote sensing data
with limited computational resources. The proposed frame-
work can be used to build Earth Observation applications
quickly and efficiently. We open-source the code used to
generate the land cover map to facilitate entry to the field of
Earth Observation for small and medium-sized enterprises
and research centers.
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HOW MANY ROADS? OBJECT SEGMENTATION ON SATELLITE IMAGERY
IN A PRODUCTION ENVIRONMENT

Iris Wieser, Peter Schauer, Martin Angelhuber, Martin Riedl, Paul Fischer, Elisa Canzani

Industrieanlagenbetriebsgesellschaft (IABG) mbH
Ottobrunn, Germany

ABSTRACT

Developing automated information extraction methods is in-
dispensable for handling the large amount of satellite imagery
operated by governments and businesses around the world.
Recent advances in the area of deep learning have success-
fully contributed to automating traditional object detection
tasks. This work applies a well-known convolutional neural
network (CNN) to extract roads from satellite images which
are diverse in terms of spatial resolution, landscape, viewing
angle, and other properties. We first conduct several experi-
ments by training a U-Net based network on high-resolution
satellite imagery of 11 regions in 3 continents. In a second
step, we apply another network trained on thinned targets,
followed by a centerline algorithm and a custom simplifica-
tion algorithm to transform the results to a connected vector
representation. In this paper, we propose a complete work-
flow for automated road extraction with a special focus on the
applicability in a vector data production environment.

Index Terms— Deep Learning, Semantic Segmentation,
Remote Sensing, Convolutional Neural Network, Road Ex-
traction

1. INTRODUCTION

Retrieving information from high-resolution satellite imagery
is essential for a wide range of application fields, such as mo-
bility, agriculture, and defense. A common approach to ex-
tract features is to manually segment or vectorize the images.
This is a time-consuming task and requires a high level of
expertise. Therefore this approach does not scale well to the
drastically increasing amounts of satellite data available.

Most established approaches for automating object recog-
nition tasks are limited to specific scenarios (e.g. land cover)
or satellite specifications (e.g. resolutions), such as [9]. Due
to these generalization limitations, they often fail to meet cus-
tomer quality requirements.

Novel network architectures proposed in the field of deep
learning, such as U-Nets [10], received particular attention for
their performance in pixel-wise semantic segmentation and
their generalization capabilities. They have been applied suc-
cessfully to one-class segmentation tasks, such as road detec-

tion [1, 7], and multi-class segmentation tasks [3, 5], such as
detection of vegetation, buildings, water bodies and so on.

The segmentation output is usually represented as a raster
graphic. However, for many practical applications the output
needs to be in a vector format. There are several methods
to convert raster representations of line features, like roads or
rivers, to vector representations and create simplified and con-
nected graphs. For example, Haunert and Sester [2] present
an automatic approach to create road centerlines using special
characteristics of straight skeletonization algorithms. Máttyus
et al. [6] suggest a shortest path algorithm to close missing
connections in the extracted road graph.

While most research investigates single aspects of road
detection with a major focus on algorithmic challenges [8],
we explore the application of deep learning for road detec-
tion in geo-data production environments towards leveraging
rapid-mapping applications like disaster mapping. For this,
the models need to a) generalize well to different satellite
scenes with different spatial resolutions, regions in the world,
seasons, and so on and b) be efficient in terms of training and
prediction time, and c) provide a vector data output for sub-
sequent processing.

In this paper, we propose a workflow that is applicable
in a geo-data production environment. We refer to road de-
tection for demonstration purpose. In general, our approach
can be applied to other domains to support different object
segmentation tasks in satellite image analysis, like coniferous
forest segmentation. Based on manually - and thus highly ac-
curate - labeled satellite scenes taken from different regions
in the world, our approach is highly generic in terms of dif-
ferent scenarios and satellite specifications. By using model
ensemble methods and postprocessing steps, we can generate
an accurate vector representation of the road network from
satellite imagery, while taking into account the requirements
of production environments.

2. DATA

For training, high-resolution satellite images with a spatial
resolution of 1m are used. So far, we selected 19 areas of
interest (AOI) and labeled them manually with ArcGIS. The
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Fig. 1. Our proposed workflow to extract road vectors from satellite imagery in a production environment.

selected AOIs contain both rural and urban areas of 11 re-
gions in 3 different continents (i.e. Europe, Africa, and Cen-
tral America). In total, the imagery currently covers a surface
of about 420 km2.

To test the transferability of our workflow to other sce-
narios (e.g. seasons, climate zones) and sensor specifications
(e.g. spatial and radiometric resolution, viewing angles), we
use satellite imagery from various satellites, such as SkySat,
Planet Dove, Sentinel-2 and others.

3. METHODOLOGY

Fig. 1 illustrates our proposed workflow, which we imple-
mented in Keras. It consists of two phases: prediction and
postprocessing. We use an input size of (512, 512) with 3
channels (RGB). These input images are classified at pixel
level as roads in the prediction phase. In the postprocess-
ing phase, the conversion from raster to vector representa-
tion takes place in three steps. First, we use another U-Net
to thin the detected roads and fill gaps in the road network.
This is an important preparation for the second step, the con-
version from raster data to centerlines, and eventually vector
data. The third step is the simplification of the vector data.

For the prediction, we use the network architecture shown
in Fig. 2, which is based on the U-Net architecture originally
proposed by Ronneberger et al. [10]. The U-Net is an adap-
tion of a fully convolutional network specifically designed to
solve segmentation problems.

Our architecture consists of 3 downsampling blocks for
encoding and 3 upsampling blocks for decoding. A down-
sampling block has 3 convolutional layers and a max pooling
layer of size (2, 2). Each convolution layer consists of a con-
volution, a batch normalization and a ReLu activation func-
tion. Conversely, an upsampling block has 3 convolutional
layers and a transposed convolutional operation. The number
of filters is increased after every block by a factor of two in the
decoding part and decreased by a factor of two in the encod-
ing part. For training we use an Adam optimizer with a loss
function that is a convex combination of the cross-entropy and

Convolution (3,3)

Upsampling (2,2)

Pooling (2,2)

Sigmoid

32 filter

64 filter

128 filter

256 filter

Fig. 2. The applied network architecture based on a fully con-
nected U-Net. The amount of filters duplicates by each down-
sampling block.

the negative logarithm of the Jaccard index as in [1], i.e.

L(X, X̂) = αH(X, X̂)− (1− α) log(J(X, X̂)),

where H is the binary cross-entropy and J is the Jaccard in-
dex.

For the prediction phase of our workflow, we have trained
3 models on images that contain mainly urban areas, while 2
models are trained on mainly rural-like regions. The images
are clustered as ”rural” and ”urban” by the amount of road
pixel in the target. Then, we average the predictions of these
5 models. The ensemble of these models allows an accurate
segmentation in both rural and urban areas.

For the postprocessing, we apply another network of the
same architecture which is trained using centerlines derived
from vector data as labels and the predictions of the first net-
work as features. We smooth these predictions by a filter and
use it as input for the raster to vector conversion. Then, we
convert the road polygons to their centerline. To fit quality
requirements for road vector data, junctions are generalized
and reconstructed with respect to topological and geometri-
cal features. We finally simplify the road lines by removing
unnecessary vertices within a specified distance.
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(a) Original satellite scene (b) Prediction (raster) (c) Postprocessing (vector) (d) Ground truth

Fig. 3. Intermediate outputs of the steps in our workflow.

4. RESULTS AND DISCUSSION

An example of intermediate and final outputs of our workflow
is shown in Fig. 3. From left to right, it shows a satellite im-
age with a spatial resolution of 1m (a) on which a pixelwise
object segmentation is applied by an ensemble of 5 models
(b) and is then converted to the final vector output (c). For
comparison, the manually created ground-truth vector is also
displayed (d). Note that all satellite scenes shown and dis-
cussed in this section have not been included in the training.

We have used 4 GPUs for training. Based on our train set
of roughly 420 km2 the training of 5 models took about 3 h.

Even though the prediction in Fig. 3 (b) appears rather
accurate, we face challenges in converting this raster graphic
to vectors, as it contains small segments of false positives or
false negatives. Therefore, postprocessing is necessary and
essential to obtain a meaningful vector representations.

During development we noticed that commonly used met-
rics, such as the Jaccard index or F1 score, are not sufficient
to describe the correctness of the output. As they measure the
accuracy based on the raster graphic, they do not necessarily
yield a good estimate of the quality of the road network as
vectors. For example, those scores do not indicate if and how
many small missing segments exist. Thus, they can not infer
the connectedness of the vector graph which is an important
graph property for the usability of the output.

In a production environment it is important that the ob-
jects can be segmented a) to high accuracy, b) as vector rep-
resentations, and c) in a minimal amount of time. The big
advantage of the type of networks we implement is that they
can be adjusted to arbitrary size of input images. Hence, when
using a sliding window approach for predicting large satellite
scenes, one can tune the window size to best use the available
hardware. This allows deployment of the models on systems
with limited computational power and flexible distribution to
scale with increasing demand. A prediction of a 20 km2 scene
with a spatial resolution of 1m takes 4min using a NVIDIA
GTX 1060 graphic card (136min using CPU only). Thus,
the user can obtain a very good first impression of unknown
regions already before further postprocessing steps. Fig. 4
shows a satellite image of Nigeria. The OpenStreetMap data
is very sparse in this area, as shown in blue. However, our pre-

Fig. 4. Exemplary Planet Dove satellite image showing a
region in Nigeria with a spatial resolution of 3m. The corre-
sponding OpenStreetMap data is illustrated in blue. Our pre-
diction is shown in pink, given an impression of how many
roads truly exist in this region.

diction, illustrated in pink, allows the user to quickly extract
how many roads roughly exists in this scene.

Moreover, our workflow can be applied to satellite im-
agery with various satellite specifications. Fig. 5 shows 4
satellite images of different regions. They vary in their spa-
tial resolutions (from 1m to 10m) and include both urban
and rural areas. By the combination of prediction and post-
processing our workflow outputs connected vector represen-
tations for various satellite images. The final vector represen-
tations are illustrated in the second row on top of the corre-
sponding satellite image. Thus, our workflow can be easily
scaled for deployment in production as a part of automatic
feature labeling systems for satellite imagery analysis.

5. CONCLUSION

Satellite imagery is highly important for a wide range of
applications, such as topographic, land cover and disaster
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Fig. 5. Exemplary results of our proposed workflow. 4 different satellite images are shown in the top row. The bottom images
show the satellite scene with the vector output of our workflow (shown in pink).

mapping, as well as change detection. Due to the increasing
amount of satellite data and rapid change of infrastructures,
it becomes extremely relevant to automate the process of
object segmentation. We propose a workflow that enables
object segmentation in satellite imagery in a production en-
vironment. In particular, we demonstrate our workflow by
applying it to road segmentation tasks. Our generic method
comprises a prediction phase with several architectures fol-
lowed by various postprocessing operations. This workflow
allows an automatic extraction of a vector representation from
a satellite scene.

We obtain high computational efficiency by using fully
convolutional neural networks. The algorithm is able to pre-
dict a 20 km2 scene with a spatial resolution of 1m within
a few minutes on a middle class graphic card. This allows
the user to obtain almost immediately a first impression of
unknown regions. Another advantage is the diversity of our
dataset. We train our models on both rural and urban areas
to achieve a high transferability to regions not included in the
training set, while obtaining comparable results.
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ABSTRACT

Multi-GPU systems are in continuous development to
deal with the challenges of intensive computational big data
problems. On the one hand, parallel architectures provide a
tremendous computation capacity and outstanding scalability.
On the other hand, the production path in multi-user environ-
ments faces several roadblocks since they do not grant root
privileges to the users. Containers provide flexible strate-
gies for packing, deploying and running isolated application
processes within multi-user systems and enable scientific re-
producibility. This paper describes the usage and advantages
that the uDocker container tool offers for the development
of deep learning models in the described context. The ex-
perimental results show that uDocker is more transparent to
deploy for less tech-savvy researchers and allows the appli-
cation to achieve processing time with negligible overhead
compared to an uncontainerized environment.

Index Terms— Containers, uDocker, multi-GPU, deep
learning, classification, remote sensing.

1. INTRODUCTION

In this era of a growing number of earth observation satellite
and aerial platforms the volume, variety and acquisition rate
of remote sensed images have been dramatically increased.
This introduced remarkable challenges that lie within the en-
tire acquisition and processing data pipeline—i.e., the Vs of
big data [1, 2]. The interpretation of remote sensing images
is not straightforward and requires complex algorithms since
their content depends upon various factors, e.g., the sensor
resolution, the equipment unreliability, the type and amount
of noise, etc. Furthermore, the increased data volume and
demands of real-time applications require the use of high
scalable and parallel processing approaches. While modern
desktop computers and laptops having unprecedented perfor-
mance, e.g., multi-core architectures and built-in accelerators,
they are still limited in terms of computable problems due to
their memory constraints and raw floating-point operations
per second.

Having massive numbers of processors and memory avail-
able, multi-GPU systems can overcome these limitations and

provide processing capacity that well exceed traditional lap-
tops and work stations. Moreover, the utilized dedicated high-
speed networks, such as InfiniBand, enable strong vertical
and horizontal scaling of applications. Despite the impact of
these new architecture on traditional simulation sciences, par-
allel computing is currently experiencing focus and advance-
ments due to the current deep learning trend. Both of the lat-
ter domains influence each other in numerous ways [3] such
as, among others, refreshed attention to hardware and perfor-
mance engineering around tensor operations, the explorations
of scalability boundaries as well as the envisioning simplified,
parallel programming models. At the same time, deep learn-
ing has made revolutionary achievements for the analysis of
remote sensing images [4] possible.

Nevertheless, there are major factors that prevent multi-
GPU and -user systems from being the platform of choice for
researchers developing new deep learning models. It starts
with getting access and computing time on these machines,
but goes well beyond that. Users who develop deep learning
workflows want to focus first and foremost on the purpose
and the realization of their analysis pipeline. This in turn re-
quires them to be in full control of their programming library
stack and underlying system. However, in multi-user systems
administrators are usually in charge of the maintenance and
supervision of the systems; users do not have privileges to
install or modify software and can therefore not easily catch
up with up-to-date libraries. Instead, a user is usually faced
with either a long-pending installation request or a user-land
compilation of their custom software, which needs to be re-
peated for every actively working scientist of the research col-
laboration. At the same time, users seek reproducible science
through computational mobility [5], i.e., the possibility to re-
store a software environment as closely as possible to verify
and continue past research. Containers have drawn a lot of at-
tention in recent years in the parallel computing domain since
they allow the simplification and acceleration of the appli-
cation build and deployment process. Furthermore, for users
working in the parallel computing and deep learning domains,
containerization offers the benefits of scalability without per-
formance penalties compared to traditional virtual machines.
Gomes et al. [9] have proposed uDocker , a novel container
tool that allows the execution of Docker containers without
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Table 1. Comparison of state-of-the art container technologies suitable for execution on multi-user systems. The displayed
table is a heavily modified variant of the previous work from Priedhorsky et al. [6] and Kurtzer et al. [5].

Docker [7] Singularity [5] Shifter [8] Charlie Cloud [6] uDocker [9]
Privilege model Root daemon SUID/UserNS SUID UserNS chroot-like
Current production Linux distros support 7 3 3 7 3

No privileged or trusted daemon 7 3 3 3 3

Access to the host filesystem 3 3 3 3 3

Support for GPU 7 a) 3 b) 7 7 3 b)

Support for MPI 3 3 3 3 3 c)

Pulling from Docker Hub 3 3 3 3 3

No system admin intervention required 7 7 7 7 3

No escalation of permissions 7 3 d) 3 3 3

Works with all HPC schedulers 7 3 7 3 3
a) Can be realized by installing nvidia-docker runtime c) Container MPI version has to match the HPC one
b) Experimental feature d) There was a number of high severity security issues in Singularity

the necessity for administrative privileges, i.e., no need to
install additional system software. This paper describes the
usage of uDocker [9] container tool for the development of
an exemplary deep learning model for remote sensing images
pixel-wise classification. The experimental results show that
uDocker is comparable to a bare-metal installation, only en-
tailing around a 1% computation time overhead, while sim-
plifying the setup drastically.

2. BACKGROUND

The development of applications on shared multi-GPU sys-
tems is a difficult operation which requires that the system
administrators build ad-hoc environments, i.e., software mod-
ules. For instance, a simple application upgrade can demand
updating several environment modules. Furthermore, multi-
GPU applications usually require running across multiple
platforms and environments and utilize site-specific resources
while resolving complicated software-stack dependencies.
These are time-consuming tasks which add more work to the
administrators, who have to maintain the multi-user systems
and assure that the users have the tools and support to make
the most efficient use of the computing resources.

Inspired by the shipping containers in inter-modal global
transport, i.e., standardized containers that can be directly
transferred with different shipping methods without any addi-
tional preparation, software containers utilize the same strat-
egy. They are in many ways the next logical progression
from virtual machines [10]. However, containers are a type
of lightweight virtualization technology, which encapsulates
system environments into standard units of software that are:
portable, easy to build and deploy, have a small footprint,
and low runtime overhead. As researchers started embracing
containers for science, their usage within parallel computing
environments grew as well. Despite all the issues of using

containers in multi-user systems, they have been developed
to meet their needs including security, MPI compatibility and
GPU access. Since the introduction of Docker [7], the de-
velopment of technologies associated with containers raised.
Table 1 shows the most leading container technologies with
their main features.

3. UDOCKER CONTAINER

uDocker is a software technology that allows the reuse and ex-
ecution of Docker containers in user mode [9]. A container in
turn is an isolated environment mimicking an operating sys-
tem and its installed software. It is created by making use of
layering file system, where every change made to the image,
e.g., the installation of a software, adds a new layer to the im-
age. These layers can then be shared and reused or further ex-
tended to a customized versions. In contrast to traditional vir-
tualization technology, like virtual machines, containers are
often referred to as light-weight, as they do not “pull-in” the
entire operating system, but reuse the host operating system
kernel when executed. This does not only reduce the memory
footprint of such a container, but also reduces the computa-
tional performance impact.

While there is a plethora of containerization technologies
currently being developed and researched on, first and fore-
most Docker, they often have a particular usage scenario in
mind, requiring intervention of a priviliged user, e.g., admin-
istrator, for at least one step of the creation or execution of an
isolated environment. In multi-user systems, especially with
multiple GPUs used for deep-learning, the assumption about
privileges does not hold in hindsight of security issues and
direct use of containerization technology is not viable. At
the same time, the operations requiring containers to have ad-
ministrator privileges, are in most cases not needed for (scien-
tific) deep learning application like in remote sensing. There-
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fore, uDocker attempts to offer a compromise between both
worlds.

Through a second layer of virtualization technologies,
like PTRACE, UserNamespaces or libfakechroot [9],
it emulates as many container technology functions as pos-
sible in an unpriviliged userland environment. While actual
privileged operation, like access to high-ports or password
management, will obviously fail, enabling security by de-
sign, access to deep-learning essentials like GPUs is possible.
uDocker offers multiple execution modes, where each is re-
ferring to a particular realization of the secondary virtualiza-
tion technology—P uses PTRACE, F libfakechroot, R
UserNamespaces and S Singularity as engine. This alongside
numeric levels for the execution modes, e.g., P1 or P3, allow
the fine tuning of the uDocker for the particular execution
scenario.

uDocker syntax is designed to be very similar to Docker’s
interface in order to allow users to reuse documentation mate-
rial and container technology manager to transfer their knowl-
edge. At the same time, uDocker is able to reuse openly
published Docker containers, e.g., on DockerHub, enabling
a rapid development cycle, custom extension and exchange
with large community. A remote sensing scientist, who devel-
oped a new classification algorithm for example, may want to
establish it either as a generally usable service or open-source
it alongside a publication. In this scenario, the respective con-
tainer can be created directly using uDocker on his experi-
mentation device and then later shared with other scientists to
verify or build on the results.

4. EVALUATION

4.1. Experimental Setup

The experiments have been performed on the LSDF setup,
which is a single computer with all hardware available lo-
cally. Its configuration parameters are listed in Table 2. The
operating system is a RedHat Enterprise Linux 7.5, CUDA
Toolkit 9.0.176 and cudnn 7.0.5 library are installed system-
wide. We first created virtual environment and run baremetal
tests by means of Keras 2.2.2, TensorFlow 1.8.0 (GPU), and
the neural network code1 described in the next section. Ver-
sions of all relevant Python packages were fixed with pip

freeze, so that exactly same versions are used in all the
tests, including created docker image2. Note, that the utilized
Python versions are slightly different in case of baremetal and
the docker image: 2.7.5 and 2.7.12 respectively. uDocker is
executed in ’F3’ mode (Fakechroot) with ’--nvidia’ flag
specified, devel branch of uDocker from GitHub is used.

1Source code: https://github.com/vykozlov/semseg-bids19
2https://hub.docker.com/r/vykozlov/semseg/, tag ’bids19-gpu’

Table 2. LSDF setup used in the experiments.

CPU RAM Nvidia GPU
(driver version)

2× Intel Xeon 128 GB 4×K80,
E5-2630 v3 12 GB (396.26)

4.2. Dataset and Deep Learning Model

The Vaihingen dataset [11] includes 33 orthorectified image
tiles acquired by an aerial camera (i.e., infrared, green and
red bands) over the town of Vaihingen (Germany) 3. Since
this dataset was released as a benchmark for a 2D semantic
labeling contest, only 16 out of the 33 tiles are annotated (i.e.,
at pixel level with a spatial resolution of 9 cm). For the ex-
periments, the annotated tiles that are used for the training
and validation have ID= 1,3,5,7,11,13,17,21,26,28,34,37 and
ID= 30,32, respectively. The semantic segmentation task in-
volves the discrimination of 6 land-cover classes: impervious
surfaces (i.e., roads, concrete surfaces), buildings, low vege-
tation, trees, cars and a class of clutter representing uncate-
gorizable land covers (i.e., excluded in the prediction). The
training data was randomly augmented using 90 degree rota-
tions and horizontal and vertical flips.

The deep learning model is a 50-layer Residual Network
(ResNet) [12] that was adapted into a Fully Convolutional
Network (FCN) with connections from the last 3232, 1616,
and 88 layers of the ResNet: ResNet50 FCN 4.

The model was trained using a random initialization for
20 epochs with 4166 samples per epoch (2083 original im-
ages and 2083 augmented) with a batch size of 16 using the
Adam optimizer with Keras default settings (e.g., a learning
rate of 0.001). The network takes 256×256 windows of data
as input. To generate predictions for larger images, we made
predictions over a sliding window (with 50% overlapping of
windows) and stitched the resulting predictions together.

4.3. Results

The code allows to use more than one GPU for training by
means of Keras’ multi gpu model function, we therefore
perform training on one, two, and four GPUs for every case.
Each experiment is run three times under the same conditions
in baremetal installation and via uDocker . In order to com-
pare our results we used mean value and estimated standard
error for the sample calculated based on the three runs. Ev-
ery run consists of 20 epochs of training. Results for the to-
tal training time are shown in Table 3. As one can see, in

3http://www2.isprs.org/commissions/comm3/wg4/semantic-
labeling.html

4https://www.azavea.com/blog/2017/05/30/deep-learning-on-aerial-
imagery/
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either case we see no statistically significant difference be-
tween baremetal and uDocker modes of running. There is
also a clear performance improve in processing time when us-
ing four over one GPU (the higher variance is due to the data
parallelization). The scaling with number of GPUs is how-
ever imperfect. This can be attributed to the communication
overhead of the way Keras synchronizes weight gradients be-
tween multiple GPUs in the training’s backpropagation step.

Table 3. Total training time of the neural network. Each result
is an average of three runs with its standard error. Every run
takes 20 epochs of training on either one, two, or four GPUs.

Number of Training time, s
GPUs baremetal uDocker

1 3710 ± 10 3730 ± 10
2 2390 ± 30 2360 ± 16
4 1860 ± 40 1880 ± 10

We note here, that uDocker also allows to pass envi-
ronment settings at container instantiation phase, therefore
one can e.g., specify which GPU card to use by setting
CUDA VISIBLE DEVICES environment.

5. CONCLUSIONS

This paper describes the usage of the uDocker container tool
within a multi-GPU system for the development of a deep
learning classification task. uDocker allow to run the classi-
fier in a Docker container without using Docker, root privi-
leges and additional system software. It is run as a normal
user without the intervention of the system administrators.
The paper shows that researchers can adopt uDocker to facil-
itate the deployment of new analytical models and workflows
on multi-user systems and enable scientific reproducibility.
Furthermore, the experimental results demonstrated that the
overhead introduced by the container is negligible when com-
pared to an uncontainerized environment.
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ABSTRACT

Current pipelines for Land Use and Land Cover (LULC) clas-
sification partially exploit all available spatiotemporal infor-
mation offered by the Earth Observation archives. Thanks to
the advances in computing resources, we explored the fea-
sibility of an architecture based on convolutional recurrent
networks for large-area LULC classification. We tested it
across the Brazilian Amazon biome using MODIS archives
providing surface reflectance time series data and multitem-
poral land cover maps at 500m for 2009. According to the ex-
perimental sets, the architecture outperformed baseline meth-
ods such as Random Forest and Support Vector Machines.
Moreover, the trained architecture using 500m MODIS data
produced spatially consistent predictions over 250m MODIS
data under the same distribution of bands and observations
periodicity. We conclude with a set of key elements and chal-
lenges to consider for future implementation of the method
assessed, particularly for LULC classification tasks.

Index Terms— land use and land cover, recurrent neural
networks, deep learning, time series classification, the Brazil-
ian amazon

1. INTRODUCTION

A variety of space-born sensors monitor the Earth’s surface
since many decades. Initially driven by US-American ad-
vances in Earth Observation (EO) research, the data of some
satellites have been made available to the public since the
early 70s. In recent years, Europe’s Copernicus Program has
taken over incentive and an increasing number of Sentinel
satellites collect data at large scale.

EO satellite data provide the basis of data-driven research
at global scale. With the advance of deep learning, a vari-
ety of research fields and applications, such as Land Cover
and Land use (LULC) Classification, Vegetation Monitoring,

The author acknowledges the International Center of Tropical Agricul-
ture (CIAT) for granting the access to the resources used for processing data
and models linked with this work.

Change Detection, or Atmosphere Science, profit from this
abundance of data.

In this work, we explored Convolutional Recurrent Neural
Networks (ConvRNNs) for the task of multitemporal LULC
using Remote Sensing imagery. We used MODIS data that is
available since the early 2000s and allow a continuous map-
ping of our large area of interest in the Brazilian Amazon
Biome.

2. RELATED WORK

LULC classification is one of the most common task of the
EO community and crucial for many scientific and opera-
tional applications. To date, the most widely accepted LULC
classification methods have limited capabilities to fully use
all available spatiotemporal information offered by the EO
archives at reasonable complexity [4].

Thanks to the advances in computing and storage re-
sources, the EO community have recently started using Re-
current Neural Networks (RNNs) architectures for LULC
classification and change tasks [4]. RNNs are specifically
designed to model time series data. Therefore, they are good
candidates to cover the limitations by traditional supervised
machine learning (ML) based methods.

In order to complement the aforementioned efforts regard-
ing the feasibility of RNNs for analysing sequential data as
the EO observations, our aim was first to evaluate the ca-
pability of one of them, applied originally for crop classifi-
cation using Sentinel 2 data [4], but for a large-area predic-
tion based on MODIS satellite time series and multi-temporal
LULC maps available at 500m. Then, under the assumption
of the spectral similarities between two MODIS 500m and
MODIS 250m products, we visually inspected the capability
of the trained RNNs using MODIS 500m data for predicting
over MODIS 250m data.

3. METHODOLOGY

RNNs iteratively encode a sequence of T observations
x = {x0, . . . ,xT }. Since the data is processed sequentially,
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deeper representations are created through sequential updates
ht ← xt,ht−1 with context information from the previous
representation ht−1. Hence, few stacked recurrent layers
produce deep high-level representations for the classification
task [2]. This recurrent networks design, however, strug-
gles with learning long-term relationships due to vanishing
and exploding gradients when back-propagating corrections
though time. This has been addressed by additional cell gates,
initially in Long Short-Term Memory (LSTM) networks and
later in Gated Recurrent Units (GRU). These gates control
the gradient flow through time and enable learning of long
temporal relationships. The initial formulation of Recurrent
neural networks was taylored towards temporal sequence pro-
cessing, as is commonly used in natural language processing.
Here, trained weights are applied by matrix multiplication to
the input x ∈ Rd in a fully-connected fashion. To process
spatiotemporal data these matrix multiplications can been
replaced by convolutions. With this, inputs x ∈ Rw×h×d of
given height h, width w and depth d can be processed and
local pixel neighborhoods are considered. These spatiotem-
poral implementations are referred to as convolutional LSTM
(ConvLSTM) [5] or convolutional GRU (ConvGRU) [1]
throughout this work.

4. DATA

The study area corresponds to the Brazilian Amazon biome,
a region covering roughly 4.1 million km2 in South America.

4.1. Satellite data

12-month time series of MODIS Terra 16-day composite
250m (MOD13Q1) and MODIS surface reflectance 8-day
composite 500m (MOD09A1) images were used for the
study area for the January through December period of
2009. MOD09A1 provides surface reflectance in 7 bands
(blue, green, red, Near-Infrared (NIR), Short-Wave Infrared
1 (SWIR1), SWIR2, SWIR3) with resolution of 500m.
MOD13Q1 included data for vegetation indices, and sur-
face reflectances from bands blue, red, NIR, and SWIR3 with
250m resolution. Due to a part of this work aimed to inspect
the feasibility of the trained models using MODIS 500m data
to predict over MODIS 250m data, certain assumptions were
made. These assumptions included to retain 8-day intervals
of MODIS 500m to 16-day intervals of the MOD13Q1 250m
product. Additionally, the shared bands between the products
(blue, red, NIR, and SWIR3) were used as input features.
Both datasets were extracted from the Google Earth Engine
(GEE) platform which also includes the 500m MODIS land
cover product used to extract the labelled dataset.

4.2. Ground truth

The LULC ground truth labels were obtained from the
MODIS land cover product (MCD12Q1). For this study,

the MCD12Q1 International Geosphere-Biosphere Program
(IGBP) classification scheme, which classifies pixel into one
of 17 classes was used. We worked with the Collection 5.1
MCD12Q1 product, which covers the years 2001-2012 at a
spatial resolution of 500 m.

We aimed to reduce label noise by identifying reliable pix-
els. These pixels consisted of those with unchanged land
cover during a given time period. For instance, reliable pixels
of 2009 consisted of those unchanged from MODIS LULC
maps between 2008, 2009 and 2010.

4.3. Data partition

We divided the area of study in blocks of 207 pixels per
207 pixels (or ∼ 100km per ∼ 100km) based on the 500m
MODIS data. This size matches multiples of 23 pixels which
correspond to the patch size used to train the deep neural net-
works described in the next section of experimental sets. The
4:1:1 ratio proposed by [4] was maintained to randomly as-
sign the training, validation and evaluation blocks across the
study area (Fig.1). This split ratio represented approximately
12.1, 3.4 and 3.4 millions of reliable pixels for training,
validating and evaluating the deep learning methods.

Fig. 1. Illustration of the study area (delimited by the black
line) with non-overlapping 207 pixels x 207 pixels blocks par-
titioned for training (blue), evaluation (light blue), and valida-
tion (orange).

5. EXPERIMENTS

We compared the architecture initially proposed by [4] using
ConvRNNs cells with two common machine learning meth-
ods, random forest and support vector machines (here both of
them referred as baseline methods).

RF an SVM: Here the input is a vector with values of band
blue, red, NIR, and SWIR3 extracted from MODIS 500m
with a sample size of 100 pixels per class per 16-days in-
terval MODIS image. For this work, each sample to train the
models represented a flattened vector of the reflectance bands
(4) and number of time intervals (23). We implemented the
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RF and SVM models within GEE. The main hyperparameters
by model were determined by manual grid search based on
the performance on the validation dataset. The SVM model
was trained with a radial basis function (RBF), gamma value
of 0.5 and cost parameter set to 10. For RF, it was trained
with 20 number of trees (ntress). The remaining parameters
(variablesPerSplit and minLeafPopulation) were set by their
default value in GEE (0 and 1, respectively). Due to the per-
fomance of RF and SVM vary by changes in the input data,
ten runs were generated by model using different samples (or
seeds) distributed across the training/testing blocks.

ConvRNNs: We oriented our implementation on related
work and slightly modified the network configuration. The
input vector consisted of the bands band blue, red, NIR, and
SWIR3. Additional to the spectral information, the day-of-
year of the individual observations was added as matrix to
the input tensor. ConvRNNs were trained on 23 pixels 23
pixels tiles with separate experiments according to two types
of RNN cells, ConvLSTM or ConvGRU with 128 recurrent
cells, batch size equals to 15, a single layer, and krnn/kclass
of 3 pixels. We applied batch normalization (BN) to the in-
put. The type of BN used normalizes a tensor by mean and
variance [3]. The ConvRNNs-based experiments using either
ConvLSTM or ConvGRU cells were trained on a Tesla M60
GPU for 60 epochs.

5.1. Prediction and evaluation

The prediction strategy varied by method. For both RF and
SVM classifiers, the predictions were computed by single im-
age. The set of 23 classified maps were then aggregated into
a single map using the maximum voting. Regarding the Con-
vRNNs architectures, they were set under a many-to-one ap-
proach which allows producing a single map derived by the
sequence of images seen.

The final accuracy metrics were calculated using the pix-
els located over the evaluation blocks, which remained un-
touched during all experiments. To facilitate the interpretabil-
ity of the metrics per class, these metrics were computed over
the predicted and target maps aggregated to a customised
land cover nomenclature of 7 major classes (Woodland,
Grassland, Cropland, Crop/Nature mosaic, Water/Wetland
areas, Artificial surfaces, Bare/Spare vegetation). Classes
which were aggregated to the major classes included Ev-
ergreen needleleaf, Evergreen broadleaf forest, Deciduous
needleleaf forest, Deciduous broadleaf forest, Mixed forest,
Closed shrublands, Closed shrublands and Open shrublands
as Woodland; Woody savannas, Savannas and Grasslands as
Grassland; Snow and ice, Water, Wetlands as Water/Wetland.
The remained classes of the 17 IGBP classification sys-
tem remained with their original name (Cropland and Crop-
land/natural vegetation mosaic), except for Urban and built-
up and Barren or sparsely vegetated renamed to to Artificial
and Bare/Spare, respectively.

6. RESULTS AND DISCUSSION

In this section, we first assess the performance of the architec-
ture using ConvRNNs in regards to the baseline classification
methods. Then, we visually inspected the spatial patterns of
predictions over 500m and 250m satellite data by each model
trained with the 500m MODIS data (Fig.2).

Table 1 shows the values of five evaluation metrics com-
puted between the true ’reliable’ LULC pixels and the predic-
tions of the ConvRNNs and baseline methods. The ConvRNN
structures presented higher values in all metrics in compari-
son with the baseline methods.

Table 1. Performance evaluation of two baseline ML-based
methods, RF and SVM, in comparison to the ConvLSTM and
ConvGRU models trained and evaluated using MODIS 500m.
The metrics were weighted by the frequency of samples in
each class to avoid biases of the non-uniform class distribu-
tions. The standard deviation of the multiple runs by baseline
method is denoted by ±.

Measure RF SVM Conv
LSTM

Conv
GRU

accuracy 96.6±0.2 98.2±0.2 99.5 99.3
kappa 78.9±1.0 71.3±2.5 95.1 94.6
precision 94.8±0.2 92.9±0.4 98.5 98.5
recall 93.5±0.3 92.2±0.6 98.5 98.4
f1-score 94.1±0.2 91.8±0.7 98.5 98.4

Due to the kappa metric showed the highest difference be-
tween the baseline and ConvRNN structures, this metric was
computed by major land cover class (Table 2). Overall, both
ConvRNN architectures outperformed the baseline methods
for most of the classes, except by the bare/sparse class. This
class was underrepresented (less than 600 samples out of 15.5
million of samples within the training/testing dataset). In par-
ticular, ConvRNN methods produced classification improve-
ments for the cropland/nature mosaic and artificial classes.

Table 2. Kappa values (%) per major land cover class
by method for models trained and evaluated using MODIS
500m. The standard deviation of the multiple runs by base-
line method is denoted by ±.

Major
class RF SVM Conv

LSTM
Conv
GRU

Woodland 85.6 ± 0.6 75.6 ± 2.5 97.2 97.1
Grassland 78.9 ± 1.4 69.2 ± 3.4 96.2 95.7
Cropland 68.2 ± 3.8 69.1 ± 4.0 92.6 91.5
Crop/Nat. 15.5 ± 1.1 10.0 ± 2.0 60.0 58.5
Water/Wet. 69.3 ± 2.6 74.9 ± 2.3 88.5 88.5
Artificial 4.2 ± 0.3 3.3 ± 0.4 32.8 46.7
Bare/Spare 47.0 ± 18.9 45.5 ± 20.4 1.7 1.8
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Fig. 2. Visualization of the spatial structure of the predictions by method and source of major land cover classes within a
single evaluation block of 207 pixels x 207 pixels. The block represents an area dominated by grassland with certain patches
of artificial and cropland pixels located at the upper right of the block. Red and green mini-blocks (patches of 23 pixels x 23
pixels) of the ConvRNN models’ predictions over MODIS 250m are related with high percentages of missing observations.

To examine the spatial patterns, we exported the predic-
tions over a representative evaluation block of 207 pixels x
207 pixels as depicted in Fig.2. In general, for both resolu-
tions of MODIS archives, the baseline implementations tend
to confuse classes, mainly cropland with artificial and artifi-
cial with grassland. SVM produced slightly less noise pix-
els of water/wetland class than RF within the grassland area.
In comparison to the baseline methods, the ConvRNN archi-
tectures precisely retained most of the spatial patterns of the
artificial and cropland land cover classes.

The presence of artifacts, which represent areas of 23 pix-
els per 23 pixels, for the predictions over MODIS 250m data
(Fig.2) were attributed to a high percentage of missing data
from this particular product. The current source code of the
method only works with images without missing or masked
values and further research might be done in this regard.

7. CONCLUSION

This work evaluated the performance of recurrent networks
with SVM and RF for a large-area classification using
MODIS archives. In comparison to the baseline methods,
the end-to-end setting of the architecture allows learning both
feature extraction and classification solely from the provided
data. The quantitative and qualitative outcomes showed that
the assessed RNNs can be used for large-area spatiotemporal
information extraction.

Since MODIS provides more than a decade of EO obser-
vations, we will expand this classification method to a multi-
year evaluation. Further work is also needed specially iden-

tify how the model can handle missing input data. Overall,
we would like to utilize this method on data acquired by the
recently launched Sentinel 3 satellite.
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ABSTRACT 

Public and private agencies have been committed to address 

the “big data” challenge by producing Analysis Ready Data 

products (ARD) for their users. The ARD products are 

enabling users to get first hand satellite data that are ‘ready to 

use’ for a wide range of applications, including time-series 

analysis and the way forward to multi-sensor interoperability. 

The Committee on Earth Observation Satellites (CEOS) is 

leading the CEOS Analysis Ready Data for Land (CARD4L) 

initiative, which is focused on a framework implementation 

and the development of Product Family Specifications (PFSs) 

across the optical, thermal and radar domains. CARD4L aims 

to enable non-expert users access to products that have been 

processed ‘far enough’ to be suitable for immediate analysis 

for a range of applications, while ensuring they are not too 

specific to only be used for a particular area. The aim of this 

paper is to give a brief overview on the CARD4L Framework 

and to introduce the Product Alignment Assessment (PAA) 

process. 

Index Terms— Analysis Ready Data, CARD4L, 

Product Family Specifications, Product Alignment 

Assessment, Earth Observation 

1. INTRODUCTION 

Many satellite data users lack the expertise, infrastructure, 

and internet bandwidth to efficiently and effectively access, 

pre-process, and utilize the growing volume of space-based 

data for local, regional, and national decision-making. Even 

sophisticated users of Earth Observation (EO) data typically 

invest a large proportion of their effort into data preparation. 

This is a major barrier in realizing the full potential and the 

successful utilization of space-based imagery data. This 

barrier presents a major obstacle to mainstreaming the use of 

EO data, and a threat to the success of major global and 

regional initiatives supported by CEOS. As data volumes 

grow, this barrier is becoming more significant for the 

majority of users.  

Countries and international organizations have expressed a 

desire for support from CEOS to facilitate access to and 

processing of satellite data into CEOS Analysis Ready Data 

for Land (CARD4L) products [1]. Systematic and regular 

provision of CARD4L is expected to greatly reduce the 

burden on global satellite data users and, as a direct 

consequence, boost data use. The provision of this data is 

possible through many options including systematic 

processing and distribution, processing on hosted platforms, 

and processing via toolkits provided to users. 

CARD4L products are intended to be flexible, accessible and 

suitable for a wide range of users and a wide variety of 

applications, including time-series analysis and multi-sensor 

interoperability. They are also intended to support rapid 

ingestion and exploitation via high-performance computing, 

cloud computing and other data architectures. 

CARD4L will be an important enabler of the Open Data Cube 

(ODC) initiative [2].  Through CARD4L, users will be able 

to locate products that are suitable for ingestion into Data 

Cubes [3], and will have confidence that these different 

CARD4L products will limit as far as possible barriers to 

interoperability. 

2. CARD4L FRAMEWORK 

Fig. 1 presents the overall CARD4L Framework and its three 

elements; a) Definition, b) Product Family Specifications and 

c) Product Alignment Assessment. 
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CARD4L DEFINITION
Satellite data that have 

been processed to a 
minimum set of 

requirements

CARD4L Developed and Endorsed by LSI-VC / User Consultation

CARD4L PRODUCT FAMILY SPECIFICATION

(e.g. Surface Reflectance, Surface Temperature)

Threshold and Target:

 General Metadata
 Per-pixel Metadata
 Radiometric and atmospheric corrections
 Geometric corrections 

PRODUCT ALIGNMENT ASSESSMENT

(e.g. Surface Reflectance, Surface Temperature)

Assesses how well the specific product 
complies with each of the metadata & 

calibration criteria in PFS.

Includes description of  how  it complies.

PAA Developed by Agency Seeking CARD4L Brand

Peer Review in collaboration with LSI-VC with WGCV

CARD4L 
TARGET

CARD4L 
THRESHOLD

 
 

Fig. 1 CARD4L Framework Components: Definition, 

Product Family Specifications and Product Alignment 

Assessment. 

2.1. CARD4L Definition 

The definition of CARD4L is not exclusive or prescriptive 

(Fig. 2). It is expected that a range of data products will be 

produced by CEOS agencies [4] to meet the needs of the 

diverse user community, and that these products will be fully 

“analysis ready” for their users. 

 

CARD4L DEFINITION
CARD4L are satellite data that have been processed to a minimum set of 

requirements and organized into a form that allows immediate analysis 

with a minimum of additional user effort and interoperability both 

through time and with other datasets.  

Fig. 2 CARD4L Definition. 

 

2.2. CARD4L Product Family Specifications 

The Product Family Specifications provide details on what 

type of corrections the data providers need to carry out in 

order to deliver EO data in an analysis ready form to their 

user community.  

A number of parameters described in the PFSs are used to 

assess the minimum requirements (threshold) of CARD4L, 

which differ for each sensor type. Any higher level derived 

data products (for instance composites or indices), or 

additional corrections that meet or exceed these minimum 

requirements, may also be considered CARD4L. Beyond the 

minimum requirements, there is a “target” requirement, 

where the products labeled as such will be evaluated based on 

more stringent evaluation criteria. All PFSs, independent of 

the sensor type, include requirements for: 

 General metadata: These requirements are metadata 

records describing a distributed collection of pixels. The 

collection of pixels referred to must be contiguous in 

space and time. General metadata should allow the user 

to assess the overall suitability of the dataset. 

 Pixel-level metadata: Per-pixel metadata should allow 

users to choose between observations on the basis of 

their individual suitability for an application, and include 

‘quality flags’. Whether the metadata are provided in a 

single record relevant to all pixels, or separately for each 

pixel, is at the discretion of the data provider. Similarly, 

the mechanism or form of the per-pixel metadata 

(additional data bands, mask layers, etc.) is open to the 

provider. 

 Radiometric corrections: Radiometric corrections are 

designed to perform adjustments for sensor/instrument 

gains, biases, offsets and adjustments for sensor viewing 

angle with respect to the pixel position on the surface. 

These type of corrections should allow the majority of 

users to apply the data directly rather than, in general, 

undertaking these steps themselves. Ideally, CARD4L 

should provide geophysical quantities such as surface 

reflectance, temperature, or backscatter amplitude 

facilitating the use of observations from multiple 

platforms and sensors. 

 Geometric corrections: Geometric corrections are 

designed to establish ground position, to take into 

account terrain (ortho-georeference) and ground control 

points and to assess absolute position accuracy. 

Geometric calibration allows products to be used with 

other spatial data, and in particular to be ‘stacked’ as 

time-series. Adjustments for ground variability typically 

use a Digital Elevation Model (DEM). 

PFSs covering optical sensors only include additional 

requirements for: 

 Solar and view angle correction: These include 

adjustments for local solar and view angles with respect 

to the pixel position. 
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 Atmospheric correction: These include adjustments for 

atmospheric effects (absorption and scattering) due to 

water vapor, ozone, molecular scattering, and aerosols. 

Moreover, PFSs covering radar sensors only contain 

additional requirements on: 

 Geometric Corrections: Similar to the optical imagery, 

the data is orthorectified using a DEM to compensate for 

the terrain distortion introduced by the slant looking 

geometry of the SAR. The geometric calibration of the 

imaging system and the precision of orbit ephemeris 

allow the accurate stacking for time-series analysis. 

 Per-pixel metadata: Per-pixel metadata for providing 

information like shadow, layover area or no-value pixel. 

By the nature of the SAR processing that compresses 

thousands of raw lines into one, no per-pixel quality data 

is envisaged, so far. 

 Radiometric Corrections: Classical adjustments for 

antenna/instrument gains, biases, offsets are performed. 

In addition, radiometric terrain correction is performed 

to remove the radiometric bias (slope dependent) 

introduced by the topography allowing to efficiently 

combine data from different geometries. 

 

Currently there are three established PFSs; 1) Surface 

Reflectance, 2) Surface Temperature and 3) Radar 

Backscatter – please see brief descriptions below. Additional 

PFSs in the Synthetic Aperture Radar (SAR) domain are 

currently being assessed and developed by CEOS experts. 

 

1. Surface Reflectance (SR): Produced using data collected 

with multispectral sensors operating in the 

VIS/NIR/SWIR wavelengths. These sensors typically 

operate with ground sample distance and spatial 

resolution in the order of 10 to 100m, however, the 

specification is not inherently limited to this resolution 

and can be applied to higher and lower resolution data. 

2. Surface Temperature (ST): Produced using data 

collected with multispectral sensors operating in the 

thermal infrared (TIR) wavelengths. These sensors 

typically operate with ground sample distance and spatial 

resolution in the order of 10 to 100m.  

3. Radar Backscatter (RB): Produced using data collected 

with Synthetic Aperture Radar (SAR) sensors, operating 

in the microwave (MW) domain. The CARD4L 

backscatter product is developed to facilitate a growing 

range of applications of radar data that draw on time-

series observations from different instruments, radar 

bands and/or observation modes. A key objective is to 

expand the use of radar remote sensing beyond the 

current expert user community to enable a set of new, 

generalist users to access and apply SAR data in 

geographical analyses to produce improved products. 

2.3. CARD4L Product Alignment Assessment Process 

Product Alignment Assessment is the process that is intended 

to help data providers to ‘self-assess’ their product alignment 

with the CARD4L specifications. PAA will also allow an 

independent assessment and a peer-review to be done. Thus, 

PAA process is the quality assurance element of the CARD4L 

framework. In the absence of the PAA, any product could 

potentially be badged as CARD4L and the value of the 

concept would be lost. 

Fig 3. presents the detailed CARD4L PAA process, which is 

divided into 6 steps. For instance, if a data provider would 

like to have a dataset to be considered as a CARD4L dataset, 

the following steps will take place: 

1. The data provider will contact the Land Surfacing 

Imaging Virtual Constellation Secretariat (LSI-VC SEC) 

to indicate their interest to submit their dataset through 

the PAA process. One of the responsibilities of LSI-VC 

SEC is to monitor the incoming requests and keep a 

registry of the proposals, 

2. The LSI-VC SEC will register the proposal and will 

connect the data provider to a product-specific LSI-VC 

Point of Contact (POC) – A LSI-VC POC will be 

identified for each PFS. The POC will be responsible for 

verifying the data provider’s self-assessment and for 

obtaining feedback from the Working Group on 

Calibration & Validation (WGCV) on the product’s 

Calibration/Validation process (the peer review 

process), 

3. The LSI-VC POC will interact with the data provider on 

their documentation using the PFS as the basis for the 

assessment – this step is called self-assessment,  
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Fig. 3 CARD4L Product Alignment Assessment Process. 
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4. The LSI-VC POC will also interact with the WGCV 

POC, to facilitate the peer review assessment. The 

interactions in steps 3 and 4 are expected to be 

contemporaneous and may take several interactions to be 

completed – The WGCV has proposed a framework for 

the “WGCV peer review process”, in support of the PAA. 

5. Once the self-assessment and the WGCV peer review 

processes are completed, the LSI-VC POC will approve 

the review and confirm the CARD4L level (threshold or 

target level). Then the outcome of the review will be 

communicated to the LSI-VC SEC. 

6. The LSI-VC SEC will then publish the outcome of the 

review on the CEOS Analysis Ready Data webpage 

(http://ceos.org/ard/). 

 

Therefore, a particular product will be approved as CARD4L 

dataset when: 

 The product has been assessed as meeting CARD4L 

requirements by the agency responsible for production 

and distribution of the product; and 

 The assessment has been peer-reviewed by the CEOS 

Land Surface Imaging Virtual Constellation (LSI-VC) in 

consultation with the CEOS Working Group on 

Calibration and Validation (WGCV). 

 

Whilst these mechanisms are within the CEOS community, 

the Framework is a public document allowing the wider 

community to produce analysis ready products, assess those 

against the PFS, and to independently assess product 

alignment through the PAA process. 

3. THE WAY FORWARD 

The next steps foreseen for the CARD4L implementation 

phase are: 

 Pilot the CARD4L data provider’s self-assessment and 

production process for the Surface Reflectance, Surface 

Temperature and Radar Backscatter PFSs. 

 Develop the WGCV “peer review” process to evaluate 

datasets that are candidates to become a CARD4L 

dataset. 

 Promote and communicate information on CARD4L 

products including implementing discoverability of 

CARD4L products.  

 Identify data products that are on-track to become 

CARD4L. 

 Engage the CEOS WGCV to define Quality Assurance 

(QA) protocols and cross-validation projects across all 

product families. 

 Examine extending the CEOS ARD framework to 

include the ocean and atmosphere domains. 

 Continue reviewing the PFS through a controlled 

process, e.g. go through a cycle to gather feedback from 

technical experts, collate the feedback, submit the 

proposed changes through a drafting process and accept 

them into the PFS document. 
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ABSTRACT 

The era of Copernicus Sentinel missions for Earth 

Observation started with the launch of Sentinel-1A in April 

2014 and has been providing an unprecedented amount of 

data freely available to EO users. With an increasing number 

of EO missions and initiatives from National and 

International Organizations, more and more innovative 

applications are becoming possible. More often EO data users 

need to analyze data by running their algorithms on what it is 

usually referred to as “Analysis Ready Data” (ARD), which 

in the simplest interpretation might be thought as data with a 

standardized product regardless of the acquisition sensor. In 

this paper the features of an Analysis Ready Data On-

Demand demonstrator service for Sentinel-2 and Landsat-8 

implemented by ESA-Research and Service Support (RSS) 

will be presented and discussed. The tool provides a web 

interface where users can select L1C data, visualize their 

footprint on a map, select one of the available Atmospheric 

Correction Algorithms, the output projection and format and 

submit a processing task On-Demand.   

Index Terms— Analysis Ready Data, Sentinel-2, 

Landsat-8, Data preparation, Atmospheric Correction 

Algorithm 

1. INTRODUCTION 

The growing number of EO satellite missions and the ease of 

access data in the last years, have lowered the barrier in EO 

data exploitation, in turn stimulating new ideas for 

applications and new initiatives among the community. EO 

data usage has increased enormously and EO data, today, is 

no longer the prerogative of EO experts. EO data is being 

largely used in sectors such as maritime surveillance, 

agriculture industry and in general in all types of human 

activity monitoring. Governmental organizations and public 

institutions are gaining awareness of the advantages derived 

from EO data usage for their purposes. The drawback is that 

more and more non-expert users will need to preprocess and 

analyze EO data from different missions, which often come 

in different formats and projections, are referred to a different 

grid or which have been obtained with different 

preprocessing algorithms. In other words while more data are 

becoming available, such data are not ready for immediate 

use and even sophisticated users typically invest a large 

portion of their time in data preparation.  

In response to such a need, several initiatives are arising with 

the purpose to provide data ready for immediate analysis or 

that require a minimum set of operations to be ready. The 

CARD4L [1] initiative, for example, aims at providing 

specifications and definitions of Analysis Ready Data for 

Land products. There is some effort in this direction also by 

USGS [2] which proposes U.S. Landsat Analysis Ready Data 

consistently processed according to the scientific standards 

and level of processing required for immediate exploitation 

in monitoring landscape change. In addition, several ongoing 

projects which work on the harmonization of the Landsat and 

Sentinel-2 products in terms of bandwidth and spectral bands 

[3], may help the utilization of both datasets in synergy. 

 

 

2. ANALYSIS READY DATA  

The definition of ARD, is still matter of discussion due to the 

fact that products ready for some applications might not be 

considered as ready for other applications: some applications 

may require different map projections, different metadata or 

format. From the user-perspective, ARD probably means data 

as close as possible to the products useful for analysis: 

containing already the bands in the same projection, same 

format and same resolution, regardless of the specific sensor. 

On the other hand projection, format and resolution are 

application dependent, hence the question: is there a unique 

definition of ARD product good for all? The answer is no. 
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Then, how to find a way to select common criteria for large-

use ARD? 

 

Currently, USGS makes available Landsat products in ARD 

format limited to the USA. Similarly, Sentinel-2 L2A 

products are systematically provided over a limited area 

covering Europe. Hence, users who need atmospherically 

corrected products outside those areas have to find a way to 

process the data themselves, using one of the most common 

open source algorithms or other commercial solutions.  

In this paper we present an example of ARD On-Demand 

demonstrator prototype made available by ESA-RSS [4]. 

2.1. The case of Sentinel-2 and Landsat data for Land 

Applications 

Land applications domain in Optical Remote Sensing plays a 

fundamental role: with a spatial resolution of the order of 10 

m and a revisit time typically of few days, Landsat and 

Sentinel-2 in synergy offer an unprecedented opportunity for 

applications in land cover studies, agricultural fields 

monitoring and inland or near-shore water monitoring (in 

general landscape monitoring). For some applications, which 

are relatively new to Earth Observation, specific processing 

expertise and know-how owned by the users could be limited. 

Therefore the possibility to have ARD On-Demand could 

really make the difference: it would be possible to generate 

ARD over a specific Area of Interest simply configuring 

some basic parameters without the need to know in detail how 

an algorithm actually works.      

 

2.2. ARD On-Demand demonstrator implemented by 

RSS 

At the beginning of summer 2018, ESA-RSS has been 

requested to provide a feasibility study and to implement an 

Analysis Ready Data On-Demand demonstrator which takes 

in input Sentinel-2 L1C and Landsat-8 L1 products. The 

demonstrator should have a web based GUI allowing 

registered users to select the input dataset (Landsat or 

Sentinel), an Area of Interest, a time-frame, the Atmospheric 

Correction Algorithm to use, the type of projection and output 

format. In addition the user should be able to set some 

configuration parameters specific for each Atmospheric 

Correction Algorithm. The algorithms selected for the 

atmospheric correction are: 

 

 Sen2Cor [5]  

 LaSRC [6]  

 iCOR [7]  

 MAJA [8] 

 

It is important to note that each of the aforementioned 

processors provide by default an output with different format, 

type and bit depth, hence being necessary to harmonize the 

results to provide as much as possible a uniform atmospheric 

corrected product.  

In Tab.I some of the most relevant characteristics of each 

software, such as main language employed, output format, 

etc…, are summarized. The processing time has been 

obtained testing the processors on the same input product. 

The larger processing time for MAJA is due to the fact that 

MAJA uses a multi-temporal approach.   

 
TABLE 1. CHARACTERISTICS OF THE SOFTWARE 

INTEGRATED IN THE ESA PROCESSING ENVIRONMENT. 

 
 

 
FIGURE 1. ARD ON-DEMAND DEMONSTRATOR BLOCK 

DIAGRAM. 

Figure 1 depicts schematically the workflow of the ARD On-

Demand demonstrator. The main processing block is divided 

in two steps: (1) processing of L1 product using one of the 

selected algorithms and (2) product resampling and re-

projection according to the user’s selection. Output data are 

available for download when the processing is finished.    

During the feasibility study tests have been done for each of 

the selected algorithms to understand their readiness, 

performance and requirements in terms of hardware 

resources, auxiliary and metadata files needed, supported 

products, etc. This has allowed to assess and configure the 

service backend environment where the ARD On-Demand 

demonstrator runs: a dedicated cluster of four Virtual 

Machines with CentOS 7 operating system equipped with 32 
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GB of RAM and 8 CPU cores, has been deployed on a Cloud 

infrastructure where Sentinel-2 and Landsat input data are co-

located. RSS Team has implemented the ARD On-Demand 

demonstrator integrating in one single processing service the 

four selected Atmospheric Correction Algorithms. The 

service demonstrator was ready at the end of July 2018 and it 

has been opened to a selected number of beta test users, with 

the purpose of testing the service and reporting to ESA-RSS 

their impressions and feedback.  

 

 
FIGURE 2. ARD ON-DEMAND DEMONSTRATOR SERVICE 

IMPLEMENTED IN RSS PROCESSING PLATFORM (G-POD). 

Figure 2 shows the service GUI: Area of Interest, time-frame 

and the input dataset to be queried are all selectable from the 

GUI. For the purpose of the demonstrator, Landsat-8 and 

Sentinel-2 data products are provided for the last few months 

(May 2018 to July 2018).     

 

 
FIGURE 3. PROCESSING PARAMETERS SELECTION 

From the same GUI, users can select the Atmospheric 

Correction Algorithm to use via a drop-down menu 

(Sen2Cor, LaSRC, iCOR, MAJA), the output projection 

(currently supported projections are UTM and Geographic 

Lat/Lon (WGS84)), and the output format (GeoTiff, HDF, 

NetCDF and SAFE - only for Sen2Cor -). The Resampling 

option is not yet available in the beta version of the ARD 

demonstrator. Advanced configurations for each 

Atmospheric Correction Algorithm are also possible for 

expert users: if a checkbox is ticked, a set of advanced 

parameters is displayed to the user (only Sen2Cor and iCOR 

advanced configuration is implemented in the current 

version).  

The service has been tested by about 10 users who provided 

feedback and suggestions for future improvement of the 

demonstrator. Figure 4 illustrates the different 

atmospherically corrected Sentinel-2 products obtained for 

each of the integrated processors.   

FIGURE 4. RGB TRUE COLOR COMPOSITE OF SENTINEL-2 

OUTPUT PRODUCTS PROCESSED WITH THE ARD ON-

DEMAND DEMONSTRATOR. 

Figure 5 shows two images: the first one, acquired by Landsat 

8 over the area of Rome - Italy, is the RGB composite of the 

atmospherically corrected product obtained with the ARD 

On-Demand demonstrator using iCOR. It is provided in UTM 

projection. The second image over the same area of interest 

is acquired by Sentinel-2 and is processed On-Demand using 

exactly the same options of the previous image (iCOR 

algorithm, UTM projection and the same file format). This is 

a basic example of analysis ready data starting from two 

different sensors.      
 

 

Sen2Cor MAJA 

iCOR LaSRC 
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FIGURE 5. TOP: LANDASAT 8 L2 IMAGE PROCESSED WITH 

ICOR. BOTTOM: SENTINEL 2 L2 IMAGE PROCESSED WITH 

ICOR. BOTH IMAGES ARE IN UTM PROJECTION AND ARE 

PROVIDED IN THE SAME FILE FORMAT BY THE ARD ON-

DEMAND DEMONSTRATOR. 

3. LESSONS LEARNT AND RECOMMENDATION 

FOR FUTURE WORK 

The demonstrator service has been opened to a selected 

number of beta-tester users (around 10 users at the moment 

of writing this abstract) with the objective to test the service 

and report internally feedback, suggestions and 

recommendations. Many comments arrived proposing often 

new features and desired functions that a future ARD On-

Demand operational service should have. One of the most 

remarkable comments was the request to provide beside the 

results already provided by each Atmospheric Correction 

Algorithm (ACA), a quicklook of the results to easily 

visualize what was produced. 

To respond to such request, RSS has implemented a web 

oriented visualization tool where a RGB composite of the 

results is produced and visualized together with basic 

information like: mission, product name, ACA processor 

used, projection and data format. This is one of the important 

improvements already implemented, but we are sure that 

more comments and recommendations for the future will 

come when the service will be opened to a wider community.  

 

4. CONCLUSIONS 

The need to have Analysis Ready Data for EO applications is 

clearly highlighted in this paper. Many initiatives are arising 

from EO providers to satisfy this requirement and other will 

come. 

ESA-RSS has implemented and tested an ARD service 

demonstrator able to generate On-Demand Sentinel-2 or 

Landsat-8 atmospherically corrected products using different 

algorithms (Sen2Cor, LaSRC, iCOR, MAJA), projections 

(UTM and Geographic Lat/Lon) and data formats (GeoTiff, 

HDF, NetCDF). Improvements are still needed to satisfy new 

requirements and the service is being constantly updated 

taking into account recommendations and feedback provided 

by the beta tester user community.    

 

5. REFERENCES 

 
[1] http://ceos.org/ard/ 

 

[2] https://landsat.usgs.gov/ard  

 

[3] Masek, J. G., Claverie, M., Ju, J., Vermote, E., & Justice, C. O. 

(2015, December). A Harmonized Landsat-Sentinel-2 Surface 

Reflectance product: a resource for Agricultural Monitoring. In 

AGU Fall Meeting Abstracts. 

https://agu.confex.com/agu/fm15/webprogram/Paper85646.html 
 

[4] Marchetti P.G., Rivolta G., D'Elia S., Farres J., Mason G. and 

Gobron N., “A Model for the Scientific Exploitation of Earth 

Observation Missions: The ESA Research and Service Support.” 

IEEE Geoscience and Remote Sensing Society Newsletter , Vol. 162, 

pp. 10-18, March 2012. http://www.grss-ieee.org/wp-

content/uploads/2010/03/ngrs_NL_0312-Webv2.pdf 

 

[5] Muller-Wilm, U., Louis, J., Richter, R., Gascon, F., & Niezette, 

M. (2013, September). Sentinel-2 level 2A prototype processor: 

Architecture, algorithms and first results. In Proceedings of the 

2013 ESA Living Planet Symposium, Edinburgh, UK (pp. 9-13). 

http://seom.esa.int/lps13/abstracts/849980.html 

 

[6] Vermote, E., Justice, C., Claverie, M., & Franch, B. (2016). 

Preliminary analysis of the performance of the Landsat 8/OLI land 

surface reflectance product. Remote Sensing of Environment. 

http://dx.doi.org/10.1016/j.rse.2016.04.008. 

 

[7] De Keukelaere, L., Sterckx, S., Adriaensen, S., Knaeps, E., 

Reusen, I., Giardino, C., ... & Vaiciute, D. (2018). Atmospheric 

correction of Landsat-8/OLI and Sentinel-2/MSI data using iCOR 

algorithm: validation for coastal and inland waters. European 

Journal of Remote Sensing, 51(1), 525-542. 

https://doi.org/10.1080/22797254.2018.1457937 

 

[8] Lonjou, V., Desjardins, C., Hagolle, O., Petrucci, B., Tremas, T., 

Dejus, M., ... & Auer, S. (2016, October). Maccs-atcor joint 

algorithm (MAJA). In Remote Sensing of Clouds and the 

Atmosphere XXI (Vol. 10001, p. 1000107). International Society for 

Optics and Photonics. https://elib.dlr.de/107293/ 

Analysis Ready data and data cubes [Poster Session]

Proc. of the 2019 conference on
Big Data from Space (BiDS’19) doi:10.2760/848593

192 Munich, Germany
19–21 February 2019

http://ceos.org/ard/
https://landsat.usgs.gov/ard
https://agu.confex.com/agu/fm15/webprogram/Paper85646.html
http://www.grss-ieee.org/wp-content/uploads/2010/03/ngrs_NL_0312-Webv2.pdf
http://www.grss-ieee.org/wp-content/uploads/2010/03/ngrs_NL_0312-Webv2.pdf
http://seom.esa.int/lps13/abstracts/849980.html
http://dx.doi.org/10.1016/j.rse.2016.04.008
https://doi.org/10.1080/22797254.2018.1457937
https://elib.dlr.de/107293/
http://dx.doi.org/10.2760/848593


SELECTIVE DATA PROCESSING IN DIAS FOR LOCALIZED TIME SERIES ANALYSIS - A SPECIFIC USE 
CASE FOR A GENERIC DIAS PROCESSING SUITE  

Nils Junike1, Bernard Pruin1, Alexander Strecker1 
1Werum Software & Systems AG, Wulf-Werum-Str. 3, 21337 Lüneburg 

 
 

ABSTRACT 

We present a systematic production solution for DIAS with 
an application for local subsetting and data stacking for time 
series analysis. The scenario makes optimal use of 
Copernicus data vicinity within DIAS services to extract a 
relevant analysis ready dataset for local time series analysis 
and data mining. A pre-existing processing management 
solution is configured and instrumented to implement the 
workflow steps for the generation of a subsetted stack of co-
registered high resolution Sentinel-1 GRD products. The ESA 
Snap toolbox batch application is exploited to provide the 
required algorithm implementations. An example scenario is 
presented for a representative administrative region that 
shows that, with a given spatial focus, time series analysis 
functionality can be made available with minimal resource 
and bandwidth requirements. 

 
Index Terms— Time Series, DIAS, Analysis ready data 

1. INTRODUCTION 

Time series analysis without geographical constraints 
requires a large amount of additional memory to store data in 
an analysis ready format. For some missions and regions 
there are already significant analysis ready datasets available, 
e.g. for Landsat data over the USA [2]. For regions and 
missions, where data is not yet available in an analysis ready 
form or the form provided is not appropriate, e.g. due to 
specific needs on the the data tile structure and grid, 
alternative solutions are needed. As many applications for 
time series analysis have a focus on a specific region a 
lightweight local stacking approach is presented here based 
on a cloud-ready generic processing suite. Preparing only 
local data for time series analysis to create “data islands of 
interest” allows lowering the infrastructure requirements for 
time series generation. 

An integrated software solution for time series data 
preparation is presented that addresses the various 
functionalities required for data preparation for time series 
analysis. The system is comprised of interface adapters to 
Copernicus data sources (DIAS), full term subsetted raw data 
archive to avoid lengthy data re-fetching exercises for 
potential re-gridding, integrated stack building software 
(SNAP Toolbox), stack product storage and dissemination 
functions. 

The main building block of the overall stack building 
solution is a generic DIAS processing Suite (DIAS Suite) that 
comprises functionality for 

• DIAS integration for data reception, storage and 
dissemination 

• Systematic processing management 

• Processing workflow management 

• Processor modules integration 

• Processing resource management 

• System status monitoring 

This generic processing suite can be instrumented to 
perform arbitrary production workflows. In the context of this 
paper, the configuration for a subsetting and stack building 
workflow is demonstrated on a typical region of interest. We 
have chosen the administrative district “Landkreis Harburg” 
for this exercise. The choice of the region is essentially 
arbitrary, but for demonstration purposes, it is useful that 
within the “Landkreis Harburg” significant construction has 
occurred since the launch of Sentinel-1 A. A large logistics 
facility with 64 000 m2 area that has been constructed in 
2016/2017 provides a good landmark for change 
observations. 

2. DIAS INTEGRATION 

The Copernicus Data and Information Access Service 
(DIAS) setups provide convenient and efficient access to 
Copernicus data. There are 5 DIAS systems in place, while 
the DIAS services provide the same data, the details of the 
data access interfaces are not harmonized and the access to 
computing and storage resources is specific to the individual 
DIAS instance. The solution thus follows a concept of 
interface adapters for the data discovery, data retrieval and 
data storage.  

We have deployed the current demonstration solution in 
in CREODIAS (https://creodias.eu/). Deployment into other 
DIAS instances is also foreseen. It should be noted that the 
workflow itself is independent of the selected DIAS and 
remains unchanged, independent of the specifics of the DIAS 
instance chosen for integration. 

3. SUBSETTED INPUT DATA ARCHIVE 

The DIAS Suite provides systematic production 
capability that is triggered by emergence of new products 
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within a DIAS Service. The triggering mechanism allows 
filtering by product type as well as additional metadata 
constraints. For subsetting, of course, a matching of footprint 
versus region of interest is included.  

 

 
Figure 1 Area of Interest 

Figure 1 shows the geospatial relations of the areas 
relevant in this exercise. A localized interest into a specific 
administrative region, here the district of Harburg is assumed. 
The district of Harburg, south of Hamburg, has an area of 
1250 km2. An average Sentinel 1 GRDH product (large 
quadrangle) has a coverage of 44 000 km2. A reasonable 
bounding box covering the complete district has an area of 3 
000 km2. Subsetting the individual Sentinel-1 products that, 
to a large extend, only cover parts of the region of interest 
lead to an overall compressed products of 5 to 10% of the full 
product set size. 

 

 
Figure 2 Covering Products 

Since launch up to 22.10.2018, there have been 818 
products from Sentinel-1 A and 339 from Sentinel-1 B 
intersecting the region of interest. Just these products requires 
nearly 1.2 TByte of storage space. A storage of the subsets is 
less than 100 GByte. Additionally, a proportional amount of 
storage is needed in order to store restructured data for 
optimized time series access. The above argument is true for 

the original band data (amplitudes). If other data bands are 
generated, e.g. as required to provide analysis ready data as 
per CEOS recommendations [7], again more storage space is 
needed. The current dataset that is generated as input into to 
3D-pattern detection and deep learning algorithms, the initial 
bands however are sufficient. 

Due to the complex interaction between the radar waves and 
individual surface objects, the representation of objects is 
highly dependent on the viewing direction [3]. The results of 
time series analysis may thus be more meaningful when 
performing analysis on stacked data separated individually by 
relative orbit. The S1 satellites acquire data over the region 
of interest on relative orbits 44, 66, 117, 139 and 168. This 
leads to 10 different stack products.  

 
Figure 3 Amplitude from 2016-10-31 [4] 

Figures 3 and 4 shows 2 VV polarized amplitude elements 
from a time series stack for orbit 117, zoomed in on probably 
the largest building of the district, a distribution center near 
Winsen (Luhe) covering approx. 64 000 m2 (red square).  

 
Figure 4 Amplitude from 2017-09-20 [4] 
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In the figures a 2 locations are highlighted, one within the 
building site and one over a nearby agricultural area. The time 
series as shown in Figure 5 reveals the clear signal from the 
new building. 

 
Figure 5 Timeline of amplitude at selected sites 

To provide additional context information on the RADAR 
images of the figures 3 and 4, Figure 6 shows a natural color 
presentation of the same covered area as acquired by 
Sentinel-2 on 07.10.2018. 

 
Figure 6 Natural Color Scene Sentinel-2 [4] 

 

4. STACK GENERATION AND RESOURCE 
MANAGEMENT 

The ESA SNAP toolbox [1] provides subsetting and stack 
building functionality that is employed for these functions for 
the supported product types. The SNAP toolbox also provides 
a batch mode that allows incorporating its workflows without 
recurrence to the graphical user interface. This batch interface 
is exploited to integrate the tool into the DIAS Suite. The 
suite supports a generic command line interface to 

incorporate third party processing tools and instrument 
processing facilities.  

The SNAP batch interface is wrapped by a simple script 
to support the required interface and is called with differing 
parameters to call the required functions. 

The main steps for stack generation are 
• subsetting and terrain correction to build-up an input data 

archive (SUBTC) 
• coregistration to create individually stacked images and 

combining to create an incremental stack product (STCK) 
The executables are wrapped into a Docker image and are 

executed within the resource pool managed by the DIAS 
Suite. A Digital Elevation Model (DEM) is made available 
statically for use by all process instances, as per SNAP 
Toolbox requirements. Figure 7 provides a schematic 
overview of the steps that are performed and their respective 
inputs. The generated intermediate products are identified by 
scenario specific type names. The type names are defined in 
ad-hoc fashion and server to filter inputs for the different 
workflow steps.  

SUBTC

STCK

DEM_INFO

IW_GRDH_1

SUBS_GRDHSUBS_GRDH

STCK_GRDH

Subsetting and

terrain correction

Coregistration and

Stacking

Triggering on

each new input

 
Figure 7 Stack Generation Workflow 

The workflow depicted is encoded in a set of workflow 
rules and task table specifications that define a processor. The 
configuration language largely builds on a novel, domain 
specific workflow configuration language defined by ESA in 
the context of the EarthCARE mission [5]. 

Task Tables (Figure 8) are used to define the individual 
processing steps (e.g. SUBTC, STCK) and define their input 
output relation in machine-readable form for interpretation by 
a management layer. 

Additional workflow specifications allow triggering of 
productions based on the emergence of a new product within 
the realm of the management layer. The generic rule solution 
also allows the scheduled execution of rules, but this feature 
is not needed for stack building as a stack only changes upon 
new product arrival. 
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Figure 8 Task Table Elements (BPMN notation) 

Intermediate and final products are stored in the managed 
archive of the suite. As the time series stack is incrementally 
increased, data is not purged automatically. 

For the scenario of this paper, data from the past is used 
together with data that is not yet acquired. The overall stack 
results is created by manually initiating the production for 
already existing products with subsequent stacks being 
produced systematically and automatically whenever a new 
matching product emerges within the hosting DIAS instance. 

5. STACK PROVISIONING 

Each new stack product is provided to eligible users by 
providing it from the internal archive accessible via https. 
Alternatively, a "push" to any other infrastructure can be 
configured.  

6. CONCLUSION AND OUTLOOK 

We have presented a lightweight solution for the 
generation of localized analysis ready time series data. The 
solution is operational for demonstration purposes over an 
administrative region in northern Germany.  

A number of improvements and extension of 
characteristics of the current stack output are considered: 

• The current time series stacks simply use the geolocation 
grid of the first (oldest) product as coregistration reference. 
The use of a standard grid, e.g. the Equi7 grid [6] could be 
foreseen. 

• No care is currently taken that the resulting stack is 
compatible with any standard. Compliance with the CEOS 
CARD4L product specification for normalized Radar 
backscatter [7]. should be considered.  However, the 
current stack is based on original input IW_GRDH bands 
that contain backscatter amplitude values and are not yet 
normalized. To move towards CEOS ARD compliance, 
additional processing steps need to be included and the 
ESA Snap Toolbox functionality needs to be configured 
for compliance with the standard. 

• Stacks are currently only generated for Sentinel-1 
amplitude data starting from GRDH products. Starting 
from SLC products would allow the computation of 
additional quantities of interested for time series analysis 
depending on SNAP Toolbox capabilities and available 
funds for infrastructure resources. Coherence data for 
example may be useful for land cover classification [8]   

• An extension to other missions, in particular Sentinel-2 is 
foreseen. For subsetting of the all bands however, a re-
gridding of some bands need to be introduced due to 
limitations in the current SNAP Toolbox functionality set. 

• The current workflow setup ends with the provision of the 
generated stack. As the DIAS Suite is generic, it can also 
be employed to add automated analysis functions to the 
workflow. 
As an additional consideration, it should be mentioned 

that while the overall concept of the local stack is intended to 
provide a data set for flexible use in interactive processing 
outside the DIAS context, the data analysis can be performed 
within the cloud environment. 
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ABSTRACT 

With the increase in Synthetic Aperture Radar (SAR) data 

availability, the need for a management solution arises, 

which is capable of handling the various available data 

sources and formats, as well as interfacing with different 

processing software solutions. Optimally, a user is presented 

with a standardized output ready for analysis without further 

knowledge of SAR processing details.  

pyroSAR addresses this need by providing a complete 

workflow from retrieving the raw data from its provider to 

filled data cubes ready for analysis. It keeps record of 

registered scenes and their metadata, enables scalable 

processing in different software via homogenized interfaces 

and tracks products in their source locations. 

This way, pyroSAR can act as a central SAR data 

broker to keep track of what data is available in raw or 

processed format while reducing the need to learn different 

processing software solutions thus leaving more time for 

actual data analysis.  

Index Terms— Processing, SAR, Data Cube, Data 

Management, SNAP, Gamma 

1. INTRODUCTION 

Since the launch of Sentinel-1A in 2014 an unprecedented 

amount of Synthetic Aperture Radar (SAR) data has become 

available. The Python package pyroSAR is being developed 

for easy handling of these large amounts of data by offering 

a complete data management and processing solution from 

the raw source product to analysis readiness in a data cube. 

Thus, pyroSAR is intended to reduce the time needed for 

handling data and software, which could otherwise be spent 

directly on the analysis of data and development of 

algorithms to derive information from it.  

With pyroSAR, all available SAR-data can be 

downloaded, preprocessed to e.g. radiometrically terrain-

corrected backscatter and exported to a selected format like 

GeoTiff by simply providing a test site geometry, the type 

of data required and some additional parameters, like spatial 

resolution and time frame. While similar workflows are 

possible in other SAR software, the learning curve might be 

quite steep and taking away valuable time from the analyst. 

pyroSAR gathers experiences made with different software 

and generalizes them to consistent workflows.  

 

 

SAR data that has been downloaded in the past can be 

read by pyroSAR and its metadata be stored in a database so 

that all locally available data is accessible via a search 

catalogue. This way, a researcher can at any point get an 

overview of which data from current and past missions is 

available for a particular area of interest and prepare it for 

analysis. 

To achieve this, pyroSAR has three central 

components. First, the identification of SAR scenes, 

extraction of their metadata and functionalities for format-

specific file handling (Section 2). Several driver classes 

exist, which scan the provided scene archive, e.g. .SAFE for 

Sentinel-1, and read the scene metadata from relevant files. 

The SAR format drivers share a set of methods for general 

tasks and additionally offer methods specific to the 

respective format, e.g. downloading orbit state vector files. 

Second, the scene metadata can then be registered in a 

SpatiaLite [1] database (Section 3). pyroSAR offers 

functionalities for maintaining this database and easily 

querying all scenes with a given set of metadata, which can 

then be passed to the processing framework (third), allowing 

for the flexible use of different SAR processing solutions 

(Section 4).  

Currently, the ESA Sentinel Application Platform 

(SNAP) [2] and Gamma [3] are integrated. The numerous 

options of SAR processing and different approaches of 

processing software, e.g. SNAP XML workflows vs. 

Gamma shell commands, are broken down to simple 

homogenized Python functions, which select the necessary 

processing steps depending on the defined user 

requirements, e.g. study area, spatial target resolution and 

geocoding approach. 

This way, pyroSAR goes beyond processing SAR 

scenes by providing a comprehensive toolchain for general 

spatial data handling connecting several open source 

software tools along the way. It creates a framework around 

existing SAR processing tools to ensure consistent output 

from each of them reducing their individual handling to a 

minimum. 

2. METADATA HANDLING 

The SAR image driver architecture is designed in a modular 

class inheritance scheme so that data from all sensors can he 

handled in the same way with mutual attributes and 

methods. 
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2.1. Metadata drivers 

A fixed list of metadata attributes is demanded of each scene 

and the respective driver must support at least these 

attributes. For example, the attribute start needs to exist to 

describe the image acquisition start time. Hence, this 

information must be translated from original names by the 

driver, e.g. the ESA format metadata attribute 

MPH_SENSING_START. Several methods are available to 

homogenize the values of these fields to a common 

standard, for example conversion between different time 

stamp formats or reading corner coordinates into vector 

objects, which can then easily be intersected with an area of 

interest. In several cases pyroSAR internally uses the Geo 

Data Abstraction Library (GDAL) [4] to read metadata from 

SAR scenes. In cases where the returned information is not 

sufficient (e.g. CEOS format) or the GDAL driver was 

found to be too slow (e.g. Sentinel SAFE format), an own 

implementation is used. The list of standardized attributes 

and driver class serves the purpose of easily querying the 

scene database described in section 3, e.g. selecting all 

scenes acquired after a certain date via attribute start. 

2.2. Naming scheme 

A selection of these metadata attributes will be contained in 

the names of processed files, each being reserved a field of 

fixed length for its entry. This way it is ensured to easily 

keep track of processed files since they will all be named in 

a consistent way independent of raw data format, sensor and 

acquisition characteristics. This is shown in the following 

with curly brackets marking a metadata field and simple 

brackets defining the length of this field in the filename. All 

slots except processing steps have a fixed length, ensuring 

consistent naming and easier identification. In case the value 

of attribute sensor or acquisition_mode is shorter than this 

fixed length, the field is filled with underscores. 

 
{sensor}(4)_{acquisition_mode}(4)_{orbit}(1)_{start}(15)_ 

{polarization}(2)_{processing steps}(*).tif 

 

e.g. 

S1A__IW___A_20141115T181801_VH_grd_mli_norm_geo.tif 

ASAR_APP__D_20050123T092033_VV_pri_....tif 

PSR1_PH___A_20100408T213246_HH_1.1_....tif 

3. DATA ARCHIVE 

pyroSAR works best by registering information about the 

scenes accessible to the processor in a data base. For ease of 

use without further knowledge about database software and 

in support of a lightweight portable solution, SpatiaLite was 

chosen. The pyroSAR database stores essential metadata of 

the scene, like sensor, acquisition mode and time. By using 

a Python function, the registered scenes can easily be 

queried and subsequently be passed to the processor. A 

processing directory can also directly be passed to the query 

function to filter out scenes, which had already been 

processed to this directory before. 

4. PROCESSING FRAMEWORK 

The Framework of pyroSAR integrates available Processing 

Software to enable easier and comparable usage. It will, for 

example, insert an extra processing step or a series of 

additional processing commands in case a vector geometry 

(e.g. shapefile) representing a test site is passed to the 

function in Python, including in-memory reprojection if 

necessary. It also handles the required ancillary data, like 

DEM files or orbit state vector information. 

4.1. General Features 

The following describes general concepts of the processing 

framework, which are shared among the individual 

processing software APIs. 

4.1.1. Border Noise Removal 

This step describes the masking of an image artifact specific 

to Sentinel-1, which is not yet sufficiently achieved by 

neither SNAP nor Gamma. By following the guidelines 

published by ESA [5], it was found to still have artifacts 

remaining in the images, which would have prevented 

further automated time-series analysis and computation of 

multi-temporal statistics. While this has become superfluous 

for images processed by the ESA Instrument Processing 

Facility (IPF) version 2.9 published in January 2018 or later 

[5], additional steps were found necessary to achieve a final 

data quality suited for time series analysis. A custom 

approach was implemented based on the Visvalingam-

Whyatt method of poly-line vertex reduction [6]. First the 

border noise is reduced as recommended by [5] after which 

the remaining noise patterns are removed by cutting off 

irregular patterns at the image borders comparable to 

grinding off rough edges. 

4.1.2. Ancillary Data 

Another key requirement was the efficient use of ancillary 

data needed for processing, DEMs and orbit state vector 

files (OSV) in particular. SNAP automatically downloads 

the needed files into a defined directory structure during 

processing. While this stringent directory naming scheme is 

seen as an advantage, the automatic downloading during 

processing can be of disadvantage in a multi-node server 

scheme, where not each node might have internet access. 

Hence, pyroSAR offers functionalities to download and 

manage necessary ancillary data into this directory structure 

such that subsequent processing is possible without internet 

access. Furthermore, it is planned to apply this directory 

structure to the Gamma processing API for mutual use so 

that file storage can be reduced. 
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4.1.3. Error Handling 

Any error message that originated from the processing 

software should be handled by pyroSAR internally and be 

passed to the user only if necessary. For example, an 

automated processing job of several hundred scenes should 

not be aborted if only one scene is corrupt. This error should 

instead be protocolled in log files for later error tracing. 

Being able to differentiate between different error messages 

and translating them to Python error types is seen as 

necessary to achieve this since error messages might be 

difficult to interpret by a user and differentiation of error 

severity is not possible by executing piped processes. 

4.1.4. Parallelization 

pyroSAR uses the Python package pathos [7, 8] for 

parallelization of several geo-processing tasks across CPUs. 

This package was found to be superior to native Python 

solutions due to the easy passing of objects across parallel 

processes. In a multi-node setup, the scoop package [9] is 

used for process coordination via SSH. pyroSAR offers API 

functionality with the aim to make it as easy as possible to 

work with both solutions. Both SNAP and Gamma can 

themselves be parallelized across multiple CPUs so that own 

approaches are only necessary for multi-node orchestration. 

4.1.5. Spatial Data Handling 

Initially, several classes and functions for handling spatial 

data using GDAL were directly available in pyroSAR. It 

was recently decided to outsource this functionality to a 

separate package spatialist [10], which might be used 

outside of the scope of pyroSAR. This package is also 

available via GitHub and PyPI and is currently developed 

parallel to pyroSAR with new requirements defined by 

developments in the latter. Like pyroSAR, spatialist works 

both on Windows and Linux, which is ensured via 

continuous integration. It is intended as a more user-friendly 

API to GDAL and further offers several convenience 

functionalities for easy spatial data handling. 

4.1.6. Product Export 

Currently, pyroSAR supports two schemes for handling data 

after processing. Initial development focused on mosaicking 

and resampling the individual GeoTiffs to specific test site 

boundaries so that images from different scenes acquired on 

the same satellite overpass are combined into one file and 

the individual tiles all share the same size. This way they 

can be treated as a single multi-layer file or 3D memory 

array.  

Recent work focused on the exploitation of the Open 

Data Cube software [11]. Export of scenes processed by 

pyroSAR directly into such an Open Data Cube is now 

easily possible. pyroSAR currently offers a set of classes 

and functions to read relevant metadata from a collection of 

raster files and generalize this metadata into an Open Data 

Cube product definition YAML file as well as indexing 

YAML files for each GeoTiff exported by pyroSAR. These 

exported files can then be passed to the command line 

functionalities of the Open Data Cube software for creating 

new products and adding the selected SAR scenes to them. 

Internally, several checks are performed by pyroSAR to 

ensure homogeneity among scenes and compatibility of 

them with already existing products. 

 

4.2. SNAP API 

Processing with the Sentinels Application Platform is 

realized by internally parsing XML workflows depending 

on the user input to pyroSAR functions and subsequently 

executing these workflows with the SNAP Graph 

Processing Tool (GPT) via Python’s subprocess module. 

This way, it is not necessary to start the graphical user 

interface at any time. The processing workflows created by 

pyroSAR are regularly checked for applicability in updated 

versions of SNAP. Additional configuration of GPT ensures 

a consistent output regardless of user input and SNAP 

default configuration. This way, the processing output is 

always one or several single-layer cloud-optimized GeoTiff 

files, each containing one polarization. The workflow is 

stored together with the image files sharing the same 

naming scheme so that at any point the processing steps of 

an individual dataset can be retraced and the scene database 

query results be filtered to scenes which have not yet been 

processed to the target directory before. 

4.3. Gamma API 

The execution of Gamma command line tools is realized in 

Python via using the subprocess module. Logfiles are 

automatically written to a user-defined directory. Several 

functions and classes are available to simplify parametrizing 

and connecting the numerous command line tools needed 

for processing the scenes. For example, parsing attributes of 

a Gamma parameter file into an object and directly 

exporting selected attributes to an ENVI HDR file for 

display in other software. Or, creating a DEM file in 

Gamma format from SRTM data including gap filling, geoid 

correction and reprojection by just defining a vector 

geometry and a directory containing the SRTM tiles. The 

most recent addition is an automatic parser for converting 

the documentation of the individual Gamma commands to 

Python functions. This gives the user the opportunity to 

easily wrap the processing steps into a clearly arranged 

Python script with named parameters without having to 

worry about keeping the right order of the positional 

parameter arguments passed to the Gamma commands. A 

custom wrapper for the subprocess module then executes the 

commands, writes log files and interprets error messages 

raised by Gamma into Python error types so that the error 
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can be reacted to appropriately. For example, an error 

indicating insufficient cross-correlation matches might just 

require another iteration with different parametrization 

instead of aborting the whole process. 

5. SOFTWARE MAINTENANCE 

pyroSAR is hosted on GitHub [12] and PyPI. A testing 

framework was established using pytest, which currently 

tests basic general functionalities and contains an initial 

collection of test data sets. Continuous integration into both 

Linux and Windows is achieved through Travis CI and 

AppVeyor respectively. Documentation is provided through 

sphinx and readthedocs. 

6. DISCUSSION AND FUTURE WORK 

In this work we described the Python library pyroSAR 

which allows for the seamless processing of large amounts 

of SAR data. Currently the developed functions, both for 

SNAP and Gamma, are optimized for processing Sentinel-1 

IW GRD products to geocoded Gamma0. This includes 

subsetting in case a test site geometry is defined, removal of 

border noise, updating of orbit state vector information from 

external sources, Range-Doppler geocoding, topographic 

normalization and optional scaling to dB. Having developed 

a framework, which has proven reliable for processing 

several thousands of SAR scenes in a multi-node server 

environment, current focus lies in making the software more 

user-friendly and transparent. While frameworks for CI-

testing and automated documentation have been 

implemented, further work is necessary for making both 

tests and documentation complete and improving the 

usability by providing specific use-cases and workflows in 

the documentation for demonstrating how the numerous 

functionalities within pyroSAR work together. Furthermore, 

testing does currently not include processing of SAR scenes, 

which is still done manually. It is seen inevitable to 

automate the testing of pyroSAR’s processing capabilities to 

ensure reliability for different SAR sensors and products and 

immediately detect changes in the processing software 

solutions, which pyroSAR offers APIs for. 

Furthermore, great potential is seen in further homogenizing 

the processing APIs in order to consistently map the 

workflows in a mutual format, e.g. XML, which enables 

tracing of data from raw download to availability in a data 

cube. 

In a general perspective of keeping pyroSAR up to the 

rapidly evolving field of big earth data, focus will be placed 

on integration into platform environments and further 

adaptation of big data software solutions. Utilization of the 

Data and Information Access Services (DIAS) or Amazon 

Web Services (AWS) and integration of big data software 

such as e.g. Docker and Kubernetes for process 

orchestration as well as the Open Data Cube and rasdaman 

for data management are of particular interest. 
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ABSTRACT 

 
The scope of this paper is to feature the G-POD (Grid Processing On 
Demand) SARvatore service to users for the exploitation of 
CryoSat-2 and Sentinel-3 data, which was designed and developed 
by the Altimetry Team at ESA-ESRIN EOP-SD. The G-POD 
service coined SARvatore (SAR Versatile Altimetric Toolkit for 
Ocean Research & Exploitation) is a web platform that allows any 
scientist to process on-line, on-demand and with user-selectable 
configuration CryoSat-2 SAR/SARIN and Sentinel-3 SAR data, 
from L1a (FBR) data products up to SAR/SARin Level-2 
geophysical data products. Several years of CryoSat-2 FBR data are 
at the disposal of the user, plus the full power of the G-POD's cluster: 
600 CPUs and over 500 TB of storage. 
 
Index Terms - SAR ALTIMETRY, CRYOSAT, SENTINEL-3, 
GPOD, SAMOSA, SENTINEL-3 STM 
 

1. INTRODUCTION 
 
The SAR Versatile Altimetric Toolkit for Ocean Research & 
Exploitation (SARvatore) takes advantage of the G-POD (Grid 
Processing On Demand) distributed computing platform (600 CPUs 
in ~90 Working Nodes) to timely deliver output data products and 
to interface with ESA-ESRIN FBR data archive (439,184 SAR 
passes and 367,592 SARin passes for Cryosat-2 and 39’000 SAR 
passes for Sentinel-3A). The output data products are generated in 
standard NetCDF format (using CF Convention), therefore being 
compatible with the Multi-Mission Radar Altimetry Toolbox 
(BRAT) and other NetCDF tools. By using the G-POD graphical 
interface, it is straightforward to select a geographical area of 
interest within the time-frame related to the Cryosat-2 SAR/SARin 
FBR and Sentinel-3 L1A data products availability in the service 
catalogue. The processor prototype is versatile, allowing users to 
customize and to adapt the processing according to their specific 
requirements by setting a list of configurable options. Pre-defined 
processing configurations (Official CryoSat-2, Official Sentinel-3, 
Open Ocean, Coastal Zone, Inland Water (20Hz & 80Hz), Ice and 
Sea-Ice) are available. After the task submission, users can follow, 
in real time, the status of the processing, which can be lengthy due 
to the required intense number-crunching inherent to SAR 
processing. From the web interface, users can choose to generate 
experimental SAR data products as stack data and RIP (Range 
Integrated Power) waveforms. The processing service, initially 
developed to support the awarded development contracts by 
confronting the deliverables to ESA’s prototype, is now made 
available to the worldwide SAR Altimetry Community for research 
& development experiments, for on-site demonstrations/training in 

training courses and workshops, for cross-comparison to third party 
products (e.g. CLS/CNES CPP or ESA SAR COP data products), 
for producing data and graphics for publications, etc. Initially, the 
processing was designed and uniquely optimized for open ocean 
studies. It was based on the SAMOSA model developed for the 
Sentinel-3 Ground Segment using CryoSat data (Cotton et al., 2008; 
Ray et al., 2014). However, since June 2015, the SAMOSA+ 
retracker is available as a dedicated retracker for coastal zone, inland 
water and sea-ice/ice-sheet. A new retracker (SAMOSA++) has 
been recently developed and will be made available in the future. It 
will make usage of the RIP providing in output mean square slope. 
Following the launch of Sentinel-3, a new flavor of the service has 
been initiated, exclusively dedicated to the processing of Sentinel-3 
mission data products. The scope of this new service is to maximize 
the exploitation of the Sentinel-3 Surface Topography Mission’s 
data over all surfaces providing user with specific processing 
options not available in the default processing chain. The services 
are open, free of charge (supported by the ESA SEOM Programme 
Element) for worldwide scientific applications and available at URL 
reported in section 7. In this paper, we present first the ESA G-POD 
framework and system. Then we describe in detail the CryoSat-
2/Sentinel-3 SAR Processing service integrated in G-POD and we 
conclude with the output package description and information on the 
contacts and references. 
  

2. G-POD SYSTEM 
 
The ESA Grid Processing on Demand (G-POD) system is a generic 
GRID-based operational computing environment where specific 
data-handling Earth-Observation services can be seamlessly 
plugged into system. One of the goals of G-POD is to provide users 
with a fast computational facility without the need to handle bulky 
data. 
 
The G-POD system hosts high-speed connectivity, distributed 
processing resources and large volumes of data to provide scientific 
and industrial partners with a shared data processing platform 
fostering the development, validation and operations of new Earth 
Observation applications. In particular, the G-POD environment 
consists of: 
 

 Over 600 CPUs in about 90 Working Nodes (50 reserved for 
SARvatore with 8 CPUs & 32GB RAM each. 5 tasks are 
typically parallelized in each node). 

 Over 400  TB of local on-line Storage plus 180 TB of EO 
data accessed directly from the PACs. 

 Access to Cloud processing and data resources on demand 
(from Interoute and other providers). 
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 Online software resources: IDL, MATLAB, BEAT, 
BEAM, BRAT. 

 
Considering the specs of each working node, SARvatore is 
averagely 50 times faster than a PC with similar specs using no 
parallelization (250 times faster, if all available resources would be 
allocated to a single user). As an example, GPOD can process 7 
years of CryoSat-2 SAR collected over the Arctic during the month 
of September  (approx. 7’500 passes) in 15 days (83.3 passes/day). 
An user would require 750 days to process the same amount of data. 
 
Actually, G-POD has more than 400TB of EO data locally stored. 
EO Data available to G-POD services come either from ESA and 
non-ESA missions. The G-POD web portal (http://gpod.eo.esa.int/) 
is a flexible, secure, generic and distributed web platform where the 
user can easily manage all own tasks. From the creation of a new 
task to the output publication, including data selection and job 
monitoring, the user goes through a friendly and intuitive user 
interface accessible from everywhere. More detailed information on 
the G-POD Web Portal and System are available here: 
http://wiki.services.eoportal.org/tiki-
index.php?page=GPOD+User+Manual#Annex  
 

3. CRYOSAT-2/ SENTINEL-3 SAR PROCESSING ON 
DEMAND SERVICE 

 
The ESA G-POD Earth-Observation Service, SARvatore 
(SAR Versatile Altimetric Toolkit for Ocean Research & 
Exploitation) for CryoSat-2 and Sentinel-3 is an Earth-Observation 
application that provides the capability to process remotely and on 
demand CryoSat-2 SAR and Sentinel-3 data, from L1a (FBR, Full 
Bit Rate) data products until SAR Level-2 geophysical data products 
(Jensen and Raney, 1998; Wingham et al., 2006; Martin-Puig et al., 
2008; Raney, 2008; Raney, 2012; Raney 2013). 
 
The service works over any kind of surfaces and has been enhanced 
for inland water, land, sea-ice and ice sheets, implementing the 
SAMOSA+ model. The service is based on the SAR Processor 
Prototype that has been developed entirely by the ESA-ESRIN 
EOP-SD Altimetry Team (the authors) for CryoSat-2 & Sentinel-3 
validation purposes, with the following system features: 
 

 SAR/SARin FBR(L1a)/L1b DATA Archiving and 
Cataloguing  

 SAR/SARin L1b Processor Prototype (Standard Delay- 
Doppler Processing)  

 SAR/SARin L2 Retracker Prototype with SAMOSA 
Analytical Model and LEVMAR Least Square Estimator 
(Cotton et al., 2008; Ray et al., 2014) 

 Input: CRYOSAT SAR/SARIN FBR DATA; Sentinel-3 
SAR L1a Data 

 Output L1b   Radar  Echogram 
 Output L2  SSH, SLA (w/o SSB), SWH, sigma0, wind 

speed  
 
The ESRIN EOP-SD ALT Team succeeded to compile the processor 
for a 64-bit Linux platform and delivered to the ESA G-POD team 
the executable codes, the input archive (CryoSat SAR FBR) and 
satellite footprints (ASCII tracks). 

Now, the toolkit has been fully integrated in the GPOD System for 
gridded and on-demand computation. 
 
The objectives of the service integration in GPOD are:  

 to experiment in-house research themes that will be further 
matured in the ESA-funded R&D projects;   

 to provide  expert users with  consolidated SAR geo-
products to get acquainted with the novelties and specifities 
of SAR Altimetry;  

 to validate CryoSat-2 & Sentinel-3 ocean  products. 
 

The service is open, free of charge and accessible online from 
everywhere. In order to be granted the access to the service, you 
need an EO-SSO (Earth Observation Single Sign-On) credentials 
(for EO-SSO registration, go to 
https://earth.esa.int/web/guest/general-registration) and afterwards, 
you need to submit an e-mail to G-POD team (write to eo-
gpod@esa.int), requesting the activation of the service for your EO-
SSO user account. 
After the registration to EO-SSO, users can freely access the online 
service at: https://gpod.eo.esa.int/services/CRYOSAT_SAR/, 
https://gpod.eo.esa.int/services/SENTINEL3_SAR/. The services 
are listed under the Marine Theme. You can find them using the 
search bar as well.  
 

4. WEB USER INTERFACE 
 
Once you get to the service page (Fig. 1), the first action is to select 
the zone of interest and the time of interest for the required run. 
Regarding the selection of the area of interest, the user can simply 
draw a rectangle on the world map, after clicking on the rectangle 
icon on the tool bar. Instead, for more precise geo-selection, the user 
can either type directly the geo-coordinates of the area of interest 
using the geographical bar or switch to the newly available Google 
Earth map which ease the selection of inland water bodies. 

 
Regarding the time of interest, the user may set the start and stop 
dates in the calendar bar. By default, the start date is the time of 
CryoSat-2/Sentinel-3 launch and the stop date is set at 2 months 
prior to the current date. The GUI embeds all the standard buttons 
for image browsing as panning, zoom-in zoom-out, centering, undo, 
redo, reset, etc. Once the time and geo selection is done, clicking on 
the “QUERY” button, the service lists all the CryoSat-2/Sentinel-3 
passes matching the time and space requirements.  The CryoSat-
2/Sentinel-3 SAR tracks, crossing the area of interest, are then 
shown on the world map in overlay. The graphical interface lists a 
maximum of 250 passes per page and informs users of the total 
number of found passes. The user can decide which passes to select 
by clicking on the passes, select all, or delete some specific passes 
from the list.  
 
 On the top right, user finds a preference panel wherein user can set: 

 Name of the current task  
 Ftp Server where to publish the results (portal or personal)  
 Data compression (tgz, none, single file) 
 Grid Computing Resources 
 Task Priority  
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Figure 1: G-POD Sentinel-3 Service Main Interface. 

 
The last step, before submitting the task, is to set the list of 
processing options. Indeed, the processor prototype is versatile in 
the sense that the users can customize and adapt the processing 
algorithms with flags and parameters, according their specific 
requirements, acting upon a list of configurable options.  In the G-
POD interface, users can easily enter this list of processing options 
via a series of drop-down menus. The configurable options are 
divided according to the processing level they refer to (L1b and L2). 
Starting from the first SARvatore release in 2014, the following 
upgrades have been introduced: 
 

 Support for CryoSat-2 SARin Data. 
 Advanced SAMOSA algorithm (SAMOSA+) for coastal 

& inland water domains. 
 Added support for high posting rate (HPR) at 80 Hz in 

delivering the output geophysical parameters. 
 Tide Model (TPX08),Geoid (EGM2008, EIGEN-4C6), 

Mean Sea Surface (CNES-CLS MSS2015) and Sea State 
Bias Solution (CLS Jason-2). 

 Support for Sentinel-3A SAR data (NTC and STC data). 
 ECMWF SWH and Wind Speed. 
 NSIDC (sea ice concentration & age) and NCEP (Sea 

surface temperature and precipitable water) data. 
 Joint & Share Forum (a meeting place to post questions 

and report issues). 
 Data Repository (datasets processed for the users are 

available to the Altimetry Community). 
 

Moreover, by selecting the processing options properly, users can 
mimic the CryoSat-2 or the Sentinel-3 processing baseline for an 
easy cross-comparison between missions. Pre-defined processing 
configurations (Official CryoSat-2, Official Sentinel-3, Open 
Ocean, Coastal Zone, Inland Water (20Hz & 80Hz), Ice and Sea-
Ice) are available. Once the user has selected his processing options, 
in order to submit the task to G-POD Computing Elements, remains 
to click on the “PROCESS IT” button. After submission of a job, 
users will be directed to the workspace page where they can monitor 
in real time the status of the run and can be notified on the run status. 
The color code is: 
 

 Orange   run under processing 
 Green   run completed 

 Red   run failed 
 

Furthermore, by clicking on the task, the user can have more 
information, such as: Task Id, Task Creation Time, Processing Id, 
Grid Working Node Id, Task Progress (retrieving, processing, and 
publishing).After run completion, by clicking on the button “Jobs 
Information”, the user can inspect:  
 

 the GPOD log file (.stdout or .stderr) where eventual errors 
on data retrieving or data storing are reported; 

 the prototype configuration file (L1b_CONFIG_FILE.log 
and L2_CONFIG_FILE.log) where are reported all the 
processing options; 

 the prototype log files (L1b_start.log and L2_start.log) 
where are reported eventual prototype processing errors. 

 
Users can also decide to change one or more processing options and 
then re-submit the task. In case of successful run completion (green 
status), the portal will provide an http link from where to download 
the output package on the user’s own local drive. The users can order 
to post the package directly on a personal ftp server after having 
communicated to the web platform the ftp server credentials 
(through the “publish servers” sub-menu). This is the recommended 
option in case of processing of large amount of data.  
 
Future releases will: 
 

 Support the UPorto GPD wet correction. 
 Support new Tide Models (FES 2014b & TPX09). 
 Enhance retracking capabilities with the SAMOSA++ 

retracker.  
 Support for Sentinel-3B SAR data. 

 
5. OUTPUT PACKAGE & BRAT TOOLBOX 
COMPATIBILITY 
 
The output package consists of: 
 

 Satellite Pass Ground-Track in KML format 
 Radar Echogram Picture in PNG format 
 L2 Data Product in NetCDF format containing all the 

scientific results 
 

The NetCDF format is self-explanatory with all the data field 
significance described in the attributes. The NetCDF Data Product 
follows the CF (Climate&Forecast) 1.6 Convention and can be 
opened with any standard NetCDF tools (ncdump, HDFview, etc.).  
 
The following upgrades have been introduced for NetCDF Data 
Products: 

 Inclusion of SAR echo and SAR RIP (Range Integrated 
Power) waveforms in the NetCDF files. 

 Inclusion of STACK Data in the NetCDF files. 
 
The recommended option is to ingest the NetCDF Data Products in 
BRAT Toolbox in order to exploit all the BRAT functionalities to 
browse and visualize the output content (Fig. 2). The Broadview 
Radar Altimetry Toolbox (BRAT) is a software suite designed to 
facilitate the use of radar altimetry data. It is able to read most 
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distributed radar altimetry data, from ERS-1, ERS-2, 
TOPEX/Poseidon, Geosat Follow-On, Jason-1, Jason-2, Envisat, 
CryoSat-2, Jason-3 and Sentinel-3, to perform some processing, data 
editing and statistics, and to visualize the results. As part of the 
Toolbox, a Radar Altimetry Tutorial provides information about 
radar altimetry, the technique involved and its applications, as well 
as an overview of past, present and future missions, including 
information on how to access data and additional software and 
documentation. It also presents a series of data use cases, covering 
all uses of altimetry over ocean, cryosphere, inland water and land, 
showing the basic methods for some of the most frequent manners 
of using altimetry data. BRAT has been developed under contract 
with ESA and CNES (http://www.altimetry.info and 
http://earth.esa.int/brat/). 
 

 
Figure 2:  A cycle of Envisat data (Significant Wave Height) 

opened in BRAT. 

6. CONCLUSIONS 
 

To foster a new generation of SAR altimeter specialists and to get 
prepared for the Scientific Exploitation of Operational Missions 
(SEOM), a configurable versatile SAR processor has been 
developed and hosted in the ESA G-POD infrastructure. The G-
POD Service coined SARvatore (SAR Versatile Altimetric Toolkit 
for Ocean Research & Exploitation) is a web platform that provides 
the capability to process on-line and on-demand CryoSat-2 and 
Sentinel-3 SAR data, from L1a (FBR) data products until SAR 
Level-2 geophysical data products, with a suite of selectable 
configuration parameters. The processing algorithms are the ones 
used in the Sentinel-3 Ground Segment, which mathematical model, 
SAMOSA, is described in Ray et al. (2014). By selecting the 
processing options properly, users can mimic the CryoSat-2 or the 
Sentinel-3 processing baseline for an easy cross-comparison 
between missions. Moreover, specific processing options not 
available in CryoSat-2 and the Sentinel-3 processing baselines have 
been made available to users along with pre-defined processing 
configurations. The Broadview Radar Altimeter Toolbox can 
display the output of SARvatore. The service is open, free of charge 
and accessible online from everywhere.  
 

7. FURTHER INFORMATION 
 

For any question, bug report and support, please contact us at: 
altimetry.info@esa.int and eo-gpod@esa.int 
 
SARvatore is available at: 

https://gpod.eo.esa.int/services/CRYOSAT_SAR/ 
https://gpod.eo.esa.int/services/CRYOSAT_SARIN/ 
https://gpod.eo.esa.int/services/SENTINEL3_SAR/  
 
SARvatore Data Repository is available at: 
https://wiki.services.eoportal.org/tiki-
index.php?page=SARvatore+Data+Repository&highlight=repository 
 
SARvatore “Join & Share” Forum is available at (GPOD section): 
https://wiki.services.eoportal.org/tiki-custom_home.php  
 
BRAT is available at: http://earth.esa.int/brat 
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9. UNIVERSAL RESOURCE LOCATORS (URL) 
 

SEOM web site   http://seom.esa.int/ 
ESA Earth Online    http://eopi.esa.int/ 
Sentinels Online  http://sentinel.esa.int/ 
Copernicus  http://www.copernicus.eu 
CP4O    http://www.satoc.eu/projects/CP4O/ 
Coastal Altimetry Workshops   http:////www.coastalaltimetry.org 
RADS                     http://rads.tudelft.nl 
SAMOSA                                    http://www.satoc.eu/projects/samosa/ 
AVISO+                    http://www.aviso.altimetry.fr/ 
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STANDALONE SOFTWARE FOR DETECTING CHANGES IN SAR AND OPTICAL IMAGES

Behnaz Pirzamanbein and Allan A. Nielsen

Department of Applied Mathematics and Computer Science, Technical University of Denmark

ABSTRACT

Change detection is an important application in remote sens-
ing earth observation which leads to identification of sig-
nificant environmental events, forest and agricultural land
monitoring. In this paper, we introduce a standalone software
for two well-known change detection methods, omnibus test
and iteratively re-weighted multivariate alteration detection
(IR-MAD). Omnibus test deals with synthetic aperture radar
(SAR) data and detects changes based on computing a se-
quence of test statistics of covariance matrices and IR-MAD
computes the changes between two time points of optical
data. Given the availability of earth observation data from
different sources and in large amount, the important role of a
free software which can deal with big data is apparent.

1. INTRODUCTION

This paper aims to introduce a standalone software for two
automatic and popular change detection methods; Omnibus
test [3, Sec 2.1] and iteratively reweighted multivariate alter-
ation detection (IR-MAD) [7, Sec 2.2]. The standalone soft-
ware is available in two formats i.e. graphical user interface
(GUI) app and command-line executable. The app has an in-
teractive user interface while the command-line version can
be run directly on console given the specified variables (Sec
3). Moreover, the standalone software can handle different
formats of images, such as Georeferenced Tagged Image File
Format (GeoTIFF), and ENVI binary image coupled with a
header file and it has a special module for big data. Depend-
ing on the memory capacity of the computer, users can choose
to load images into memory or use line by line processing.
Furthermore, to decrease the computation time, the software
uses parallel computing techniques. For demonstration, two
examples are considered using different formats of the soft-
ware on SAR and optical images. The software is published
on github.com/BehnazP/DataBio.

2. METHODS

In this section both change detection methods are briefly ex-
plained [for more detail see 3, 7]. Note that in the standalone
software, omnibus test is called WISHARTChange and IR-
MAD method is called MADChange.

2.1. WISHARTChange

Omnibus test [3] is a change detection method for a sequence
of multi-look polarimetric synthetic aperture radar (SAR)
data [9]. The method applies a test statistic to quantify the
equality of polarimetric covariance matrices (Σp×p). Detect-
ing if and when a change has occurred is based on the test
statistics’ significance level on a per-pixel basis or collections
of pixels (segments, patches, fields) .

The equivalent number of looks (ENL) in SAR imagery
refers to the number of independent pixels of a surface area
that is averaged in order to reduce the effect of speckle.
Speckle is a noise-like consequence of the coherent nature of
the signal transmitted from the sensor. The main assumption
of the WISHARTChange method is that the multiplication of
the observed signals (Σ) by ENL (n), are complex Wishart
distributed, i.e. X = nΣ ∼WC(p, n,Σ).

The method tests a hypothesis that all pixels from differ-
ent time points (t ≥ 2) are characterized by the same Σ.
Therefore the null hypothesis is H0 : Σ1 = Σ2 = · · · =
ΣT (= Σ) against the alternative (H1) that at least one of the
Σt, t = 1, . . . , T , is different, i.e., at least one change has oc-
curred. Since the distributions are known, a likelihood ratio
test can be formulated which allows one to decide a desired
level of significance whether or not to reject the null hypoth-
esis. The algorithm computes the logarithm of the omnibus
likelihood ratio test statistic, Q, for testing H0 against H1

(see [3] for more detail).
Furthermore, this test can be factored into a sequence of

tests involving hypotheses of the form Σ1 = Σ2 against
Σ1 6= Σ2, Σ1 = Σ2 = Σ3 against Σ1 = Σ2 6= Σ3, and so
forth. The method computes the likelihood ratio test statistic
Rt for testing the hypothesis H0,t : Σt = Σ1 against H1,t :
Σt 6= Σ1. The Rt constitute a factorization of Q such that
Q =

∏T
t=2Rt.

The tests are statistically independent under the null hy-
pothesis. In the event of rejection of the null hypothesis at
some point in the test sequence, the procedure is restarted
from that point, so that multiple changes within the time se-
ries can be identified.

2.2. MADChange

Iteratively reweighted multivariate alteration detection (IR-
MAD) algorithm [7, 1] is a statistical approach to detect
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changes in optical images. This method utilizes an iteration
scheme to identify a better background of no-change against
which to detect significant change. The method applies
canonical correlation analysis (CCA) [6] to multi-spectral
images from two time points. The CCA orders the image
bands according to similarity based on correlation, rather
than spectral wavelength. The differences between corre-
sponding pairs of canonical variates are called the MAD
variates,

Z = aTX− bTY

where X and Y represents the m-dimensional images, and a
and b are the eigenvectors from the CCA. Therefore, aTX
and bTY are m uncorrelated canonical variates (CVs) with
mean zero and variance one for time points one and two, re-
spectively. The correlation between corresponding pairs of
CVs, the canonical correlation (ρ) is maximized in CCA,
therefore we have m uncorrelated MAD variates with mean
zero and variance 2(1 − ρ). Since the MAD variates for the
no-change observations are approximately Gaussian and un-
correlated, the sum of their squared values after normalization
to unit variance ideally follows a chi squared distribution with
m degrees of freedom,

C2 =

m∑

i=1

Z2
i

2(1− ρi)
∼ χ2(m).

In addition the probability of no-change is approximated by
1 − P{χ2(m) ≤ c2} where c2 is the actually observed value
of C2 and used as weight, w. In each iteration the value
of each image pixel is weighted by corresponding w which
is the current estimate of the no-change probability and the
image statistics i.e. mean and covariance matrices are re-
computed. Iterations continue until the canonical correlations
stop changing according to a pre-defined threshold or a max-
imum number of iterations is reached.

3. STANDALONE SOFTWARE

The standalone GUI app and command-line program for both
WISHARTChange and MADChange methods are developed
in MATLAB®. At the time of writing the manuscript, the
software packages are available for Windows and Linux op-
erating systems. The Mac version is under development.

Depending on memory capacity of the user’s computer,
the software can handle small and big images by either fitting
them into local memory or reading and treating them line by
line. The uniqueness of the standalone software is the abil-
ity of dealing with different types of image such as GeoTIFF
and ENVI, i.e. a flat-binary raster file with an accompanying
ASCII header file. For cloud based software working with
Google Earth Engine (GEE) [5] see [2] and for MATLAB
based packages for specific image type, see [4] for IR-MAD
and see [8] for omnibus test.

3.1. Download and installation

Users can download the GUI app and command-line version
of the software from github.com/BehnazP/DataBio and install
it on their computer. In order to use the standalone software,
first the MATLAB Runtime installer provided with the soft-
ware should be installed. The installer contains all the re-
quired MATLAB functions for running the software without
having MATLAB installed on the user’s computer.

The GUI app can run similar to any other software af-
ter installation. For executing the command-line version on
Windows, users go to the directory of the saved executable
file and call the executable and provide the input variables.
Linux users, in addition, have to provide the path to installed
MATLAB Runtime following the executable file.

3.2. Input

In WISHARTChange, users are required to provide sequence
of SAR images, processing modality to read the images into
the memory or using the line by line processing, ENL, p-
value significance level for the omnibus test, polarization
type, number of time points, polarization names as well as
the name used for time sequences, saving directory. In addi-
tion, there is an option to select and compute the changes in
a region of interest (ROI) by providing a binary mask or by
choosing the ROI interactively from the frequency map (see
Fig. 2 a.).

In MADChange, users are required to provide the two
multi-spectral optical images, the name of the multi spectral
bands used in the name of the images, a threshold as a crite-
rion to stop the iteration, processing modality to read the im-
ages into the memory or using the line by line processing, and
saving directory for the results. In addition, there are two op-
tions to do a pre-processing scheme by masking the strongest
changes and excluding low values related to dark regions [4].

Note that, if users do not provide any extra information
except the input images, the app will apply the method based
on default values pre-defined in the software.

3.3. Output

The WISHARTChange software outputs a table containing
average no-change probabilities and a figure containing maps
of changes. In addition, the table is saved as a text file and the
maps are saved as an image with three bands, i.e. first change,
last change and frequency of the change in same format as the
provided images.

The MADChange software outputs a figure showing the
probability of no-change. Moreover, the IR-MAD variates
are saved for further analysis as an image with same number
of bands and same format as the provided images. In addition,
there is an option to save the CVs and chi-square images. The
software also provides the canonical correlation convergence
plot.
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3.4. Illustration

In this section, we include two examples using MADChange
and WISHARTChange standalone software for visualisation
of results and outputs.

In the first example, the WISHARTChange software is ap-
plied to SAR data which are acquired by the fully polarimetric
Danish airborne SAR system, i.e EMISAR (see [3] for more
detail). The example investigates the changes in crops land
and forest area of Foulum in Jutland Denmark for six time
points; March 21, April 17, May 20, June 16, July 15, and Au-
gust 16, 1998. The identified changes can help environmental
managers to study the development stage of different crops
and forest areas. Fig 1 shows first change, last change and
the frequency of the change which occurred in the area. For
demonstration, a region of interest (ROI) is chosen interac-
tively (Fig 2 a.) and the probability of no-change is computed
and shown in Fig 2 b. The chosen ROI is a peas farm land and
from the results one can conclude there has been significant
changes between all six points.

In the second example, the MADChange software is ap-
plied to GeoTiff data which is obtained from GEE. The ex-
ample investigates the changes in agricultural land and forest
areas of Javier in North Spain for two time points; October
21 2016 and October 11 2017. The identified changes can
help forest managers and land owners to identify forest dis-
ease and monitor the changes in their lands in early stages.
Fig 3 shows the probability of no-change in the Javier region.
The first three bands of IR-MAD variates is shown in Fig 4 as
a RGB image corresponding to greatest canonical correlation.
The figures indicate no-change in forest area, small changes
in some of the grass lands around agricultural areas and major
changes in agricultural land.

4. CONCLUSION

This paper introduces standalone software for SAR and
optical images which can be used in many application ar-
eas where analysing and monitoring spatio-temporal dy-
namics is important. The software packages are called
WISHARTChange and MADChange and are based on two
automated and popular change detection methods; omnibus
test and IR-MAD, respectively. The software is published on
github.com/BehnazP/DataBio in two versions; GUI app and
command-line executable. The uniqueness of the standalone
software is its flexibility to handle different formats of images
and also its capability to handle big data.

The outputs of the standalone software are shown in two
examples. The results provide insights for detecting changes
that might help environmental managers and policy makers.
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Fig. 1. Output from WISHARTChange software for the Foulum area in Denmark for six time points, on the left is the map of
first changes, middle is the map of last changes, and the right shows the frequency of the changes.

a. Peas farm land b. Averaged no-change probabilities

Fig. 2. Output from WISHARTChange software; a. shows the region of interest chosen interactively and b. shows the average
no-change probabilities for the peas farm land selected in a).
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Fig. 3. Output from MADChange software showing prob-
ability of no change in Javier region in North Spain between
October 21 2016 and October 11 2017.

Fig. 4. The image of first three IRMAD variates show differ-
ent changes in agricultural lands, forest areas and grass lands
based on the output from MADChange software.
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ABSTRACT 

D-MOSS, Dengue MOsquito Simulation from Satellites, is a 

dengue fever early warning system for Vietnam being 

developed by a project sponsored by the UK Space 

Agency’s International Partnership Programme. It will give 

beneficiaries several months advance warning of likely 

outbreaks of dengue fever. Earth Observation datasets are 

combined with health and water availability information to 

produce a new integrated dengue forecasting model. The 

system will also include a water assessment module that will 

provide the additional benefit of improving water 

management in Vietnam’s transboundary river basins. 

Index Terms— Earth Observations, dengue, water 

availability, forecasting, early warning systems, data 

integration 

1. INTRODUCTION 

Before 1970 only nine countries had experienced severe 

dengue fever epidemics
1
. Today the disease is endemic in 

141 countries, affecting 390 million people globally
2
. The 

total global annual cost of dengue fever has been estimated 

to be almost US$9 billion per year, which is three times that 

of cholera and over four times that of gastroenteritis [1]. 

Since 2000, there has been an increase of over 100% in the 

number of cases of dengue fever in Vietnam, with ~185,000 

cases occurring in 2017
3
.   

In Vietnam there is currently no system in place to 

forecast the probability of future dengue outbreaks. Recently 

the epidemiological situation in Vietnam has been worsened 

by the failure to maintain adequate control of the Aedes 

aegypti species of mosquito that spreads dengue fever. The 

D-MOSS project is developing a forecasting system that 

will allow public health authorities to identify areas of high 

risk for disease epidemics before an outbreak occurs, in 

order to target resources to reduce epidemic spreading and 

increase disease control.  

Earth Observation (EO) datasets are combined with 

health and water availability information to produce a new 

integrated dengue forecasting model. The model links EO 

                                                 
1
http://www.searo.who.int/entity/vector_borne_tropical_dise

ases/data/data_factsheet/en/ 
2
http://www.who.int/news-room/fact-sheets/detail/dengue-

and-severe-dengue 
3
https://www.garda.com/crisis24/news-

alerts/87956/vietnam-increase-in-dengue-fever-cases-in-

2017 

data with weather forecasts and a hydrological model to 

predict the likelihood of future dengue epidemics up to eight 

months in advance.   

The dengue forecasting tool also includes a water 

availability module, which will help to improve water 

management in Vietnam’s transboundary river basins where 

there is a paucity of hydro-meteorological information. 

The D-MOSS project is funded by the UK Space 

Agency’s International Partnership Programme and led by 

HR Wallingford, working with the London School of 

Hygiene and Tropical Medicine, the UK Met Office and 

Oxford Policy Management  in the UK, and with the 

following international partners: the United Nations 

Development Programme, the World Health Organisation, 

the Vietnamese Institute of Meteorology, Hydrology and 

Climate Change, the Pasteur Institute Ho Chi Minh City, 

and the National Institute of Hygiene and Epidemiology in 

Vietnam. 

2. METHODOLOGY 

The D-MOSS project is developing a suite of innovative 

tools that will allow beneficiaries to: issue alerts for dengue 

fever (with a view to develop the same for Zika virus); and 

provide assessments of vector-borne disease risk under 

future climate and land-use change scenarios. In addition, 

forecasts of water scarcity will be made and incorporated 

into the dengue early warning tool. The integrated suite 

combines data from EO-based sources, climate forecasting 

and land-surface modelling.  

D-MOSS integrates multiple stressors such as water 

availability, land-cover, precipitation and temperature in 

order to forecast future outbreaks of dengue fever. The 

approach uses a common spatio-temporal analysis ‘grid’ 

with a ‘Polygon Series’ structure [2] to integrate historical 

stressor datasets with each other and with historic dengue 

fever incidents, which are then input into a statistical model 

which provides forecasts based on future seasonal forecasts 

of these stressors.  

The architecture of the solution relies on open and non-

proprietary software, where possible, and on flexible 

deployment into platforms including cloud-based virtual 

storage and application processing. D-MOSS makes use of 

open-source solutions where possible (such as LINUX, 

POSTGIS and Mongo RDF) and widely known 

development languages and tools (such as Java, Python, 

HTML, XML). As such, the reliance on proprietary third 

party software and the knowledge of such software in the 

future is reduced. Moreover, the opportunity to replicate the 
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Figure 1: System overview 
 

generic design in other parts of the world and for other 

diseases is increased. A simplified overview of the system is 

shown in Figure 1. 

2.1. Development of a water availability forecasting 

system 

We are developing an integrated modelling system that 

combines: EO data, climate forecasting and hydrological 

modelling. This system: (a) generates water stress 

assessments; and (b) projects longer-term impacts of 

multiple stressors on water resources that feed into the 

dengue prediction tool. UK Met Office seasonal forecasts 

are used to drive the VIC hydrological model [3], whose 

outputs are combined with EO datasets and translated to 

indicators of water stress such as commonly used indicators 

of drought (e.g. Standardized Precipitation Index). The 

system includes three EO-based components (i.e. land-use, 

weather and water resources) and generates monthly 

forecasts of water stress. The system will be calibrated 

against historical data. The water availability forecasts are 

subsequently fed into the dengue prediction tool.  

2.2. Development of dengue early warning system 

The integrated system described in Section 2.1 provides an 

assessment of the water resource situation. This feeds into 

new statistical forecasting models of disease incidence, 

based on a spatio-temporal Bayesian hierarchical mixed-

modelling approach [4] & [5]. The dengue early warning 

system model integrates the water stress forecast with a 

range of other covariates important for dengue transmission 

to forecasts of dengue incidence, up to six months in 

advance. These forecasts are directly relevant to water 

management activities. The additional variables such as 

water stress, related to the surveillance of the Aedes aegypti 

mosquito vectors, are included to strengthen the model in 

order to enhance its ability to forecast dengue outbreaks and 

associated morbidity. Data on historical dengue outbreaks 

will be used as input to the model.  

Spatio-temporally explicit models are used to fit non-

linear and interactive relationships between each of the 

covariates and the historical dengue incidence (1998-2018) 

for all 63 provinces of Vietnam. The model provides 

predictions of: (a) Monthly dengue incidence including 

uncertainty; (b) Probability of exceeding the outbreak 

threshold; (c) Projected incidence under different water 

management scenarios (as determined following 

consultation with stakeholders). 

3. RESULTS 

The D-MOSS project is within its first year, of a three-year 

programme and is currently focused on the platform 

development alongside bringing together the key input data 

streams and engaging with the government in Vietnam to 

ensure that all components are fit for purpose. 

The portrayal system (Figure 2) will be designed to 

communicate the dengue and water availability forecasts to 

the Vietnamese Ministries of Health and Natural Resources 

and Environment, respectively.  It will be used within an 

incident room in Hanoi with other users able to access the 

website at regional centres around the country.  The user 

interface will also incorporate supporting information on 

recommended actions to be taken, provided by the decision 

makers and based on the forecasts and associated 

uncertainty.  

As part collecting, reviewing and integrating data within 

D-MOSS, we have been focusing on some key variables that 

have been shown to influence dengue outbreaks. These 

variables were then assessed for availability, as well as 

review, integration and processing so that the data is of use 

before going into the predictive model. Here we present 

some results on the analysis done for different rainfall 

products, given here as one of the key, typical hydro-

meteorological variables.  

The satellite products chosen to provide rainfall 

estimates are: the TRMM 3B42v7 [6] (hereafter referred to 

as TRMM) and the Integrated MultisatellitE Retrievals for 

GPM [7] (GPM IMERG v5, hereafter referred to as GPM).  

These are multi-satellite-gauge combination products that 

assimilate data from a core satellite and a constellation of 

other satellites from partner agencies, equipped with 

InfraRed and Passive MicroWave sensors.  

 

Figure 2: D-MOSS user interface 
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Figure 3: Mean correlation coefficient and mean bias between 

GPM  and TRMM, with the latter taken as reference, for rainfall 

monthly totals. 

 

To support the validation of the satellite datasets an 

observational reference dataset of 248 ground rainfall 

stations was used, provided by the Institute of Meteorology, 

Hydrology and Climate Change in Vietnam (hereafter 

referred to as IMHEN-obs).  

Figure 3 shows the mean correlation coefficient and the 

mean bias between GPM and TRMM with the latter taken as 

reference, for rainfall monthly totals. The comparison is 

carried out between 12-03-2014 (when GPM starts to be 

operative) and 31-12-2017, and results are aggregated over 

two seasons: (a) the wet season corresponding to the central 

months of the southwest monsoon (June-July-August, JJA); 

and (b) the dry season corresponding to the northeast 

monsoon (December-January-February, DJF). Over the 

selected period the two datasets show an overall good 

correlation, with different spatial patterns between JJA and 

DJF. Interestingly there is a region with very low correlation 

around central Vietnam during the dry season. Regarding 

the rainfall magnitude (bias plots), during the wet season 

(JJA) the large differences are found along the coasts, over 

the mountain regions and over the Mekong river delta in the 

south. The bias is much larger in the dry season (DJF), 

however, since in this case the rainfall amount is typically 

low even small differences could cause large biases. 

In Figure 4 the mean performance of GPM and TRMM 

is assessed against the observations dataset IMHEN-obs, for 

rainfall monthly totals aggregated by climatic zones. The 

analysis period is between 12-03-2014 and 31-11-2015. In 

general, GPM is better in capturing the dynamic of rainfall, 

with an outstanding exception for the North Central Coast 

climatic zone where TRMM shows higher correlation with 

ground stations. However, GPM is found to overestimate the 

rainfall magnitude over all climatic zones but the Central 

Highlands. 

4. DISCUSSION 

Precipitation estimates interact with sensor sensitivity, 

spatio-temporal resolution, climate, type of rain, topography 

and the retrieval algorithm; the complex nature of these 

interactions makes it difficult to define probabilistically the 

precipitation estimates [8].  

For TRMM and GPM the random component of the 

estimate error is computed following the Huffman (1997) 

method [9]. However, recognizing the simplistic approach 

adopted, NASA is currently trying to implement new 

methodologies to define the random error  [8] & [10]. The 

issue of data quality has been recently addressed in the new 

GPM products, where a quality flag value has been devised 

and added to the data [11]. TRMM has no quality index 

associated.  

In the future, provided that a larger number of rainfall 

ground stations can be made available, the random error 

may be estimated following the methodology described in 

Maggioni et al. (2014) [10]. The results from this 

methodology could inform a bespoke quality index for 

Vietnam for the period of interest.  

5. CONCLUSIONS 

EO data can help countries understand the dynamics 

multiple stressors on the health and water sectors, especially 

in regions with poor or non-existent ground monitoring. 

When compared to ground stations, remote-sensing products 

enable a more accurate representation of the spatial variation 

of meteorological parameters, which may vary significantly 

at the local scale, particularly in regions with high elevation 

variation.  EO data also enables scalability of the solution up 

to national or even international level. However, the 

associated evidence base is only just emerging and applying 

this work using remote sensing data is expected to make a 

significant contribution. The resultant tools also include a 

water assessment module that will feature the additional 

benefit of improving water management in Vietnam’s 

transboundary river basins.  

This multidisciplinary application of open socio-

environmental modelling also extends to on-the-ground 

practitioners tasked with acting upon the predictions in a 

way that will best mitigate the risks; particularly in 

conveying results, changing behaviour in allocating and 

applying budgets, and responding in advance of potential 

outbreaks. 

The D-MOSS project aims to develop an early warning 

system to improve dengue epidemic prevention and increase 
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Figure 4: performance of GPM and TRMM  against the IMHEN-obs dataset 

 

disease control capacity in Vietnam. The establishment of a 

dengue forecasting system will assist the Vietnamese public 

health authorities to identify current areas of high risk of 

infectious disease epidemics, in order to effectively target 

resources to ensure effective disease control. From a water 

resources perspective, given that seven of the nine major 

river basins that drain to Vietnam are transboundary in 

nature and are shared between two and five countries, the 

application of EO-based information will help the 

Vietnamese Ministry of Natural Resources and Environment 

to improve their water resources monitoring and 

management in transboundary river basins.  
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ABSTRACT 

This paper presents an automatic tool for the generation 

of co-seismic displacement maps through the satellite 

Differential Synthetic Aperture Radar Interferometry 

(DInSAR) technique. By benefiting from the mostly global 

availability of Sentinel-1 SAR data and the on-line 

earthquake catalogs, the tool retrieves information about the 

depth and magnitude of recent earthquakes and triggers, if 

necessary, the interferometric process over the area affected 

by the seismic event. The generated DInSAR products will 

be openly available for the scientific community, to create a 

global database of interferometric co-seismic deformation 

maps giving a support to scientific users, especially those 

non-expert of SAR data processing. Moreover, this tool not 

only will contribute to expand the use of DInSAR products 

in the geoscience field, but also can play a key role in the 

support of the Civil Protection authorities during the seismic 

crisis. 

Index Terms—  Earthquakes; DInSAR; Sentinel-1; 

Automatic Processing. 

1. INTRODUCTION 

In the recent years, the Synthetic Aperture Radar (SAR) data 

have become more and more popular within the Earth 

Observation (EO) context and are used in many scientific 

fields and applications related to both natural (volcanoes, 

earthquakes, landslides) and man-made (urban and 

infrastructure monitoring) hazards. Nowadays the scientific 

community can benefit from the huge space borne SAR 

archives collected in the last 20 years. Indeed, the data 

acquired since 1992 to 2011 by both ERS-1/2 and 

ENVISAT missions, operating at C-band, as well as the 

current Italian COSMO-SkyMed (CSK) and the German 

TerraSAR-X (TSX) X-band SAR constellations, have 

strongly contributed to SAR data diffusion and popularity. 

 

Moreover, a massive and ever increasing data flow is further 

supplied by the Sentinel-1 SAR mission of Copernicus 

European Programme, which is composed by two twin 

satellites operating in C-band that guarantee a repeat pass 

down to 6 days (in most regions), and is characterized by 

both a “free and open” access data policy and a global 

coverage acquisition strategy [1]. The space-borne 

Differential SAR Interferometry (DInSAR) is one of the 

most used techniques for the investigation of Earth's surface 

deformation phenomena from SAR data. Such a technique 

permits, indeed, to retrieve ground deformation maps with 

centimetre accuracy [2-3] starting from SAR scenes of the 

same area of interest from different orbital position and at 

different epochs. 

 

Especially for seismic events, the satellite SAR systems 

provide a large coverage on the ground that is essential for 

estimating the deformation field entails by seismic events. 

In this context, the Sentinel-1 system, by using the Terrain 

Observation by Progressive Scans (TOPS) technique [4], 

has been designed with the specific aim of natural hazards 

monitoring via SAR Interferometry, indeed, it acquires SAR 

images using the Interferometric Wide Swath (IWS) mode 

that guarantees a very large ground coverage of about 250 

km. These characteristics sum up with the global coverage 

policy and an acquisition rate of ten of TByte per day.  

 
According to USGS records [5], from 1992 to 2016, there 

have been about 3700 earthquakes with significant 

magnitudes (see Figure 1). More than 200 studies exploited 

DInSAR data for retrieving the source model of about 130 

earthquakes [6]. Supposed that not all the earthquakes can 

be studied via DInSAR techniques, it anyway appears that 

the ratio between the number of occurred earthquakes and 

the number of DInSAR studies is still too low. However, 

since the launch of Sentinel-1 SAR satellite missions in 

2014 and 2016, the availability and accessibility of SAR 

images dramatically increased, allowing us to obtain co-

seismic displacement maps in a short time frame and 

anywhere in the world.  

 

Considering the relevance of the satellite interferometric 

analysis for the hazards monitoring, and the availability of 

new radar systems such as Sentinel-1, which are 

characterized by a high reliability level, it is possible to 

implement fully automatic services for the generation of co-

seismic DInSAR products. 
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Accordingly, the aim of this work is the development of a 

systematic tool for the generation of Sentinel-1 DInSAR co-

seismic displacement maps via an automatic and fully 

unsupervised procedure which is activated immediately after 

the occurrence of an earthquake above of a defined 

magnitude. The procedure is triggered via an automatic 

query to the available on line catalogues like those provided 

by United States Geological Survey (USGS) and National 

Institute of Geophysics and Volcanology of Italy (INGV). 

The developed tool relies on widely common IT methods 

and protocols, making it not specifically tied to a defined 

architecture, thus implying its portability, in view also of the 

European Commission Data and Information Access 

Services (DIAS) [7] where satellite data (mainly Sentinel) 

and processing facilities are co-located to reduce the transfer 

time during their processing. 

 
 

 

 

 

 

 

 

  

 

 

Figure 1: Significant seismic events wold map (1992-2016). 

 

2. AUTOMATIC DINSAR PROCESSING 

WORKFLOW 

In this section we describe the details of the workflow 

(Figure 2) for the automatic generation of co-seismic 

displacement maps by using Sentinel 1 images.  

 

First of all, the workflow starts from the extraction of 

earthquake information, such as Epicentre, Magnitude, 

Time, which is retrieved from the on-line public available 

web catalogues, as those provided by main international 

geophysical institutions (e.g. USGS [8], INGV [9]). Such 

services systematically provide real-time earthquake 

information in different standard formats (QuakeML, TXT, 

geoJSON, ...) and are accessible via subscription feeds that 

are updated with a defined frequency. The system is not 

limited to an earthquake catalog interface, for this case we 

are using a geoJSON format which is a standard format 

designed to represent simple geographic elements, together 

with their non-spatial attributes, based on JavaScript Object 

Notation [10]. 

 

The relevant earthquake information is collected, in 

accordance to an empirical magnitude and depth relation, 

considering that only high magnitude (> Mw 6.0) and 

relatively shallow earthquakes (typically < 20 km) very 

likely induce a surface deformation that is detectable via 

DInSAR. Among the earthquakes that respect the relation, 

only those with the epicentre on land (or even on water but 

that can likely induce detectable deformation on land) are 

actually processed according to the next steps of the 

procedure. For the SAR data retrieval, the system starts an 

automatic query to detect the available SAR Sentinel-1 data 

acquisitions in the area of interest (that cover the area very 

likely interested by the earthquake-induced deformation). 

This query identifies all the tracks from both orbits 

(ascending and descending passes). The query is performed 

over an area whose extension depends on the earthquake 

magnitude and depth (Mw ≥ 6 and Depth ≤ 20 km). The 

relation between magnitude, depth and area is derived from 

theoretical and empirical considerations and is susceptible 

of further tuning and refinement.  

 

Once the tracks covering the earthquake area have been 

identified, the system retrieves all the available SAR data up 

to 30 days before the event (or at least 1 pre-event image 

even in a larger time span), in order to allow the generation 

of the co-seismic interferograms. The data retrieval, and 

accordingly the subsequent DInSAR processing, remains 

active up to 30 days after the event.  

 

The tool works with the subsequent DInSAR processing, 

which is carried out by using the Parallel Small BAseline 

Subset (P-SBAS) processing chain [11-12] implemented at 

IREA-CNR. Indeed, instead of performing the whole SBAS 

processing, the P-SBAS chain is exploited up to the 

interferogram generation step, so that the processing can 

also benefit of the parallelization strategies implemented 

within P-SBAS.  

 

The processing of the different tracks can be carried out in 

parallel, while actually their execution depends on the 

available computing resources and on the effective temporal 

acquisition of the SAR data. This strategy allows the 

processing of a huge amount of data with a significant 

reduction of the total elapsed time of elaboration, preserving 

the precision and accuracy of the generated interferometric 

results. 
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A processing prioritization of the different tracks on the 

basis of the post-event acquisition time has been 

implemented (according to a First come-First served policy). 

The described procedure is coded in Linux Bash, making it 

highly portable and avoiding the installation of any 

additional software, tool or library.  

 

The tool provides wrapped interferograms and 

displacement maps (unwrapped interferograms converted in 

centimetres) in the satellite Line of Sight (LOS). The 

elapsed time needed to generate one co seismic 

displacement map from the availability of the post-seismic 

acquisition, is of about 30 minutes (plus the data download 

time).  

 

The output data are provided according to the formats 

defined within the European Plate Observing System 

(EPOS) [13] research infrastructure. In particular, the 

products are provided in geoTiff, while metadata follow the 

ISO 19115, and will be made openly available through the 

EPOS portal. As final consideration, it is worth noting that, 

although tested with Sentinel-1 data, the implemented tool is 

independent from the exploited SAR acquisitions. The only 

dependency is on the catalogue interface that may require 

the implementation of an appropriate wrapper. 

 

 
 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
Figure 2: Simplified general workflow of Automatic co-seismic 

displacement maps triggered by significant earthquakes. 

3. PRELIMINARY RESULTS 

The system has been implemented on in-house 

computing facilities and has been tested through a controlled 

experiment with several significant earthquakes. In total we 

have processed 15 earthquakes from September 2017 until 

October 2018, for which we have automatically generated 

96 interferograms and displacement maps, using 

approximately 12 images per earthquake (depending on the 

availability of data on the investigated region). In the Figure 

3 the results are displayed specifically for one earthquake of 

the seismic sequence that occurred in Indonesia on July and 

August of 2018.  

 

Indeed, during this period four earthquakes of magnitude 

larger than 6 occurred in different areas of Western Lesser 

Sunda Islands close of Mataram City. The first earthquake 

was on 28 July with a Magnitude of 6.4 and a Depth of 140 

km. The second one occurred 7 days later with a Magnitude 

of 6.9 and a Depth of 34 km. Other two earthquakes 

occurred in the same day with a Magnitude of 6.9 and 6.3 

respectively and 34 and 16 km of depth [8].  

 

 

 

 

 
 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

Figure 3: (A) co-seismic interferogram and (B) co-seismic displacement 
map of Loloan Indonesia Earthquake (August 5th, 2018). The pre and post 

event data have been acquired on 2018-07-24 and 2018-08-05 from 

descending orbit. 
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The occurrence of such huge events in these periods 

represents a very valuable test case to verify and validate the 

implemented procedure. An example of the obtained results 

is depicted in Figure 3, which is relevant to Obelobel, 

Indonesia Earthquake occurred on August 5th;  

4. DISCUSSION AND CONCLUSIONS 

Thanks to the big amount of available SAR data collected 

by the Senitnel-1 constellation, we proposed a systematic 

tool to generate worldwide co-seismic displacement maps in 

an unsupervised way, being triggered by the earthquake 

occurrence. Such a tool not only will contribute to expand 

the use of DInSAR products in the geoscience field, but also 

can play a key role in the support of the Civil Protection 

authorities during the seismic crisis. 

 

Moreover, the proposed system can be further improved by 

including additional post-processing procedures that add 

value to the generated DInSAR results. It is, for example, 

the case of tools capable to automatically model the seismic 

source from the considerable amount of DInSAR 

displacement maps obtained through the proposed system. 

These products could contribute to the study of global 

tectonic earthquake activity by integrating other parameters 

that allow understanding the seismic source and the 

behavior of a fault interested by a deformation processes.  

 

Finally, the proposed tool can be used as the basis for the 

implementation of a massive database of DInSAR-derived 

co-seismic displacement maps. This database, by exploiting 

the available SAR data archives acquired by different 

satellite systems, in theory can be populated starting from 

1992, thus providing the scientific community of a huge 

repository to better investigate the dynamics of surface 

deformation in the seismic zones around the Earth.  
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ABSTRACT 

Tree and forest health is a global issue in the face of climate 
change as novel stress is imposed from a variety of biotic and 
abiotic stresses. Forest health assessments are mainly based 
on visual assessment that is prone to error and bias. In this 
paper, we investigated the utilization of terrestrial lidars 
operating at 905 nm and 1550 nm wavelengths in the 
objective assessment of tree health condition in a mature 
forest area subjected to tree decline due to infestation by the 
European spruce bark beetle (Ips typographus L.). We found 
that multispectral lidar intensity metrics from the canopy and 
the stem were able to predict tree health, expressed in terms 
of attack score level, with high accuracy (Adj. R2 = 0.87). We 
concluded that multispectral intensity metrics have great 
potential in tree health assessments for the calibration and 
validation of satellite or other large-area remote sensing 
methods. 

Index Terms— Forest health, multispectral lidar, 
terrestrial lidar, Ips typographus, satellite calibration, lidar 
intensity.  

1. INTRODUCTION 

The assessment of the health status of global forests is crucial 
for the evaluation of forest carbon sinks as climate change is 
posing new stress on forests [1]. The assessment of tree and 
forest health has traditionally been based on visual estimation 
that is prone to error and bias due to the subjective nature of 
the estimations [2]. Early detection of tree stress is needed for 
the mitigation of damages and adaption of new forest 
management strategies in the face of an altered forest 
operation environment [3]. Multispectral terrestrial lidar 
produces point clouds consisting of tens of millions of points 
and has shown promising results in the detection of declined 

tree health due to various environmental and pathogenic 
factors [4-6]. However, the studies conducted thus far have 
been done only in controlled environments and laboratories.  
 
In this paper, we investigated the utilization of terrestrial 
lidars operating at two wavelengths in the assessment of 
varying tree health condition in a mature forest environment. 
The declined tree health was due to an on-going bark beetle 
infestation in the study area. This study is one the first steps 
towards an automated and objective tree health classification 
system that can be used for enhanced collection of reference 
data for producing satellite-based forest health map products. 

2. MATERIAL AND METHODS 

The study area is located in SE Finland, in the municipality 
of Ruokolahti. The test forest is comprised of mainly Norway 
spruce (Picea abies) with a mix of European rowan (Sorbus 
aucuparia), European aspen (Populus tremula) and Silver 
birch (Betula pendula). The forest has suffered from 
infestation by the European spruce bark beetle (Ips 
typographus) since 2011. During the summer of 2017, when 
the field data was collected, weather was cold and rainy, 
resulting in low damage due to the bark beetle colonization. 
Thus, the data is characterized by low and moderate bark 
beetle damage with many “green attack” trees, which did not 
exhibit visual symptoms, but the presence of bark beetles was 
confirmed.  
 
A total of 27 trees were measured using two terrestrial lidar 
instruments: a FARO X330 operating at 1550 nm wavelength 
and a Trimble TX5 operating at 905 nm wavelength. The 
scanning was done consequently from a single location for 
each tree or plot with several trees. The tree condition was 
classified by experts in the field according to discoloration 
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and defoliation of the crown. Bark condition was assessed by 
classifying resin flows, bark beetle insertion holes and bark 
structural damage. Each of the five symptoms were classified 
using a three-class scheme (1-3; 1: no symptoms, 2: moderate 
symptoms, 3: severe symptoms). An attack score level was 
calculated by summing the damage values together, i.e. the 
higher the score level (value range 5-15), the more severe 
infestation symptoms were observed [7]. A bark damage 
score was calculated by summing the classes of the bark 
symptoms. The mean diameter at breast height of the trees 
was 29.0 cm and the mean height was 25.2 m.  
 
The lidar point clouds at 905 nm and 1550 nm were registered 
using four external sphere targets. The distance effect on the 
recorded intensity [8] was corrected using a 10 degree 
polynomial model formed from an empirical dataset of 
measured intensities at 2-m intervals [9]. Resulted distance 
corrected intensity was calibrated with an exponential model 
based on measured intensities from reflectance panels, with 
nominal intensities of 5%, 10%, 20%, 40% and 60%, after 
Kaasalainen et al. [8]. Then, the intensity was normalized 
using an external reflectance panel with a nominal intensity 
of 20% to eliminate the effect of environmental factors on the 
measured intensity [10]. The result of the calibration process 
is referred as calibrated intensity within this paper.  
 
Each tree was manually segmented from the point clouds 
resulting in tree point clouds consisting of about 250,000 
points each. The points in each point cloud were then 
classified into stem and needle classes using a multi-
dimensionality criterion [11] with the CANUPO software 
package within CloudCompare software [12]. The 
classification was based on a training sample of 50,000 
manually delineated points. The calibrated and classified 
point clouds were merged by finding the nearest neighbor in 
terms of Euclidian distance, and a normalized difference 
index [4] was calculated for each point. The merged points 
were filtered to points with equal or less than 1 cm of 
Euclidian distance to the nearest point 
 
A set of statistical metrics (Table 1) was calculated from each 
point cloud based on the calibrated intensity of 905 nm and 
1550 nm wavelengths and the calculated NDI. In addition, the 
mean vertical angle in relation to the scanner position of the 
point clouds was calculated. The metrics were calculated for 
the classified needle points and stem points (only from 1.6-
3.1 m height) separately. Multiple regression models were 
developed with attack score level as the independent variable 
and intensity metrics as the explanatory variables. Stepwise 

algorithm was used to select the variables. The regression 
models were evaluated using the Aikake Information 
Criterion, adjusted R2 and root mean square error (RMSE). 
To avoid over-fitting and multicollinearity, models exhibiting 
variables with a variance inflation factor of greater than five 
were discarded and a model with less variables was chosen. 
Only models with predictors with a significance of less than 
p<0.05 were approved. All the statistical analysis was 
performed with the R software package [13]. 
 

Metric Description 
i_mean Intensity average value 
i_std Standard deviation of intensity 
i_p10, i_p20, 
… i_p90 

Percentile 10, 20, 30, 40, 50, 60, 70, 80, 
and 90 of intensity distribution 

i_max Intensity maximum value 
i_min Intensity minimum value 
i_kur Kurtosis of intensity distribution [14] 
i_ske Skewness of intensity distribution [14] 
i_entropy Shannon diversity index (entropy) of 

the intensity distribution [15] 
i_range Difference between maximum and 

minimum intensity values 
Angle Mean vertical angle to the scanner 

 
Table 1. The calculated metrics. N.B. i denotes wavelengths 
905 nm, 1550 nm and the calculated NDI. 

3. RESULTS 

The developed regression models were able to explain 87% 
(Adj. R2) of the variation in the attack score level (Table 2). 
The model was able to predict the attack score well 
throughout the range of attack scores, including the green-
attack trees with no visual symptoms of infestation in the 
canopy, and a good separation between healthy and infested 
trees was found (Fig. 1). The predictors in the developed 
model were based equally on the needle and stem point 
classes.  
 
Bark damage was predicted with a considerably lower 
accuracy, but a significant relationship between bark damage 
and the predictors was found (Adj. R2 = 0.47). The bark 
damage model was not as successful in separating the healthy 
and infested trees as the attack level score model (Fig. 2). 
However, the model shows that the structural changes of the 
bark and resin flow on the stem affected the calibrated 
intensity. 
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Independent 
variable 

Explanatory 
variables 

Model Adj. R2 RMSE% 

Attack level score Canopy + stem Anglestem
*
 + 1550_skeneedle

**+ NDI_kurneedle
** 

+ 905_rangestem
* + 905_entropyneedle

* + 
905_meanstem

*+ 1550_maxneedle
*** 

0.87 9.1 

Bark damage Stem 905_rangestem
* + Angle stem

** + 1550_p90 

stem
**** + 905_p40 stem

* 
0.47 21.2 

Table 2. Summary of the regression models. The footnote indicates the source of the variable: needle or stem. The p-value is 
reported for each of the selected variables of the model. (*p-value = 0; **p-value<0.001; ***p-value<0.01; ****p-value<0.05). 
 

 
Fig. 1. The predicted vs. observed attack level score. Tree 
labeled healthy had scores of 5-6 and infested scores of 
greater than 6.  

 
Fig. 2. The predicted vs. observed bark damage. Tree labeled 
healthy had scores of 5-6 and infested scores of greater than 
6.  

 
 

4. DISCUSSION AND CONCLUSIONS 

The developed multiple regression models included a variety 
of different metrics. Both models had the angle metric of the 
stem. An incidence angle correction was not performed; thus, 
the effect of incidence angle was reduced by including the 
mean angle in the model. The model predicting the attack 
level score had more metrics that described the shape of the 
intensity distribution (e.g. kurtosis and skewness) rather than 
metrics that describe the actual values (e.g. mean or 
percentiles). This indicates that the tree condition could be at 
least partially modeled using metrics that are not directly 
influenced by the absolute values and less affected by the 
calibration procedure, i.e. how the shape of the measured 
intensity distribution compares to a normal distribution.  
 
The developed regression models were able to predict the 
attack level score of each tree with high accuracy using only 
metrics derived from the intensity distribution of the used 
wavelengths 905 nm and 1550 nm and the calculated NDI. 
This study shows the great potential of lidar intensity in 
detecting varying tree health and tree condition already in the 
very early stages of tree decline. Since terrestrial lidar 
captures the 3D structure of trees with high accuracy, the 
simultaneous collection of tree structural attributes and tree 
health data is possible with the system described in this paper 
[16]. However, a study with a larger sample size should be 
conducted to verify the accuracy of the developed methods 
for larger areas. Also, other species and other causes of tree 
decline should be considered to evaluate whether a general 
model for detecting tree decline is feasible or if the models 
should be species- or disturbance type specific. 
 
The developed method could be used to collect objective tree 
health data without the subjective bias imposed by visual 
inspection. This enables efficient collection of tree health 
data for the calibration and validation of satellite data 
products using satellites, such as the Sentinel-2, which has 
shown potential in detecting the early stages of bark beetle 
infestation [17]. Airborne multispectral lidar should be 
investigated for upscaling the terrestrial measurements to 
larger areas in future studies. The stem metrics were found 
important for the early detection of I. typographus 
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colonization in this study, which is not visible from airborne 
platforms. On the other hand, the viewing geometry of the 
airborne lidar is more uniform regarding tree canopies 
compared to terrestrial lidar, which could enhance the 
detection of subtle differences.  
 
First spaceborne lidars have been deployed recently. While 
first experiences of using them are gained, one could expect 
multispectral spaceborne lidars to emerge in the future. 
However, as spaceborne lidars do not cover areas as large as 
satellite imagery, global forest health map products will 
likely be based on multi- or hyperspectral imagery. The 
utilization of multispectral lidar from terrestrial to airborne in 
the development of national scale forest health products could 
significantly improve their accuracy. 
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ABSTRACT 

Migration is a complex and multi-faced phenomenon and 

has many stakeholders involved. Big data sources stemming 

from space assets and social media can be used to generate 

insights on both long and short term human migration. The 

paper describes different big data applications to provide 

early warning intelligence on migration flows by combining 

satellite data in the broadest sense with social media data 

mining. Coordinating the alignment of information from 

existing migration related data sources with innovative 

insights from big data sources such as space assets and 

social media can lead to better timeliness and accuracy for 

information provisioning for migration prognosis for 

different stakeholders. 

Keywords— Migration, Big Data, Earth 

Observation(EO), Social Media Analytics, Service Design 

1. INTRODUCTION 

Human migration is a highly complex phenomenon that 

transcends cultural, social, economic, geopolitical 

boundaries. It continues to remain a topic of global 

relevance with its reflection in the 2030 agenda for 

Sustainable Development adopted by the United Nations 

(UN) and in the European Union (EU)[1]. Whilst migration 

in the broadest term is associated with improved 

opportunities for the states, business and communities as 

well as improving human lives in both origin and 

destination countries, recent years has seen a rather 

unprecedented growth in forced and irregular migration that 

are of a consequence of armed conflicts, environmental 

degradation and nullification of human rights. This calls for 

coordinated actions from the key global stakeholders with 

respect to migration prognosis which can be categorized into 

various stages of emergency preparedness [2] (mitigation, 

preparedness, response and recovery). 

 

Combining insights from big data sources stemming from 

Space Assets and Social Media allows multi-faced 

information provisioning that complements the traditional 

prognosis methods [3]. Space assets (namely earth 

observation, GNSS and satellite communications) have 

global repetitive coverage that provides information from 

independent (space)-infrastructure. Social Media analytics 

and web search trends provides local insights and real time 

information about sentiments, thoughts, actions on certain 

demography, cluster of users and have potential of 

information gathering for migration prognosis [4, 5]. 

2. STAKEHOLDER NEEDS 

The stakeholders in the migration prognosis ecosystem are 

illustrated in Figure 1. 

 
Figure 1 Stakeholders and users in migration prognosis 

The following are common observations for information 

provisioning relevant to the stakeholders dealing with 

migration related prognosis: 

1. There is a need to study and apprehend migration 

flows for both short-term oriented actions as well 

as long-term policy making. 

2. Different stakeholders have different 

responsibilities and objectives and thus require 

different levels of information enrichment. A single 

product does not suffice the attested demands. 

3. Although information about migration flows can be 

assimilated by a wealth of heterogeneous data 

sources and types, coordinated alignment of 

information provisioning to the right stakeholder at 

the right time is the need of the hour. 

3. BIG DATA SOURCES AND APPLICATIONS 

3.1. Space Assets 

Geospatial datasets such as remote sensing imageries, 

location information, geodatabases can augment migration 

related datasets by linking them to a “geographical” attribute 

and providing contextual spatio-temporal information. For 

example, a promising application in the context of migration 

prognosis is “Spatial-temporal change detection analysis” 

[6] wherein, observable changes in geographical area and 

time periods can be analyzed to generate insights about 
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probable causes of human migration (for instance, growth of 

temporary settlements, abrupt changes in urbanization). For 

instance in Figure 2, growth of tents in Al-Zataari refugee 

camp from 2012 until 2015 can be discerned through direct 

interpretation of satellite imageries. Additionally, indirect 

analysis of information from space assets can be used to 

determine triggers for long term migration. For example 

analyzing socio-economic indices and demographic 

behavior, possibility of food shortage or crop failure. Lastly, 

information from space data can augment exiting migration 

related models and also perform their validation using 

historical datasets. 

 

 

 
Figure 2 Growth of Al-Zataari camp from Sep 2012- Jan 

2014 (source: UnoSAT) 

3.2. Social Media Data 

Avid usage of online and social media platforms in recent 

years has offered a wealth of information to better 

understand local perspectives and provide real time local 

insights. These insights are of significant value to decision 

makers involved in the migration prognosis. Such as 

understanding topic trends, sentiments for a specific 

population for a geographic area and time. In Figure 3, 

sample analysis on tweets from Twitter Public API on topic 

“Netherlands” for 2 weeks of 2017 are shown. The user 

group belong to southern Europe. By employing methods 

such as text based or user centered clustering, relevant 

events, intentions  and sentiments can be discerned which 

can provide information about migration trends. 

 

 
 

 
Figure 3 Sample Analysis on Tweets from southern Europe 

(source: Twitter)  

3.3. Services and Applications 

Potential big data application services to help migration 

prognosis are designed by encompassing a theme revolving 

around the usage and analysis of big data sources such as 

space assets (EO, Satellite Navigation) and social media 

data and how insights delivered from these data can help 

address potential stakeholders’ challenges and concerns. 

Each service description is further subdivided into different 

applications and the way it is beneficial to the stakeholders. 

Three different services are identified, namely, Social Media 

Analytics, Earth Observation Analytics (Table 1). 

 

Table 1 Big data Applications for Migration 

Service 

Description 

Application 

Description 

Usage 

Social 

Media 

Analytics 

Sentiment 

Analysis and 

Multi-lingual 

Topic 

Analysis 

This gives insights about 

initiators for migration. The 

type of initiator, the situation 

of the sender with respect to 

his or her social group, 

possibly desired future 

status(es) of the sender, or 

even a timeline of events 

Web Search 

Analytics 

This gives amongst others, 

insight in planning around 
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migration included analyses 

of the searches on possible 

options to new residencies, 

as well as routes. 

Earth 

Observation 

Analytics 

Image 

Classification 

and Analysis 

Observing initiation, growth, 

demise of settlements 

through automated image 

classification combined with 

intelligence about the type of 

settlement gives insights in 

in- or outflow of people in 

places.  

EO Change 

Detection 

Analysis 

Combining imagery (growth 

or demise a new settlement) 

in an augmented way (do we 

detect tracks / trucks / left 

garbage nearby) for different 

settlements gives insights in 

routings and flows with 

respect to migration.  

Socio-

economic 

Forecast 

Analysis 

Space data solutions towards 

insights in migration 

routings and initiators can be 

further enhanced with 

information from space on 

food-security. This enables 

the stakeholders to 

mitigation the effects of 

food-security towards 

migration 

 

4. SERVICE DESIGN AND INTEGRATION 

Our service design focused on catering diverse stakeholders 

with different information enrichment levels through 

different applications. Thus the architecture allowed 

customized instances of the solution relevant per user. 

Additionally, scaling up and ability to be incorporated in 

existing stakeholder applications were also taken into 

consideration. 

4.1. High level architecture 

The architecture consists of three core components, namely 

Man Machine Interface (MMI), Business Service Interface 

(BSI) and Space Core Platform (SCP). Datasets from big 

data sources (Social Media and Space Assets) is be used by 

the Space Core Platform. End users communicate with the 

solution using an API or Dashboard. The dashboards are 

implemented in the MMI. The API is implemented in the 

Business Service Interface. 

 

 
Figure 4 High level Architecture 

4.2. Three layered approach 

The proposed solution is an online web platform that 

provides three layers of information products to the end 

user. These are: 

1. Information derived from assembling and 

cataloguing existing data sources for migration. 

2. Providing results from applications evolved from 

the wealth of space assets and social media data 

mining as additional layers to existing information. 

3. Provisioning of validation of information, which 

allows verifying results of social media analytics 

by using results from space imageries or vice versa. 

 

5. EXPERIMENTAL RESULTS 

5.1. Test case on Heumensoord, Netherlands 

For experimentation purposes, we chose a retrospective case 

based in Heumensoord in the Netherlands. It is located in 

south of the Netherlands was the home of refugee and 

asylum seekers in the Netherlands those affected by the 

migration crisis that hit Europe in 2015.  

5.1.1. Earth Observation Analysis 

We performed change detection for high resolution SPOT 6 

imageries for the months of August- December 2015 using 

the following equation.  

𝐶ℎ𝑎𝑛𝑔𝑒 𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛𝑖,𝑗 =
(𝐵𝑎𝑛𝑑3𝑖

𝐵𝑎𝑛𝑑4𝑖
)⁄ −

(𝐵𝑎𝑛𝑑3𝑗

𝐵𝑎𝑛𝑑4𝑗
)⁄  

Where, 𝑖, 𝑗 corresponds to different months. SPOT 6 Band 3 

corresponds to 0.62-0.69 µm and SPOT 6 Band 4 

corresponds to 0.76-0.90 µm. 

The standard ration 
(𝐵𝑎𝑛𝑑3𝑖

𝐵𝑎𝑛𝑑4𝑖
)⁄  allow the definition 

of urban areas and human conglomeration uniquely. The 

histogram of change detection images of different months 
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are shown in Figure 5. Pixels whose value is less than 0 

depict a decrease whereas those greater than 0 depict an 

increase of urban activities and human conglomeration.  

 

 
Figure 5 Change detection histograms of image analysis of 

Heumensoord 

5.1.2. Social Media Analytics 

Additionally, sentiment analysis was also performed on 

Twitter and Facebook posts for Heumensoord for same time 

period (Aug- Dec 2015) involving keywords such as 

“heumensoord” “migrant” or “migrat” or “vluchte” or 

“asielzoek”.  Figure 6 consists of 2 graphs, the upper depicts 

the volume of social media activity such as posts, mentions 

of the keywords and the lower graph depicts the sentiments 

of those posts. 

 
Figure 6 Social media sentiment analysis on Heumnesoord 

5.1.3. Inferences 

Figure 5 shows increased urban activities in Heumensoord 

from August- December 2015 which can be seen from the 

gradual shift of the histogram’s median against reference 0 

which counts for no change. This also corresponds to 

increased social media posts and sentiments during the same 

time period as seen from Figure 6. Thus in a broader sense, 

trends of peaks and troughs of social media activity can be 

correlated with those analyzed from satellite imageries.  

5.1.4. Limitations 

Although the study was carried out using satellite data of 

monthly frequency, a higher temporal resolution would have 

led to a better change detection characterization. 

Furthermore, overview of the characteristics of the social 

media users would lead to better conclusions on sentiment 

perceptions.  

6. CONCLUSIONS AND FUTURE WORKS 

Owing to huge potential of described big data applications 

towards improving the accuracy and timeliness of migration 

prognosis, providing early warning intelligence is possible. 

In the future steps, dissemination of the services to the 

stakeholders is foreseen. New aspects of insight generation, 

addition of other big data sources are also envisioned. 
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ABSTRACT 

EOPEN (https://eopen-project.eu/) is a project which has 

received funding from the European Union’s Horizon 2020 

research and innovation programme under the topic EO Big 

Data Shift in 2017 and has a duration of 3 years, starting 

from November 2017. In this work, we present the concept 

of the project, its objectives and the lessons learnt after 

almost one year of project lifetime, as a follow-up to our 

previous project presentation at ESA BiDS’17 in Toulouse. 

Index Terms— Earth Observation, Copernicus, data 

fusion, interoperability, decision making, visual analytics. 

1. INTRODUCTION 

Earth Observation data access through the Copernicus data 

distributor systems has paved the way to monitor changes 

on Earth, using Sentinel data. One of the main objectives of 

EOPEN [1] is to fuse Sentinel data with multiple, 

heterogeneous and big data sources, to improve the 

monitoring capabilities of the future EO downstream sector. 

Additionally, the involvement of mature ICT solutions in 

the Earth Observation sector shall address major challenges 

in effectively handling and disseminating Copernicus-

related information to the wider user community, beyond 

the EU borders. Relevant projects include the openEO [2], 

BETTER [3], PerceptiveSentinel [4] and CANDELA [5]. 

To achieve the aforementioned goals, EOPEN fuses 

Copernicus big data content with other observations from 

non-EO data, such as weather, environmental and social 

media information, aiming at interactive, real-time and user-

friendly visualisations and decisions from early warning 

notifications. The fusion is also done at the semantic level, 

to provide reasoning mechanisms and interoperable 

solutions, through the semantic linking of information. 

Processing of large streams of data is based on open-source 

and scalable algorithms in change detection, event detection, 

data clustering, which are built on High Performance 

Computing infrastructures. Alongside this enhanced data 

fusion, a new innovative, overarching Joint Decision & 

Information Governance architecture is combined with the 

technical solution to assist decision making and visual 

analytics in EOPEN. EOPEN will be demonstrated in real 

use case scenarios in flood risk monitoring, food security 

and climate change monitoring, as also shown in Figure 1.  

Figure 1: The EOPEN concept 

* This work is supported by the EOPEN project, funded by the European Commission, under the grant agreement H2020-776019. 
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2. APPROACH 

The overall objective of EOPEN is to provide a platform 

targeting non-expert EO data users (non-traditional user 

communities), experts and SME community that reveals and 

makes Copernicus data and services easy to use for Big Data 

applications by providing EO data analytics services, 

decision making and infrastructure to support the Big Data 

processing life-cycle allowing the chaining of value adding 

activities across multiple platforms. 

To successfully address the Big Data challenges and to 

benefit from the services provided by ICT companies for 

accessing and processing Copernicus data, we are 

developing the EOPEN platform which delivers Copernicus 

data to non-traditional user communities, applying data 

compression and storage of EO and non-EO data (i.e. 

meteorological data, social media, linked open data), using 

cloud infrastructure and high performance computing 

(HPC), in order to fuse data from diverse sources and from 

different modalities (e.g. visual, textual or spatiotemporal). 

Indexing Sentinel high resolution (HR) images will be 

performed to ensure fast access to their related content and 

assists pattern recognition and machine learning techniques 

by boosting their performance when they rely on solid 

multimedia indexing techniques. Data management 

techniques, community detection and tracking on the 

network for visualisation of usage activities and network 

analytics to reveal the key players (public or private users) 

and groups of users (communities) in the EO domain will be 

performed. All these heterogeneous sources of information 

are combined, through multimodal fusion, to semantically 

interpret the content of EO data resulting in efficient 

decision-making and visualisation in line with the proposed 

Joint Decision and Information Governance Architecture. 

The overall approach of EOPEN, aligned with the 

operational timeline is shown in Figure 2. 

3. APPLICATION 

Three use case scenarios are foreseen in EOPEN. In the 

following, we present the challenge that EOPEN deals with, 

in each use case considered. 

3.1. Flood risk assessment and prevention 

The pilot area, within the Italian Eastern Alps river District, 

comprises all the municipalities of the Local Risk District of 

Vicenza in Italy. This area is regularly affected by critical 

flooding from the Bacchiglione River and its tributaries. 

Planned flood defences remain largely unfinished, and a 

high risk of flooding therefore persists. Flood in the cities 

led to high levels of water in the streets, causing many 

problems such as the drowning of people, building damage 

and traffic problems. As indicated in the Flood Directive 

(2007/60/CE) water authorities should plan measures in 

order to aim at reducing risks by minimizing the possible 

damages effects and losses that may result. 

In the Local Risk District of Vicenza AAWA provide 

flood forecasts warnings by running its Flood Forecasting 

System (AMICO) based on traditional meteorological data. 

The emergency phase is coordinated by the Mayors of the 

cities with a slow response time due to the lack of a data 

processing structure able to monitor in real time the 

evolution of the flooding in the territory (in term of flooded 

areas evolutions, impacts, damages). Currently these 

information come to decision-making authority through 

radio communications by people (civil protection 

volunteers) distributed in the territory. There is a need to 

Figure 2: The EOPEN approach 
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provide faster and more effective emergency responses to 

extreme weather by increasing the speed of risk analysis. 

3.2. Food Security through Earth Observation 

“Food Security” is a denomination introduced by the Food 

and Agriculture Organization (FAO) of the United Nations. 

The problem is really complex and comprises several 

different components (food access, distribution, food supply 

stability, use of food). There are many recent examples that 

show the problem and more precisely food crises, for 

instance famine in the horn of Africa (2011) and the critical 

need to deliver timely food security information to decision-

makers. Satellite data have been used to detect and monitor 

severe agricultural events since 1972 on the occasion of the 

extreme drought that took place in Russia. Improvements 

have been made in the spectral, spatial and temporal 

resolutions of Earth observation (EO) systems since then. 

Copernicus program and Sentinels’ missions are the most 

ambitious Earth observation initiative and have a great 

impact and contribution also in the field of food security. 

3.3. Monitoring Climate Change through Earth 

Observation 

The climate can be defined as average weather conditions in 

terms of the mean and variance of temperature, precipitation 

and wind over a period of time. In climate studies, the 

averages of these parameters are normally calculated 

through an averaging filter spanning 30 years.  Currently, it 

is scientifically clear that the climate is changing and the 

temperature is rising. Precipitation patterns and the 

frequency of occurrence of storms are changing as well.  

The climate change manifests itself most visibly and 

rapidly at high latitudes. Hence a regional pilot area is 

established around Finnish borders. The most prominent and 

clear indicators of climate change are the atmospheric 

temperature and the average annual snow cover, which is 

consistent with warmer global temperatures. These 

parameters have been monitored by the Finnish 

Meteorological Institute (FMI) for decades, even for more 

than 100 years. Hence we use the ground-based climate 

observations of the Finnish Meteorological Institute dating 

back for more than 100 years (FMI Climate Services 

Archives) and satellite observations, e.g., by EUMETSAT, 

ESA, NASA and NOAA. A major project asset is the access 

to all FMI data which have been made avilable to support 

open access policy. 

4. ILLUSTRATIONS 

In this section we present some indicative applications that 

EOPEN offers to its end user community. EOPEN collects 

EO data and combines them with weather forecasts and 

Twitter posts. A social media image is automatically 

annotated to extract knowledge (concepts), using a 

technique based on Deep Convolutional Neural Networks 

(DCNNs), as shown in Figure 3. 

 
Figure 3: Concepts extracted from a social media image 

 

Moreover, the location of a tweet is rarely included (less 

than 5%) in the stream of posts, hence EOPEN considers 

automatic estimation of an event location from Twitter 

content and positioning on a map through an external 

ontology and linking of data. This functionality supports the 

situational awareness of an authority that would like to fuse 

citizen observations with EO products (Figure 4). 

 
Figure 4: Localised events from social data add value to EO 

data products, which can both appear in a GIS view. 

 

Satellite images often include a road network or a part of 

it. In case of an extreme weather event, such as a severe 

flood event, passing from one part of the road to another is 

not possible. EOPEN offers the possibility to estimate 

passable or not passable parts of a road network, with high 

accuracy, using a Residual Neural Network (ResNet), where 

some training took place on the annotated dataset of the 

Multimedia Satellite task of MediaEval2018. The analysed 

images keep their original georeferenced information, so as 

to be visualised as a GIS layer.  

 
Figure 5: Various inputs to the road passability service 
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The plan is to employ a Region proposal Neural 

Network to first detect the road parts (Figure 5) and then 

apply a binary classification algorithm to infer whether the 

road is passable or not. 

Finally, EOPEN clusters similar content into groups of 

similar items. Similarity can be defined in many different 

ways (cluster by concept, location, event, user, etc.) even if 

refers to EO or non-EO data streams. The management of 

large and highly heterogeneous content requires scalable 

techniques that may take advantage of the existing European 

HPC resources, being also in line with the recent advances 

in the development of the four Data and Information Access 

Services (DIAS) and among which the ONDA DIAS service 

(https://www.onda-dias.eu/cms/) will be used for supporting 

the project validation. EOPEN develops algorithms using 

parallel programming techniques and libraries to boost 

scalability of the user applications and being executed on a 

HPC infrastructure.  

5. IMPACT 

The societal, technical and scientific and economic impact 

of EOPEN is eminent and briefly described as follows. 

5.1. Societal Impact 

EOPEN provides a means to perform analysis that is not yet 

available. Three use cases demonstrate how EOPEN can be 

used to address societal challenges fully addressing EO-2-

2017 call’s requirement optimising the use of Copernicus 

data by non-traditional user communities to meet societal 

challenges. In particular, activities under the societal 

challenge for climate action, environment, resource 

efficiency and raw materials focus on GEOSS, much like 

EOPEN’s use cases and services that stimulate past ICT and 

EO activities coupled with the new Sentinel data and 

knowledge from various sectors. 

5.2. Technical and Scientific Impact 

In comparison with the data distribution system of the US, 

the EU data and products distribution and sharing 

infrastructure system looks less effective, especially in terms 

of facilitating small companies to play with data and create 

marketable services and products out of it. Copernicus lacks 

a holistic approach to data management because data 

distribution is based on fragmented data sources. EU 

Copernicus data and products are spread in many different 

archives, formats and portals. The Copernicus core service 

segment (with 6 thematic areas and relative product 

portfolios), the EUMETSAT Satellite Application Facilities 

network (with 8 Application facilities and product 

catalogues) and the ESA Sentinels Open Access Hub portal 

represent just three examples of different, and sometimes 

overlapping, large product repositories, hosting huge 

amounts of information that are difficult to explore and 

navigate into. The lack of an adequate solution for 

combining data from multiple sites with non-space derived 

data has given rise to Thematic Exploitation Platforms and 

networks of them. The European Space Agency (ESA), on 

behalf of the European Commission, launched the DIAS 

services. The DIAS provides a scalable computing and 

storage environment for third parties. With references to the 

afore-mentioned architectures, the EOPEN combines state-

of-the-art technical solutions from the EO domain with 

mature ICT technologies, to deliver an efficient 

orchestration of services and modules, infrastructure 

agnostic, which are offered to the end user, without his/her 

need to have experience in downloading and processing 

Copernicus EO products. In EOPEN, data harmonisation 

and standardisation have highest priority in order to foster 

all three use cases covering flood risk management, food 

risks from environmental factors and climate changes, 

serving as a worldwide solution inside and outside the EU. 

6. CONCLUSION 

In this work we briefly present the EOPEN concept and 

approach, both at the platform level and use case 

application. The purpose of this work is to demonstrate the 

current status of the development of EOPEN and to set a 

solid basis for the next two years of implementation, 

verification, validation, evaluation and demonstration. 
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Sören Gebbert2,4, Bernhard Gößwein1, Miha Kadunc8, Pieter Kempeneers9, Noel Gorelick10

1Vienna University of Technology (TU Wien), Vienna, Austria; 2University of Münster, Münster,
Germany; 3Wageningen University and Research, Wageningen, The Netherlands; 4Vlaamse Interstelling

Voor Technologisch Onderzoek N.V., Boeretang, Belgium; 5Earth Observation Data Centre for Water
Resources Monitoring GmbH, Vienna, Austria; 6Eurac Research, Bozen, Italy; 7Mundialis GmbH & Co.

KG, Bonn, Germany; 8Sinergise Laboratorij Za Geografske Informacijske Sisteme Doo, Ljubljana,
Slovenia; 9Joint Research Centre, Ispra, Italy; 10Google Switzerland GmbH, Zurich, Switzerland

ABSTRACT
Developments in Big Data technology during the last decade
led to the parallel rise of several independent cloud service
providers for Earth Observation (EO) data. The resulting va-
riety of customized solutions of the back-end providers forces
users to choose between very different, incompatible inter-
faces.

openEO offers an alternative, presenting an API which
connects to EO service providers and provides standardised
access points to users via programming languages as Python,
R, and JavaScript. In this ongoing project process catalogues
are being built up, covering all aspects of the EO data life cy-
cle and serving as a template for interested service providers
and front-end users to connect to the API. Several EO ser-
vice providers can already be accessed via the API. Use cases,
based on openEO will be developed for pilot users to proof its
advantages and usability.

Index Terms— Earth Observation, Cloud service providers,
Standardisation, Process catalogue

1. INTRODUCTION

Over the last decade important innovations in EO data utiliza-
tion became possible due to novel sensors which combine a
fine geometric with a high temporal resolution. The availabil-
ity of an unprecedented variety and vastly increased volume
of EO data led to a paradigm shift in data managing and pro-
cessing procedures [1] towards cloud computing approaches
that bring the users and their software to the data. New Big
Data technologies, capable of dealing with the increased vol-
ume, variety, velocity and veracity of the EO data [2], are
emerging, paving the way for new market players, service
offerings and new user groups. For example, users may ac-
cess raw and value-added Copernicus and other EO data by

connecting to Infrastructure as a Service (IaaS) providers as
the ESA’s Copernicus Open Access Hub [3]. On the other
side, advanced Platform as a Service (PaaS) solutions provide
on-demand EO data processing through platform-specific API
calls. These new platforms allow the user community to pro-
cess Big Data decentralized at EO service providers, saving
time and reducing internet traffic.

Being a rather recent development, EO platform service
providers still offer solutions, customised to their user com-
munities; speed and momentum of this new development pre-
vented service providers from developing generally accepted
standards. As a consequence, different data formats, process
catalogues and available processing capabilities lead to an in-
sufficient interoperability between the EO platform [4]. A
switch between available service providers therefore always
also means that users must re-develop already existing pro-
cess chains.

openEO is an ongoing, user driven API development
project to form a standardised access point to various EO ser-
vice providers, allowing users EO data processing at different
cloud platforms via Python, R, or JavaScript [5, 6]. Being
language neutral, the openEO API can further be enhanced
by implementing APIs for e.g. other programming languages
and applications including Quantum GIS or GRASS GIS de-
velopment, which is under way. The openEO API is currently
capable to connect to EO service providers from the EODC /
Austria, VITO / Belgium, Eurac Research / Italy, Mundialis /
Germany, Sinergise / Slovenia, JRC / Italy, and Google Earth
Engine / Switzerland. Also the connection to DIAS platforms
is planned. Representing diverse infrastructures, these cloud
providers are serving as templates for other back-ends to also
connect to openEO.

Utilizing openEO, EO data platforms are able to provide
services to the user, reflecting examples from all stages of EO
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Fig. 1. Communication between clients and back-end drivers. Left: common many–to–many communication; Right: many–
to–one communication, using the openEO API.

data processing, such as EO data query, image enhancement,
band math operations, image mosaicking and layer stacking,
or visualisation and download. Researchers will benefit by
having a uniform way of connecting to different back-ends
that allow them easily switch between compatible environ-
ments with little or no effort. Back-end operators do not need
to modify the way back-end work, but need to provide ad-
ditional interface that translates openEO requests to the soft-
ware running in the back-end.

Compared to OGC WCPS, which currently sees rather
limited uptake in the Earth Observation community, openEO
is thought of as more user-oriented, more flexible in function-
ality, and less restrictive to back-end data representation: it
allows for instance image collections that have not been mo-
saicked to a coverage. WCPS is explored as one of the possi-
ble back-ends.

Being a user-oriented open source project, the openEO
consortium aims for an extended involvement of the user
community while defining and developing relevant EO data
processes and user-defined functions (UDFs). Connecting
them to workflows for five already defined use cases will help
ensuring and validating openEO’s usability.

2. OPENEO STRUCTURE

openEO represents a set of standardised contracts between
various clients and one well–defined API. Instances of the
API can be installed at specific back-end drivers, which are
deployed by EO service providers to implement these con-
tracts and thus to establish openEO compatible access points.
Contracts, formerly implemented separately for each client
and service providers, following a many–to–many communi-
cation strategy can now be realised as many–to–one commu-
nication (see Fig. 1).

Client APIs are realised by software libraries specific to
a given programming language, e.g. Python modules or R
packages. This gives the user a way to interact with the ope-
nEO API without having to take care of the complexity of
building back-end specific HTTP requests. By implementing
an openEO instance as access point to a back-end provider,
it will be able to process user commands at the back-ends in-

frastructures and return its results. The process graphs, trans-
ferred via JSON requests can be executed at the back-ends in
three different ways.

1. A batch job can be submitted, which stays inactive until
processing is requested. It will run only once and stores
its results after execution.

2. Secondary web services allow web-based access using
different protocols such as OGC WMS, OGC WCS or
XYZ tiles. The computation runs on demand to allow
users to change e.g. the result’s viewing extent or level
of detail.

3. Lightweight process graphs (e.g. small previews) can
be executed synchronously. More costly processes have
to expect timeouts for long-polling HTTP requests.

To enable the use of higher level EO process graphs, user-
defined functions (UDFs) can be executed within openEO.
Meeting extremely specialised demands, their implementa-
tion is an ongoing process that will need further input from
potential users. While the standardisation of the available
processes within openEO is still ongoing, its overall archi-
tecture was already specified / developed preliminarily, con-
taining following aspects.

• Query of back-end capabilities regarding e.g. authenti-
cation method or UDF compatibility,

• Query of available EO data and processes, depending
on metadata,

• User management: e.g. token based user registration /
authentication, retrieval of user credits, billing,

• Synchronous / asynchronous job management,

• Data download in different output formats

3. API FUNCTIONALITY

A process catalogue was developed, describing a set of func-
tionalities to be implemented within the project, their I/O data
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and their exact workflow. Its user-driven development will en-
able openEO to form widely accepted and used standards, and
to build a consistent syntax. Furthermore, the back-ends will
be able to translate the commands, standardised to the ope-
nEO’s syntax to well defined internal processes, guaranteeing
a compatibility between the EO service providers. 3rd-party
processing platforms are able to use the process catalogue as
a guideline to access to openEO.

Core processes of following topics are momentarily de-
fined within an increasing list to be implemented in a stan-
dardised way within openEO.

• User data management: Authentication, EO data up-
load / storage / download / sharing,

• EO meta-database query,

• EO data masking, filtering by logical expressions /
metadata / geometry / time range

• Image enhancement: zonal / pixel based math oper-
ators, re-projection, contrast enhancement stretching,
kernels, predefined math operators (e.g. vegetation in-
dices), geometric and temporal rescaling, spatial / tem-
poral resampling,

• Math operations: binary arithmetic, statistical opera-
tions, Boolean operations, zonal statistics, regression,

• Subsetting, mosaicking, layer stacking, expanding / re-
ducing dimensions,

• Sorting and ordering algorithms, searching for specific
elements

• Visualizing / saving / downloading EO data,

• Real time interaction: job management, process moni-
toring

This list, containing all needed processes to realise 5 well–
defined use cases (see Section 4), is meant to serve as a tem-
plate for future enhancement.

Additional to the possible use of the openEO API via R,
Python or JavaScript Syntax, a visual process graph builder
serves as a GUI for merging single openEO processes to
workflows (see Fig. 2).

4. USE CASES

The defined core processes will allow to process first use
cases with openEO. The following use cases were chosen,
based on existing demands from the user community, to pro-
vide processes for broad topics and to serve as seeding points
for user discussions and for future development.

Fig. 2. Example of a visual process graph: NDVI calculation
from a Sentinel-2 time series, using openEO.

4.1. Radar image compositing

The process chain produces monthly and seasonal RGB com-
posites of Sentinel-1 backscatter [7]. The composites can be
used for further classification and crop monitoring [8, 9] and
will be a test case for the basic openEO’s functionalities like
querying and transforming data, basic statistics, layer stack-
ing and exporting to specific output formats. This work flow
will be tested by the Austrian Federal Ministry Sustainability
and Tourism (BMNT) for Austrian pilot areas.

4.2. Multi-source phenology metrics and data fusion

Already existing data fusion and phenology metrics tools [10]
will be ported to openEO to combine Sentinel-2 time series
with Sentinel-3 and Proba-V data. Image pre-processing tools
will be implemented as well as a product validation with in-
situ and other ancillary datasets. These work flows will be
used in semi-arid regions in Western Africa for the Action
against Hunger (ACF) and in the Hindu Kush Region for the
International Centre for Integrated Mountain Development
(ICIMOD).

4.3. Optical-Radar forest monitoring

This use case focuses on the combination of Sentinel-1 and
Sentinel-2 time series for a near real-time forest and defor-
estation monitoring. It provides openEO with various basic
statistical and time series algorithms. The work flow will be
tested in Latin America for the Food And Agriculture Organi-
zation of the United Nations (FAO).
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4.4. Snow monitoring

This use case focuses on algorithms for detecting snow cover
and snow status based on the combination of Sentinel-1 and
Sentinel-3 time series. It includes basic user functionalities as
e.g. user authentication or data management. This work flow
will be tested in South Tyrol by the Hydrologic office of the
Province of Bolzano to enrich their downstream services.

4.5. Agricultural monitoring

A test case on agriculture monitoring, based on Sentinel-1 and
-2 time series will be tested on the JRC back-end (JEODPP).
The use case includes functionalities as data extraction and re-
duction, machine learning methods and interactive data view
applications, integrating 3rd party reference datasets.

5. USER INVOLVEMENT

openEO is an open source project and as such depends crit-
ically on user input – from remote sensing experts and soft-
ware developers to back-end providers. Therefore the project
consortium has established different communication chan-
nels:

1. A website was implemented, explaining in detail the
ongoing development of the project: http://openeo.org/.

2. The newest version of the openEO source code is freely
available at GitHub. The page also entails maintained
user forums: https://github.com/Open-EO.

3. A first documentation and user manual is available at
https://open-eo.github.io/openeo-api/.

4. Introduction videos and manuals are available on
YouTube. Latest news regarding openEO are published
via twitter: https://twitter.com/Open EO.

5. An email hotline was established to provide users
with a direct contacting possibility: openeo@list.
tuwien.ac.at.

Furthermore, the project consortium hosts hackathons and
publishes user questionnaires to enable interested users steer-
ing the openEO’s path during and after the project’s period.
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ABSTRACT 

BETTER is a H2020 project under the EO-2-2017 EO Big 

Data Shift call. Its main objective is to implement an 
integrated EO Big Data intermediate service layer devoted to 

harnessing the potential of Copernicus EO data directly from 

the needs of the users. BETTER aims to go beyond the 

implementation of generic Big Data tools and incorporate 

those tools with user experience, expertise and resources. The 

service layer will deliver customized solutions - Data 

Pipelines - for large volume EO and non-EO datasets access, 

processing, analysis and visualisation. The developments are 

driven by 36 Big Data Challenges set forward by Key 

Societal Challenges actors (the challenge promoters). WFP, 

SatCen and ETH – Zurich, working in the areas of Food 
Security, Geospatial Intelligence and Geo-Hazards. Each will 

introduce 9 challenges over the course of 3 years. The success 

of BETTER relies on the experience and versatility of the 

consortium team responsible for service/tool development 

from DEIMOS and Terradue. This is complemented by 

Fraunhofer Institute’s experience in Big Data systems, which 

brings transversal knowledge extraction technologies and 

tools that will help bridge the current gap between the EO and 

ICT sectors. Today, at the end of the project’s first yearly 

challenge cycle, several pipelines are already developed or 

under development, and will be made available to other users 

in a First BETTER Hackathon to take place mid next year. 

Index Terms— EO Big Data Shift, Data Challenges, 

Data Pipelines, Food Security, Geohazards, Geospatial 

Intelligence 

1. INTRODUCTION 

In the last decades, the European Space Agency (ESA) and 

the European Commission (EC), in partnership with other 

institutions and service operators such as EUMETSAT, have 

been developing a sustainable ecosystem of Earth 

Observation (EO) satellite missions, data providers, 

distributors, storage and processing centres, added value 

service providers and most importantly end users. Among 

these initiatives, Copernicus is the European flagship 

programme, amounting to €8.4bn investment from the EC up 

to 2020 [1]. Copernicus ecosystem has been consolidated 
through ground-breaking initiatives such as the launch of the 

Sentinel satellites constellation, providing operational 

satellite data, as well as the implementation of the Copernicus 

Services in different thematic areas, and is complemented by 

ESA’s own efforts in the Thematic Exploitation Platforms 

and other initiatives, making Europe the worldwide leader in 

the Earth Observation field.  

In parallel to the improved data capabilities available in 

Europe, the downstream sector has been developing 

capabilities towards using EO to support decision making 

processes, and several EO based services are reaching 
operational status in many business domains, from pipeline 

infrastructure monitoring to forestry management. 

BETTER is implementing a Big Data intermediate service 

layer focused on user-centric services and tools, and 

addressing the full data EO data lifecycle to bring more 

downstream users to the EO market and maximize 

exploitation of Copernicus data and information services [2]. 

These customized solutions, denominated as Data Pipelines, 

are driven by 36 Data Challenges defined by users from key 

Societal Challenges sectors. The Data Pipelines will facilitate 

the downstream usage of large volume and heterogeneous 

datasets, so that users can focus on the analysis of the 
extraction of the potential knowledge within the data and not 

on the processing of the data itself. Their main purpose 

continuous delivery of large volumes of higher level EO 

products to users, customized to their needs. 

This paper presents the BETTER project concept and 

objectives, the current developments after the first project 

year, the expected results delivered at the project completion, 

and its impact on the long term. 

2. DATA CHALLENGES 

During the BETTER project, challenges are introduced by 

promoters within the consortium addressing key societal 

areas, such as Food Security, Geospatial Intelligence 
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(GEOINT) and Geohazards. A total of 27 challenges are 

proposed during three yearly challenge cycles, focused on 

problems such as detection of droughts, assessment of illegal 

crop cultivations or early warning of significant earthquakes, 

with an additional 9 brought by external promoters. 

In the field of Food Security, the United Nations World 

Food Programme (WFP) is the main challenge promoter. 

Through the development of BETTER Pipelines, WFP 

expects to improve its preparedness in order to better address 

food security issues in humanitarian crises using Sentinels 
data, Copernicus Land, Atmosphere and Climate Change 

Services together with in-house datasets. 

The requirements will focus on the development of 

higher-level products based on those datasets to provide 

reliable early warning information and support the decision-

making process during operational activities. The datasets are 

related mostly to crop monitoring and meteorology, can be 

derived from the Copernicus Land, Atmosphere and Climate 

Change Services. Such possibilities will be explored in the 

framework of the project. 

Main topics in this challenge are related to: 

• Multi-temporal EO for Humanitarian Operations; 

• Hot-Spot EO Analysis Capacity for Natural Hazard 

Impact Assessment; 

• Dynamic Land Cover Change Detection and 

Characterization. 

In particular, the three challenges addressed in first 

challenge cycle and currently under development are focused 

on delivering: 

• Sentinel-1 Sigma-0 and coherence time series data 

to be used by WFP for wetlands/water bodies and 

multi-temporal flood progression monitoring, 
extracting qualitative information on soil moisture 

or as an input for crop classification in specific areas 

of interest;  

• Sentinel-2 and Landsat based vegetation indices and 

Sentinel-1 backscatter time series so that WFP can 

extract information on the impact of their restoration 

activities (irrigation canals, land rehabilitation, 

dams, roads, etc.) on local environment and 

communities or the impact of conflicts on 

agricultural resources in hard-to-access areas (e.g. 

cropland abandonment, land degradation) 

• Global vegetation, precipitation and land 
temperature time aggregated datasets and respective 

anomalies to a reference period to support the 

seasonal monitoring and early warning activities in 

all WFP regions. 

The challenge promoter with respect to Geospatial 

Intelligence is the European Union Satellite Centre (SatCen). 

The objective is to enhance the capabilities of the Geospatial 

Intelligence community in the Space and Security domain 

through the provision of improved EO products and 

applications exploiting Big Data methods and techniques. 

The rapidly increasing amount and variety of data coming 
from satellites and other sources in the Space and Security 

domain is raising new issues such as the management and 

exploitation of extremely large and complex datasets. 

Currently, the SatCen supports the decision making and 

actions of the EU in the field of Common Foreign and 

Security Policy (CFSP), in particular Common Security and 

Defence Policy (CSDP), including European Union crisis 

management missions and operations, by providing products 

and services resulting from the exploitation of relevant space 

assets and collateral data, including satellite imagery, aerial 

imagery, and related services. In particular, the SatCen 
Research, Technology Development and Innovation (RTDI) 

Unit has the primary role to assess state-of-the-art 

technologies as Big Data and deliver innovative geospatial 

management solutions in order to improve the SatCen 

operational capabilities to offer EO products and services to 

Space and Security stakeholders.  

In the GEOINT thematic area, BETTER will explore the 

added value provided by Big Data methods in developing 

products and applications tackling the following main topics: 

• Change Detection and Characterization [3]; 

• Land Use / Land Cover; 

• Thematic Indexes [4]. 

The first challenge cycle is focused on providing the 

following data streams for defined areas of interest: 

• Sentinel-2 based multitemporal stack of thematic 

vegetation and water spectral indexes; 

• Sentinel-1 multitemporal SLC and coherence stacks 

to detect changes over man-made and natural 

structures; 

• DVI Maps, multitemporal stack of Sentinel-2 

Bottom-of-Atmosphere reflectances and band color 

composites for the delineation of land cover types, 
with particular focus on vegetation.  

Finally, the field of Geohazards is related to the analysis 

of global scale long time series EO based information of 

volcanic activity, earthquakes; Landslides and land 

subsidence are key in improving forecast and early warning 

systems for these natural disasters and highly demanding in 

terms of EO data volume, due to its spatiotemporal scale and 

the resolution of the required imagery. Currently the Swiss 

Federal Institute of Technology Zurich (ETHZ), the main 

challenge promoter in BETTER in Geohazards, is doing 

research in this field. Their work has been already been 

integrated in the GeoHazards TEP and its scope fits perfectly 
into the needs of the Copernicus Emergency Management, 

mainly in the Risk and Recovery Mapping component. Their 

work can also influence other related areas from civil 

protection to the insurance sector. 

In this thematic area BETTER will provide data streams 

to ETHZ to derive information on volcanic activity, 

earthquakes, landslides and land subsidence to forecast and 

early warning of these natural disasters. Their research can be 

integrated in the scope of the Copernicus Emergency 

Management, mainly in the Risk and Recovery Mapping 

component. During the project these connections will be 
further analyzed to connect to additional promoters coming 
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from these sectors and develop higher-level products that can 

bring additional value to the project. 

The main topics in this challenge will be related to: 

• Forecasting the impact of earthquakes; 

• Rapid generation of landslide inventories; 

• Forecasting surface deformation. 

The focus of this first cycle will be on the production of a 

global catalogue of: 

• ENVISAT-ASAR interferograms (including 

coherence maps) before and during the event for 
earthquakes with a magnitude higher than 5; 

• Sentinel-1 interferograms before and after the event 

for earthquakes with a magnitude higher than 5; 

•  Sentinel-1 co-seismic deformation change maps 

before the event and co-seismic; 

In total, these thematic challenges will encompass the 

implementation of sixteen Data Pipelines, delivering to 

promoters 41 different output data streams, including six 

global or near global output data streams and other outputs 

that cover 15 different areas of interest around the world. In 

addition, 7 new applications are under development to 
perform user defined on-demand functionalities on top of the 

provided Data Pipelines. 

Additionally, in the second and third cycles, nine 

challenges will be brought by external challenge promoters. 

Several stakeholders are already engaged with the project to 

bring challenges related crop damage estimation related to 

extreme weather events, dynamic fire risk mapping and 

sustainable fishing. Other external challenge definition, 

selection and engagement are already underway and 

everyone is welcome to take part of this process and propose 

a challenge for the next early cycles. The next one challenge 
cycle will start in March 2019.  

3. FROM CHALLENGES TO PIPELINES 

The design, implementation and delivery of the Data 

Pipelines that answer the needs of the Data Challenges is 
driven by the definition of a set of pipeline requirements after 

the challenge definition process. Those requirements are 

extracted in a dedicated workshop in the beginning of each 

challenge cycle. After deriving this set of requirements are 

defined the BETTER development team composed by 

Terradue, Deimos and Fraunhofer design and implement the 

different pipeline components, following an Agile 

methodology. At each pipeline release, the promoters test and 

provide feedback to the development team, driving its 

improvements. 

 
Figure 1 - From challenges to pipelines 

The collaborative development environment of the 

pipelines is based on a Jupyter Lab interface where several 

workflows archetypes (e.g. SNAP based archetypes, 

OrfeoToolbox -OTB- archetypes) are available for the 

development teams. At each release, the different software 

components will be uploaded to a software repository and 

enter a continuous integration/deployment environment 

where it will be merged into the full pipeline, tested with a 

validation dataset provided by the promoters, built, packaged, 

dockerized and made available in a production center. In this 

center it will start producing the data streams continuously 

and making them available to users for them to test and 
provide feedback.  

 

 
Figure 2 - Pipeline development process 

When a pipeline is finalized and answers all the requirements 

of the promoters, the challenge is considered achieved by the 

users 
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4. PIPELINE EXPLOITATION 

After each pipeline implementation and challenge 

achievement, the main goal of the project is to promote the 

developed pipelines to other communities that might be 

interested in using those data streams.  

In addition to communication, dissemination and 

engagement activities foreseen in the project there will be two 

hackathons open to everyone, one in the middle of the second 

challenge cycle and one in the middle of the third. In those 

hackathons users will be asked to develop additional 
processing components on top of the current pipelines to 

extract information customized to their needs. This will allow 

to: a) showcase the use of the platform and demonstrate how 

the developed pipelines can support these wider 

communities, b) to identify additional micro-challenges by 

interested stakeholders who are interested in using the 

platform and variations of the pipelines to address their own 

user stories; c) get the feedback from the people participating 

in the hackathon on the robustness and usability of the 

developed pipelines. 

 
Figure 3 - Community Engagement in BETTER 

5. CONCLUSIONS 

BETTER brings a unique approach to exploit the potential of 

EO Big Data to help address the top priorities of key societal 

areas such as Food Security,  Geospatial Intelligence and 
Geohazards, driven by thematic challenges set by promoters 

that are main stakeholders in their areas. By using this user-

centric and flexible approach, BETTER will maximize 

impact of the built pipelines on the operational and R&D 

activities of the promoters and reach additional related user 

communities so that they start reusing those pipelines and 

building additional processing components on top of them. 

Currently, BETTER is reaching the end of the first yearly 

challenge cycle with several pipelines already developed or 

under development. Those pipelines will be made available 

to other users in a First BETTER Hackathon to take place in 

mid 2019. 
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ABSTRACT 

The synergy combining the forthcoming improvements of 

satellite imagery resolution, real-time space big data, facial 

recognition technology, and big data analytics might enable, 

in the near future, to discern more refined details on earth, 

and to identify individuals. Thus privacy and data protection 

concerns are being raised by court cases, legal scholars, few 

stakeholders and media. The intent of this paper is to define 

what is personal data in big space data, to discuss the 

possibility of identification of individuals, and to portray 

mitigation risk approaches for incoming space data policies. 

 

Index Terms— surveillance, data protection, privacy, 

big space data, big data analytics, identification 

1. INTRODUCTION 

As of today, the leading-edge imagery resolution 

commercially available is provided by DigitalGlobe’s 

WorldView-3 satellite constellation, for which each pixel in 

a captured image corresponds to approximately 31 cm1. 

Notably, there is a tendency for pushing for the resolution 

restrictions threshold to be lowered to 10 cm. Yet, this does 

not suffice to directly identify individuals. Indeed there is a 

need to demystify satellite imagery and its powers.  

As EO massive constellations of small satellites2 are 

being launched in LEO, a bigger influx of high quality 

imagery and observation capabilities of EO satellites3 are 

expected to become more widely available on a timely basis 

(capturing a single point several times a day) at a much 

lower cost. Users can plan both the target and frequency, 

allowing for a more specific analysis in a particular tracking.  

Given the growing commercial market of high-res 

imaging, and the advancements in satellite technology and 

sensor resolutions, it is most likely that high-res space-based 

data will improve. And whilst low-cost, highly responsive 

commercial satellite systems become operational, very high-

resolution (VHR) imagery is expected to become a regular 

                                                 
1http://worldview3.digitalglobe.com/ 
2It comprises 300 non-manoeuvrable 3U cubesats, Swiss Re Report 

“New space, new dimensions, new challenges: how satellite 

constellations impact space risk”, 2018. 
3Popkin, G.“Technology and satellite companies open up a world 

of data”, https://www.nature.com/articles/d41586-018-05268-w 

attribute for end-user products and services. The synergy 

revolving around foreseeable improvements of satellite 

imagery resolution, facial recognition technology (and other 

image recognition software), real-time imaging, and big data 

analytical software, might enable to discern more refined 

details and identification of patterns of life in industry and in 

the environment. Speculation revolves around satellite 

imagery discerning car plates, individuals, and “manholes 

and mailboxes”4. It is claimed that such granular location-

based information would only occur within secondary use-

cases5 (e.g., data analysis for smart cities, marketing 

profiles), and not undertaken by first-party uses (e.g. trends, 

improving geo-aware service)). The ITU-T Study Group 17 

(SG17)6, EO experts and legal scholars foresee that, in 

concomitance with the growing resolution of remote sensing 

images, the likelihood of privacy and data protection issues 

also grow7-8-9 [1][5], demanding protection therefrom. One 

cannot always predict what the downstream forthcoming 

usages of VHR images will be, given the myriad of mashup 

tools and technologies available. As satellite images become 

more ubiquitous, as “god-like views”, reflection on how 

they are created, and the purpose for their use is timely.  

While relevant international space law—essentially the 

Outer Space Treaty, its follow-on treaties developed through 

COPUOS, and the UNGA Resolution 41/65, containing the 

Principles on Remote Sensing—do not address privacy 

concerns of VHR images, analyzing privacy and data 

protection risks is necessary to inform future regulations and 

satellite data policies towards General Data Protection 

Regulation compliance (Regulation (EU) 2016/679, 

GDPR)[6] [7]. The paper is organized as follows. Section 2 

discusses how big data analytics and space data relate. 

                                                 
4 See US lifts restrictions on more detailed satellite images, 

http://www.bbc.com/news/technology-27868703 
5 Future of Privacy Forum, “Location Data:GPS, Wi-Fi, and Spatial 

Analytics”, https://fpf.org/wp-content/uploads/2018/12/DDF-2-

Materials.pdf 
6https://www.itu.int/en/ITU-T/about/groups/Pages/sg17.aspx 
7https://theconversation.com/ruling-on-sharper-satellite-images-

poses-a-privacy-problem-we-can-no-longer-ignore-28133 
8http://thescienceexplorer.com/technology/new-satellites-will-

detect-your-face-and-phone-space 
9http://www.digitalethics.org/essays/high-resolution-satellites-are-

our-privacy-expectations-too-high; 

https://www.forbes.com/sites/patrickwwatson/2018/04/26/this-is-

the-end-of-privacy-as-we-know-it/#27d88ee96875 
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Section 3 defines personal data in space and argues on the 

potential identification of individuals and surveillance cases. 

Section 4 suggests mitigation risk approaches, while Section 

5 concludes. 

2. BIG DATA ANALYTICS AND SPACE DATA 

Two main trends are currently developing in the satellite 

imagery industry: (i) the increasing availability of VHR 

satellite imagery; and (ii) the outsource processing-intensive 

image analysis tasks to distributed computing. Orbital 

Insight, SpaceKnow, Descartes Labs, Exogenesis, Remote 

Sensing Metrics, OmniEarth, DataKind are examples of 

analytic support companies offering actionable insights or 

intelligence. Distinctive aspects of big data analytics are 

briefly mentioned herewith to foresee its (potential) 

implications [8][9] on privacy and data protection: (i) use of 

large numbers of machine learning (ML) algorithms 

processing high-res satellite imagery in order to find 

automatic correlations, inferences from datasets. To note, 

Target Matching Recognition (TMR) algorithms for satellite 

images are improving robustness and accuracy, tackling 

image matching errors and reduce matching recognition 

time [10]; (ii) tendency to collect and analyze all the data 

that is available; (iii) repurposing of data for which it was 

originally collected, as analytics can mine data for new 

insights and find correlations; and (iv) use of new types of 

data automatically generated and coming from the IOT 

devices, as sensors. Besides, there is a growing use of face-

based technology systems in commercial setting and such 

technology often involves the collection and use of personal 

data, requiring careful assessment of identifiability and 

privacy issues. Also, a series of other applications and 

payloads can also be installed on LEO smallsats, allowing 

the gathering and processing of personal data and seriously 

interfering with, and potentially violating citizens' rights to 

privacy and data protection, like high power zoom, facial 

recognition, behaviour profiling, movement detection, 

number plate recognition, thermal sensors, night vision, 

radar, see-through imaging, Wifi sensors, biometric sensors 

to process biometric data, GPS systems processing the 

location of the persons filmed, systems to read IP addresses 

and track RFID devices, systems to intercept electronic 

communications, etc.VHR satellite images linked with these 

significant artifacts carries the potential to increase risks of 

hampering privacy and data protection. 

3. PERSONAL DATA IN BIG SPACE DATA  AND 

IDENTIFICATION OF INDIVIDUALS 

The scope of the GDPR on space data (art. 3(1)) conveys 

that any entity directly or indirectly processing data of EU 

residents is subject to the GDPR, even if taken from a 

satellite under the jurisdiction and control of a non-EU 

country. Therefore it is relevant to assess what is personal 

data in big space data. 

3.1. What is personal data in big space data? 

A large proportion of big data is not personal, namely, 

weather information, satellite imaging, and operational 

machine data. But some space big data may include 

elements that link directly to a person, and hence, could be 

considered personal data, as we shall conclude.  

The GDPR regulates the use of multiple data formats – 

including images – which help to identify, either directly or 

indirectly, any person. Personal data is therein broadly 

defined, and includes all information related to an identified 

or identifiable natural person. An identifiable natural person 

can be directly or indirectly identified, in particular, by 

reference to other data (art. 4 (1)).  Purtova contends that in 

the age of the Internet of Things (IoT), datafication, 

advanced data analytics, and data-driven decision-making, 

any information relates to a person [11], and therefore, it 

triggers data protection. Such assertion is also conveyed by 

the Article 29 Working Party10 (WP29) opinion on the 

concept of personal data (WP136). The author further 

refines the three-based elements of personal data: i. any 

information; ii. relating to; iii. identified or identifiable 

natural persons. Herewith we shall discuss this third element 

– the possibility of identifying individuals through VHR 

satellite imagery. Personal data is broadly defined and 

includes all information on an identified or identifiable 

natural person who can be directly or indirectly identified in 

particular by reference to other data (art. 4 (1) and recital 

26). This covers aspects such as name, address, card of 

phone numbers, IP addresses, etc. But it may also apply to a 

set of other data that together can relate to an identified or 

identifiable natural person such as, for instance, location 

data, video footage, public key, signatures, IP addresses, 

cookies, device identifiers, metadata, etc. The growing 

number of throughput satellites combined with increasing 

reliance on satellite technology for connectivity services 

extends the types of space data to any information that is 

shared through this means11. 

3.1.1. Potential identification and re-identification of 

individuals 

Personal data includes all information related to an 

identified or identifiable natural person. The attribute 

“identified” refers to a known person, and “identifiable” is a 

person who is not identified yet, but identification is 

possible. One is directly identified or identifiable by 

reference to a name, in combination with additional “direct 

or unique identifiers”. These “direct and unique identifiers” 

covers data-types easily referenced and associated with an 

individual, including descriptors such as a name, ID number 

or username, location data, card of phone numbers, online 

                                                 
10 The opinions of the WP29 are not formally binding, but possess 

“persuasive authority” on this domain..  
11 Conway N, “Why Geospatial Needs to Listen to GDPR”, 2017,  

https://www.gis-professional.com 
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identifiers, etc. (art. 4 (1)). One is “indirectly identifiable” 

by combinations of indirect (and therefore not unique 

identifiers) that allow the individual to be singled out; they 

are less obvious information types which can be related to 

an individual, such as video footage, public key, signatures, 

IP addresses, cookies, device identifiers, metadata, and 

alike. The WP136 and Recital 26 offer for a two-fold 

standard for the possibility of identification. It establishes a 

dynamic test of “reasonable likelihood” of identification: i. 

whether or not all the means of identification are 

‘reasonably likely to be used to identify an individual; ii. 

either by the controller or any other person’. To assess such 

possibility of identification, it is needed to account objective 

factors such as: cost and time required for identification and 

the state of art of technology at the time of processing to 

enable identification. This dignifies that the capacity of (re) 

identification is increasing at the pace of technology 

developments. The growing number of throughput satellites 

with increasing reliance on VHR satellite technology, new 

analytical technologies extends the types of space data to 

any information that is processed and shared through these 

means, and enables identification. For instance, if the 

footage taken through VHR imaging only shows the top of a 

person’s head and one cannot identify that person without 

using sophisticated means, it is not personal data. However, 

if the same photograph is taken in the backyard of a house 

with additional imaging analytical algorithms that enable 

identification of the house and/or the owner, that footage 

would be considered as a personal data. Thus, personal data 

is very much context-dependent. Arguably, a person – as a 

whole – can be depicted on these pictures, as for the 

resolution might allow for the identification of a person 

considering, for example, the person’s height, body type and 

clothing could help in identifying a person on a very high 

resolution satellite image. Likewise, objects and places 

(location data) linked to a person could also enable 

identification of a person via VHR, such as the person’s 

home, cars, boats and others. Identification can also be 

established through combinations of data. In fact, this 

scenario escalates with the advances of “ultra-high” 

definition images12 published online, from commercial 

satellite companies, and the consequential application of big 

data analytic tools. It might be possible to identify indirectly 

an individual (and also to depict individual households, 

etc.), when high resolution images are combined with other 

spatial and non-spatial datasets.  

Thus, while the footage of people may be restricted to 

“the tops of people’s heads”, once these images are 

contextualised by particular landmarks or other information, 

they may become identifiable. This other information can 

include “demographically identifiable information” (DII) or 

“community identifiable information” (CII), which may 

                                                 
12 https://www.offthegridnews.com/privacy/googles-newest-high-

res-satellites-can-monitor-your-every-move-in-real-time/ 
 

contain personal information therein, or otherwise transport, 

administrative, demographic categories, survey data 

available online, or other imaged information (geo-tagged or 

otherwise identifiable by location, and crowdsourced 

geographic information [12]).  

3.1.2. Satellite Imagery and Surveillance  

Satellite imagery cases have been dealt with in courts. Even 

if current decisions usually find that these kinds of images 

are not invasive to personal privacy and they try to find a 

balance between privacy and the opportunities that satellite 

technologies can offer, if satellite imagery continues to 

improve, enabling the identification of individuals due to a 

more precise resolution, the issue of privacy will become 

more important. At the European level, several decisions 

pointed out the dangers of mass surveillance. Satellites 

collect data as they continually orbit the globe. Since they 

do not aim a specific targeted surveillance, but collect 

images of swept areas, the question of surveillance 

represents an important issue. Mass surveillance has been 

judged to represent a particular serious interference with 

private life by the Court of Justice of the European Union 

(CJEU) in the Digital Rights Ireland case13, which lead to 

the annulment of the so-called “Data Retention Directive”14, 

about the storage of communication metadata of every user 

over a long period of time, without any reasonable suspicion 

of involvement in some kind of criminal offence. European 

courts also gave a jurisprudential framework to localization 

data regarding the right to privacy. Indeed, the use of GPS 

surveillance in Uzun case15 and the use of data obtained 

therein in the criminal proceedings against him, breached 

article 8 (right to privacy) of the European Court of Human 

Rights (ECHR). In a case about real-time geolocation 

surveillance measures taken against Mohamed Ben Faiza16 

in a criminal investigation related to drug trafficking, the 

Court held a violation of the right to privacy. The ECHR 

pointed out in the Klass case17 that “where a State institutes 

secret surveillance, the existence of which remains unknown 

to the persons being controlled (…), Article 8 could to a 

large extent be reduced to a nullity”. 

 

4. MITIGATION RISK APPROACHES 

Imagery analysis or dissemination must be consistent with 

the “Common European Data Space” (SWD(2018)125 final) 

                                                 
13CJEU, C-293/12, Digital Rights Ireland and others v. Ireland, 8 

April 2014, ECLI:EU:C:2014:238. 
14Directive 2006/24/EC. 
15ECtHR, Uzun v. Germany, 2 September 2010, application n° 

35623/05. 
16ECtHR, Ben Faiza v. France, 8 March 2018 , application 

n° 31446/12. 
17ECtHR, Klass and others v. Germany, 6 September 1978, 

application n° 5029/71, § 36. 
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and in furtherance of the GDPR. A privacy-centric 

taxonomy of identification approaches could be a useful 

standing to further identify risk scenario missions. Given the 

rapidly changing technology and the big space data context, 

it is advisable that privacy issues be considered at every 

stage of a dataset´s life cycle, and not only to the point of 

selling. Release of datasets of images that might raise 

potential privacy issues might call for a special regime of 

licensing that restrict their use to certain contexts (e.g. 

noncommercial), or that prohibit activities aimed at re-

identification. Nevertheless, such licensing terms would 

depend on their compliance by its users and on legal action 

when breaches occur [13]. Information and transparency 

protocols, both on the missions and the operators, should be 

devised and implemented, as well as codes of conduct (by 

industry groups of remote sensing satellite operators) with 

recommended practices for big space applications, or 

guiding on the different categories of data that require 

special care. Data controllers can proactively carry out a 

data protection and privacy impact assessment processes,18 

notably where there are risks for data protection and 

privacy, respectively, according to typical VHR scenarios, 

e.g. this undertakes defining the purpose of the use; 

choosing the right tools; using the most privacy friendly 

approaches, or privacy-aware analytics methods; ensuring 

the security of the data collected, etc. These processes 

require that before using a privacy-limiting device, means 

must be in place to limit the impact as far as possible. A 

dialogue with manufacturers could be envisioned to 

preemptive implement privacy by design and by default 

measures and embed data protection requirements in data 

space applications to ensure compliance from the outset. 

Remote sensing companies can set up mechanisms to 

automatically process images by blurring faces, filtering out 

or obscure identifiable features on, house holding, whenever 

identification scenarios occur due to forthcoming image 

improvement. The Remote Sensing Principles contain no 

specific restrictions on what may be observed, therefore, it 

could be envisioned an updating of these principles 

encompassing plausible risks to privacy and data protection. 

5. CONCLUSIONS 

It is not possible today to directly identify an individual´s 

face using today's satellites. However, we elaborate upon a 

forward looking perspective. The opportunities provided by 

VHR satellite images are inherently linked with significant 

data analysis rendered by big data analytics and facial 

recognition technology commercially available which 

enhances identification and privacy risks. Geoprocessing, 

spatial analysis and other geo-intelligence tools will need to 

abide to “geo-privacy” compliance. 

                                                 
18https://ico.org.uk/for-organisations/guide-to-the-general-data-

protection-regulation-gdpr/accountability-and-governance/data-

protection-impact-assessments/ 
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CONTINENT WIDE MONITORING OF GLACIER SURFACE ELEVATION CHANGES AND
GLACIER MASS BALANCES

Thorsten Seehaus, Philipp Malz, Christian Sommer, David Farias, Matthias Braun

Institute of Geography, Friedrich-Alexander University of Erlangen-Nuermberg, 

91058 Erlangen-Tennenlohe, Germany

ABSTRACT

Significant glacier shrinkage due to climate change has been
reported  in  many mountain  regions  all  around the  world.
However, continent wide detailed measurements of glacier
ice mass losses are missing or quite sparse.  Therefore we
analyze  interferometric  SAR  data  from  the  SRTM  and
TanDEM-X mission in order to measure surface elevation
changes  of  glacierized  mountain  regions  world  wide.  An
automatic  differential  interferometric  processing  chain,  to
generate digital elevation models from bistatic TanDEM-X
data, and an elaborate referencing and mosaicing algorithm
is applied to obtain information on glacier mass balances on
continent  scale.  The  procedure  was  developed  and  tested
using whole South America as a test region. The analysis of
the other  continents  is  currently running.  The results  will
deliver  fundamental  information  for  glacier  mass  balance
and climate change projections, water resource management
plans as well as politicians and decision makers.  

1. INTRODUCTION

Glaciers  and  ice  caps  outside  of  the  polar  regions  are
strongly affected by climate change and are defined as key
indicators  for  climate  change  by  the  Intergovernmental
panel on Climate Change (IPCC) [1]. Within the framework
of the Global Climate Observing System (GCOS), they are
specified as Essential Climate Variables (ECV), due to their
importance as fresh water source and storage. In many high
mountain  and  arid  regions,  glacier  melt  water  is  a
fundamental  water  source,  but  also  for  downstream
communities, like e.g. along the large rivers in Asia, glacier
runoff  is  an  important  water  supply  for  hydropower,
irrigation  and  wet-land  ecology  [2].  Thus,  the  continent
wide  monitoring  of  the  current  and  prospective  glacier
change rates are of high interest for international initiatives
but also for regional water resource management plans.

The TanDEM-X mission of the German Space Agency
(DLR),  provides  high  resolution  bistatic  interferometric
Synthetic Aperture Radar (SAR) imagery worldwide since
2010 [3]. This data is suitable to derive highly precise digital
elevation models (DEM). In combination with the results of
the Shuttle Radar Topography Mission (SRTM) in February
2000, whose aim was to generate a consistent digital DEM
of the landmasses between 60°N and 56°S, the monitoring 

Figure 1: Used TanDEM-X coverage on glaciated
areas in South America. Purple polygons indicate
the  TanDEM-X  acquisitions;  Black  lines  are
delineations between glacier regions base on their
climatic setting. 
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of  glacier  surface  elevation  changes  and  consequently
glacier mass balances since 2000 is feasible. 

2. DATA & METHODS

Several  products  were  derived  from  the  bistatic  SAR
acquisitions of SRTM. For our analysis,  we use the void-
filled  LP DAAC  NASA Version  3  SRTM  DEM  with  1
arcsec (~30 m) ground resolution, which resulted from the
C-band radar  recordings [4].  The individual  SRTM DEM
tiles  are  mosaiced  to  cover  the  respective  study area  and

reprojected  to  UTM  projection.  TanDEM-X  is  acquiring
data in X-band since 2010. In 2012-2013 during the global
DEM mission a nearly complete coverage of the landmasses
was  obtained,  with  ascending  and  descending  data  takes
especially  in  mountain  regions,  allowing  for  continuous
region  wide  analyses.  Both  sensors  used  different  SAR
frequencies,  which  lead  to  differences  in  the  SAR signal
penetration into snow and ice.  The Radar signal penetration
into glacier surfaces strongly depends on the surface type,
conditions and water content [5]. In order to account for this
issue,  we selected preferable TanDEM-X scenes from the
same season as the SRTM data, to reduce the bias due to
differences in the SAR signal penetration, but also due to
seasonal surface elevation changes. The spatial coverage of
the  analyzed  TanDEM-X  acquisitions  of  our  case  study
throughout South America is illustrated in Figure 1.

The  TanDEM-X  data  was  processed  following  the
approaches of [6], [7] (see Figure 2 for an overview of the
processing chain). First acquisitions from the same track and
date are concatenated in  along track direction if possible.
Then, a differential  interferogramm is generated using the
SRTM DEM as elevation reference.  In  the next steps the
interferogramm is filtered, unwrapped by applying either the
branch  cut  or  minimum  cost  flow  algorithm  and  the
differential phase is transferred in to differential elevations.
Subsequently, the elevation information of the SRTM DEM
is  added  to  obtain  absolute  height  information  and  the
product is finally geocoded. The best results of both phase-

Figure  2:  Flow  chart  of  differential  interferometric
TanDEM-X DEM generation

Figure 3: Flow chart of TanDEM-X DEM coregistration, mosaicing and glacier mass balance calculation routine.
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unwrapping approaches are manually selected for the further
post-processing routines.

In order to map highly accurate elevation change data on
the glaciated  area,  the  TanDEM-X DEM tiles  need  to  be
precisely  horizontally  and  vertically  coregistered  to  the
SRTM data (see Figure 3 for an overview of the processing
chain).  Therefore  ice-free  areas  are  defined  as  stable
reference regions, by masking out vegetation (NDVI filter)
and water (NDWI filter) and an applying an additional slope
threshold of 15°. First, the TanDEM-X tiles are bi-linearly
vertically corrected for offsets to the SRTM DEM, measured
on  this  stable  regions.  Subsequently,  a  horizontal  and
vertical  coregistration  between  the  SRTM  DEM  and  the
TanDEM-X DEMs is carried out following a widely used
approach [8]. Afterwards, the TanDEM-X DEMs are again
bi-linearly  vertically  coregistered  to  the  SRTM  DEM  to
reduce still remaining biases. Finally the TanDEM-X DEMs
are  mosaicked  to  one  regional  DEM and a  date stamp is
added to each grid cell.

To  calculate  the  elevation  change  rates  dh/dt  for  the
study periods, the SRTM DEM and the regional TanDEM-X
DEM  mosaics  are  differenced.  Since,  data  voids  in  the
applied SRTM DEM are filled with data from other sources

(without date information), the SRTM data voids are filtered
out  using  the  masks  provided  by  LP  DAAC  NASA.
Moreover, regions with slopes steeper 50° are also rejected,
since  major  ice  aggregation  is  there  quite  unlikely
(avalanche  slopes)  and  DEMs are  less  accurate  on  these
steep slopes [9].
The elevation change rates are integrated over the glaciated
regions and multiplied by an average ice density, in order to
obtain regional geodetic mass balances. To account for data
voids in the elevation change fields on glaciated areas, the
measured  dh/dt  values  are  area  weighted  base  on  the
hypsometric distribution.  
Finally  a  detailed  accuracy  estimation  is  carried  out  by
considering error contributions from:
- DEM registration
- Hypsometric interpolation of data gaps
- SAR signal penetration bias
- Glacier area delineation
- Ice density

3. RESULTS

Here we briefly presents results from South America, our
test region for our continent wide glacier surface elevation
and  mass  balance  monitoring  algorithm.  More  detailed
information can be found in the corresponding publication
[10]. 

The glaciers and icecaps in South America cover an area
of ~37751 km² and stretch through various climate zones,
from  the  inner  tropics  in  Venezuela  to  sub-Antarctic  in
Tierra del Fuego. Most prominent are the large ice fields in
Patagonia.  The Northern  Patagonian  Icefield  (NPI,  4653
km²)   and  the  Southern  Patagonian  Icefield  (SPI,  13231
km²). In average we measured glacier elevation changes on
85% of the glaciated areas. (Note: large proportions of the
non-map areas are due to voids in the SRTM data especially
in the outer tropical regions.) Throughout the study region a
mass change rate of -19.43 ± 0.60 Gt/a, corresponding to a
specific  mass  balance  rate  of  -0.61  ±  0.07  m w.e.  a-1,  is
obtained. The major ice losses of about 83% are caused by
the Patagonian icefields (see Figure 4), caused by dynamic
adjustments of their large outlet glaciers. The glaciers in the
tropical regions show surface lowering as well, but at more
moderate rates (see Figure 5). 

4. CONCLUSIONS AND OUTLOOK

The application of our processing algorithms at  the study
region  reveals  good quality  results  and  provides  the  first
continent  wide  spatially  detailed  analysis  of  glacier  mass
balances  throughout  South  America.  There  is  sufficient
suitable  TanDEM-X  data  in  other  glaciated  mountain
regions  around  the  world  for  comparison  with  SRTM
available.  Moreover  the  data  amount  is  continuously
increasing,  since another global coverage like the first DEM
mission  is  currently  ongoing.  This  will  allow for  further

Figure 4: Surface elevation change rates of the Southern
(left) and Northern (right) Patagonian icefields.
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updated  monitoring  of  ice  mass  changes  worldwide  by
comparing TanDEM-X to TanDEM-X data. 
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the outer tropics. Top: Cordillera Vilcanota Peru; 
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ABSTRACT

Pan-European products assessing the sealed areas, spanning on more
than a decade and still in production for 2018, the time series of
High Resolution Layer Imperviousness has been making use of mul-
tiple sensors, whose data volume is still increasing, in particular with
the introduction of Sentinel constellations, at multiple temporal and
spatial scales. In this paper, we review the methodologies devel-
oped within the HRLs production and enhanced during the H2020
ECoLaSS project to ensure the coherence of this times series, whose
updated areas from one date to the next lays within the accuracy
specifications.

Index Terms— High Resolution Layers, Sentinel, Copernicus,
Change Detection, Time Series, ECoLaSS

1. INTRODUCTION

The urban population in 2014 represented 54% of the overall popu-
lation, and is expecting to keep rising [1]. According to the World
Health Organisation, the global urban population should grow ap-
proximately 1.84% per year from 2015 to 2020; this percentage
slowly decreasing over the years to reach 1.44% per year between
2025 and 2030.

Despise the impression that the temporal change in urban area
does not appear to be significant at the global scale, its impact on the
neighbouring forests, agriculture, water systems, through consump-
tion rise, can turned out to be critical. A close monitoring of the
urban growth is necessary to ensure a sustainable development [2].
In most developing countries, urban growth is mainly driven by pop-
ulation growth. However, in Europe, population growth no longer
increases substantially, but urban areas continue to expand, a phe-
nomenon known as urban sprawl [3].

The Copernicus Land Monitoring (CLMS) is an effort coordi-
nated by the European Environment Agency to produce land cover
and land use information, through the CORINE Land Cover (CLC)
dataset as well as the five High Resolution Layers (HRL) for each of
the specific land cover characteristics: artificial areas, forest areas,
grasslands, wetlands and water bodies, that should be soon comple-
mented by a layer of small woody features. The imperviousness
(IMP) products quantify the percentage of soil sealing in a status
layer for a given year (± 1 year) and capture the modifications from
the previous status layer to the next into a change layer.

Those raster-based datasets are key to better inform policy mak-
ers on the spatial distribution, and extent of urban sprawl in particular
for IMP, and are updated every three years.

Thanks to Research Executive Agency (REA) for funding, and to our
partners (GAF, UCL, JR, DLR) for their contribution on the H2020 project
ECoLaSS.

The H2020 project “Evolution of Copernicus Land Services
based on Sentinel data” (ECoLaSS) [4] aims at developing and pro-
totypically demonstrating selected innovative products and methods
for future next-generation operational CLMS products of the pan-
European and Global Components, based on a multi-temporal and
multi-sensors approach. One of its objective is to lay out the fea-
sibility of a higher update frequency for several products - namely,
the imperviousness, forest (FOR) and grassland (GRA) layers - of
the CLMS continental and global components, for mid-term (2018)
and long-term (2020+) evolution. This increased update frequency
implies the exploration of new methods to correctly identify the
automated changes detected, to ensure the spatial and temporal
coherence of those changes along the time series.

2. METHODS AND DATASETS USED TO GENERATE
STATUS LAYERS

IMP is the HRL for which the longer time series is available. It con-
sists of a series of 20m and 100m thematic raster status and change
products derived from EO data for the 2006, 2009, 2012 and 2015
reference years. Up until 2015, the production of HRL Impervious-
ness degree (IMD) was based primarily on a combination of SPOT-4
and 5 and IRS LISSIII with a RapidEye coverage introduced in 2012,
organized around two separate coverages at least 6 weeks apart dur-
ing the vegetation growing season.

These coverages were serving multi-purposes: the CLC produc-
tion as well as the one for 2006 IMD layers and other HRLs from
2012. However, the acquisition of a complete cloud free coverage
has been problematic, having to rely on gap filling exercise at a final
stage to ensure a near complete coverage. Therefore, the target to
achieve complete coverage (± 1 year) remains an operational dif-
ficulty. The ECoLaSS project will put to test the yearly Sentinel
datasets (S1 and S2), through their incorporation in the processing
chain.

The HRL IMP production has been largely focused on the cre-
ation of a reliable built-up mask, which is then combined with Nor-
malized Difference Vegetation Index (NDVI) data to derive the IMD
[5], from 0% to 100%, as displayed in Figure 1. A threshold set at
33% of IMD is then used to create the binary status layer between
urban and non-urban areas. Most of the error sources for both layers
(status and change) are attributable to the correctness of this input
built-up mask.

2.1. Status layer for IMP 2015

Optical datasets from various sources e.g. Landsat-8, SPOT-5,
Resourcesat-2, and S-2A, all resampled at a 20m resolution, have
been used to generate the 2015 built-up mask. Biophysical variables
such as the NDVI and additional parameters such as the Normalized
Difference Built-up Index (NDBI) [6] have been computed and time
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Fig. 1. On the left, S-2 optical image taken above Toulouse, France. On the right, matching HRL IMD layer for 2017, with 100% (fully
impervious) in red down to 0% (no sealing) of IMD in green.

Fig. 2. Status layer for HRL IMP 2015, on 2 S-2 tiles in the South-
West of France, at a 20m resolutions.

series statistics on the seasonal and yearly mean, median, maximum,
minimum, standard deviation as well as seasonal and yearly range
have been used to take full advantage of the cross-sensor seasonal
time series of the top of atmosphere images.

Textural features, e.g. the angular second moment of the gray-
level co-occurrence matrix, are also added as classification in-
puts to highlight the inherent heterogeneity of man-made building-
structures [7].

All those variables have then been ingested in a semi-automatic
classification approach, based on supervised trees, to identify the
2015 built-up areas, whose resulting classification can be seen on
Figure 2.

2.2. Status layer for IMP 2017

In the framework of ECoLaSS, a new status layer for the year 2017,
has been generated on a selected testing site (matching S-2 tiles
31TCJ, 30TYP) in South-West of France - yielding a change of spa-
tial resolution for the layer at 10m from the previous 20m.

Fig. 3. Status layer for ECoLaSS prototype HRL IMP 2015, on the
same area, deduced from the full dataset of S-2 images, cloud-free,
with all the spectral bands available.

Classifications have been produced image-by-image by a fully
automated processing chain, based on a random forest algorithm ap-
plied on a subset of the S-2 optical best scenes (pre-processed to get
bottom of atmosphere reflectances) and several spectral and textural
indices e.g. NDVI and NDBI. A support vector machine classifier
is used to obtain classification results from Sentinel-1 SAR datasets.
The resulting stack of classified layers (results from optical and SAR
images) has then been merged using a Dempster-Shafer algorithm,
with the overall precision as metric.

The final classification accuracies are slightly lower than the ac-
tual specifications of the HRL IMP (at 90% user and producer ac-
curacies) but this could be easily improved by manual enhancement.
The result can be seen on Figure 3. Please also note that Sentinel-1
classification contribution has been studied and quantified with a 3
points improvement for the global accuracy.
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Fig. 4. Final IMP change layer between 2015 and 2017.

Table 1. Classification results for the IMP change layer 2015-2017
Total change areas For the first calibration For the second calibration
New built-up 2017 9% 9.64%

Omission: undetected built-up 2015 58% 76.65%
Commission: false built-up 2017 33% 13.71%

3. PRODUCTION OF THE CHANGES LAYER

Specifications only focus on the accuracy of status layers for which
the target is set at 90% for both producer and user accuracy, but the
results from the previous epochs show that for the IMP change lay-
ers, this level of accuracy is still above the expected level of change
over the current 3-year period.

The imperviousness change detection relies on two input data
described previously: the reference layer (t0), the HRL IMP 2015,
and the new status layer (tn), the protoype HRL IMP for the year
2017.

The post-classification comparison, to attain full spatial and tem-
poral consistencies, can be decomposed into three main steps:

– A spatial and temporal comparison based on the reference
data (t0) whose purpose is to enforce a geometrical harmo-
nization between the different epochs to prevent problems re-
lated to an image-to-image approach;

– A post-processing filtering to remove a significant portion of
noise due to small aggregated groups of pixels, which are
most likely misclassifications;

– A contextual analysis based on change probability, such as
discussed in [8] - this final step will consider the impervious
pixels in the 2015 built-up mask to establish a probability map
of changes. The analysis describes each pixel’s relationship
or membership to their neighboring pixels.

The assumption made using this final analysis is that urbanized
areas spread more than they appear randomly in the landscape: the
resulting urban membership estimates allows the isolation of change
areas.

Errors can be present in the reference layer, and new errors could
have appeared in the detection of change between two time epochs.
They can be linked to:

– Omissions of change new urban areas that appear between
2015 and 2017 were not detected;

– Technical changes due to commission errors added for the
new period, i.e. areas falsely flagged as new urban zones,
as well as omission errors detected for the previous period,
i.e. urban areas, already present in 2015, that were not then
detected as such, but have now been flagged as urban areas in
the 2017 layer.

A first validation based on a stratified ground truth collection is
executed, and the first statistics can be found the second column of
the Table 1. The relative magnitude of actual change is then esti-
mated to 9% of the total change areas detected. Thus, errors con-
cerning the remaining 91% of the change areas detected are related
to the omission and commission errors detailed above. Regarding
the omission errors from the previous epoch, the 2015 production
was mostly based on Landsat-8 data whereas the 2017 built-up was
produced from S-2 resulting in a nine-fold improvement in spatial
resolution, since a Landsat pixel is characterized by nine S-2 pixels,
explaining most of the omission errors origin.

This procedure relies heavily on the reference dataset for the sta-
tistical calibration of changes described above, which is used to pro-
duce statistics from which the estimate areas of each of the three cat-
egories in the change stratum will be interfered. Those areas provide
then a basis to fine-tune the targets of re-processing, whose objective
is to extract the real change areas. This step is achieved by adopting
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Table 2. Final classification results for HRL TCD change layer
2015-2018 on testing sites near Avignon, France.

TCD change layer

Gain stratum Loss stratum
In 2018 0.5% of gain 17.09% of loss

Omissions undetected tree: undetected tree:
59% in 2015 24.62% in 2018

Commissions false tree detection: false tree detection:
40.5% in 2018 58.29% in 2015

Table 3. Final classification results for HRL GRA change layer
2015-2018, on testing sites near Arles, France.

GRA change layer

Gain stratum Loss stratum
In 2018 2.5% of gain 14% of loss

Omissions undetected grassland: undetected grassland:
46.5% in 2015 24.5% in 2018

Commissions falsely labeled GRA: falsely labeled GRA:
51% in 2018 61.5% in 2015

a re-classification approach linking the three categories with suitable
training data between 2015 and 2017 imagery.

The statistical computation is then reiterated on the reclassified
change stratum, and the results, which can be found in the third col-
umn of Table 1, confirm the first rough outcome. Based on the re-
processing, of the total area initially detected as changed, only 10%
effectively represent new built-up areas while the remaining 90% are
mostly omissions undetected in 2015 (76.7%) and new commission
errors introduced by the 2017 new built-up mask (13.7%). Most
of the omission errors concern small and isolated built-up features
and roads, which is mostly attributable to resolution change between
Landsat-8 and S-2. Regarding the commissions from 2017, mostly
usual errors like small gardens, bare soils in the neighborhood of
impervious scattered areas were found. The original change layer
represented a nearly 50% increase of the artificial area in the test
area which is unrealistic, considering that in fact over 75% of the de-
tected changes were omission from 2015. In the re-classified layer,
new built-up areas represent a 4% increase which appear more realis-
tic and already represents a substantial increase over a 2-year period.

This methodology has been successfully implemented on test
sites for two other HRLs. It is crucial that no substantial inbalance
between omission and commission errors in the HRL change layers
remains. Contrary to the IMP change layer, the Tree Cover Density
(TCD) change layers and the Grassland (GRA) change layers are
composed of two layers each, related to gain and loss, whose results
for the reclassification can be found in Tables 2 and 3. The loss of
impervious soils being extremely limited, only gain are presented in
the change layer for IMP.

Regarding the GRA change strata, they represent together 9.5%
of the total study area with losses representing an area 1.5 larger than
gains, while the TCD change strata also amount to roughly 10% of
the total study area with gains representing an area twice as large as
losses. For this HRL, further steps need to be taken to ensure the
thematic consistency, regarding the Dominant Leaf Type product,
which can be either broadleaved or coniferous, but shouldn’t switch
between the two typologies over the course of different epochs.

4. CONCLUSION

The slow spatial progression of the sealed areas at European scale
present a particular challenge in the frame of Copernicus HRLs. In
this paper, the latest developments related to the Sentinel processing
as well as the time series reanalysis are presented.

Through ECoLaSS, demonstration has been made of the added
values of both Sentinel datasets, from Sentinel-1 (A and B) and
Sentinel-2 (A and B) to orient the production toward a yearly release,
all the while maintaining the integrity of HRL time series based on
heterogeneous datasets coming from multiple sensors and tackling
the increase volume of data, using temporal metrics in time-efficient
automated algorithms.

New challenges are expected to be the focus of the 2018 pro-
duction for the HRLs, such as the creation of a building footprint
mask, that could be used as a future “backbone”, opening new po-
tential tools ensuring the spatial consistency of the time series, as
well as in the second phase of the H2020 ECoLaSS project, where
new prototypes and their robustness for operational roll-out will be
tested.
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ABSTRACT 

The definition of reliable algorithms suitable to extract 

information from housekeeping telemetry data generated by 

in-flight spacecraft, requires a deep understanding of the 

time series, e.g. in terms of composition in time-frequency 

domain, seasonal and noise components. In this context, the 

investigation about the (hidden) structure of the telemetries 

is a fundamental step of data analysis and data-mining 

algorithms design, also taking into account the satellites 

system mission operational rules. The present paper aims to 

explore and test some wavelets-based methods for analyzing 

irregularly-spaced telemetry data time series. The valuable 

features of wavelet transform are used to achieve 

information about data structure, with the objective to 

provide proper input to advanced processing techniques, for 

improving automatic prediction on anomaly detection. 

Index Terms— Satellites monitoring, time series, 

wavelets analysis, data analytics, Bayesian networks. 

1. INTRODUCTION 

Nowadays, in the field of satellites monitoring a large 

number of parameters are measured and saved in control 

centers databases to be used for on-board units surveillance 

and historical analysis by satellite engineers. In the classical 

approach for equipment status monitoring, observable 

parameters are simply checked to be inside the “green flags” 

conditions. 

The lesson learnt from last decade in satellites systems 

operation highlights that more sophisticated monitoring 

systems are required, with the possibility of being used in 

real time to early detect failures and abnormal behaviors. A 

way-to-proceed is provided by big data analytics and data-

mining algorithms, as Bayesian networks (BN) and neural 

networks (NN), which allow to inspect insight relations in 

large amount of telemetry data time series collected during 

years of in-flight spacecraft operational life. These 

processing techniques can be used to develop proper 

methodologies to support real-time monitoring of in-flight 

spacecraft, specifically for anomaly detection, particularly 

useful for monitoring of large constellations. Such advanced 

algorithms exhibit interesting capabilities for both inferring 

cause-effect relations among different variables and for data 

prediction, by evidencing potential anomalous behaviors of 

parameters that, apparently, are in nominal conditions. It is 

important to highlight that, due to the volume of data 

generated by satellites constellations throughout several 

years of in-flight operations, the above problem is addressed 

in the frame of the big data analytics paradigm. 

In this scenario, an innovative approach to retrieve 

knowledge from satellite telemetry data has been presented 

in [1], with the aim to study the predictive capability of BN-

based algorithms. Anyhow, the analyses showed a great 

sensitivity of BN network topology, learning algorithms and 

their convergence time w.r.t. the selected portions of the 

dataset. Such behavior appears to be related to the 

characteristics of time series used in the data-driven 

modeling—i.e. model identified from a source of data. 

Motivated by the results of the previous work [1], the 

goal of the present paper is to analyze the discrete time 

series of satellite telemetries through wavelets-based 

methods. Indeed, data preprocessing is one of the main key 

points involved with data analytics for time series 

prediction. Wavelets are an important tool for analyzing 

time series and provide significant properties, such as signal 

decomposition, multi-resolution analysis, localization and 

denoising, in both stationary and non-stationary cases. As 

stated before the wavelets are used in the data preprocessing 

step, taking advantage of information in time-frequency 

domain. 

Finally, the paper shows some simulation results related 

to the processing of real in-flight telemetries by using 

wavelets-based methods. 

2. WAVELETS 

From their origin (see Morlet and Daubechies [2]) wavelets 

evolved in many disciplines, particularly in statistics [3] and 

time series analysis applications [4]. Mathematically, 

wavelets transform a signal into a different domain, by using 

a set of mother wavelets functions. There is a variety of 

mother wavelets [3], such as Haar, Daubechies, Meyer, 

Morlet, which are chosen depending on the characteristics 

of data. The Daubechies mother wavelets have been 

increasingly adopted for digital signal processing. 

Wavelets main concepts are herein introduced with 

reference to the Haar mother wavelet. The Haar mother 
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wavelet is a very simple mathematical function (see [3]), but 

it also exhibits many characteristic features of wavelets. One 

relevant feature is the capability to oscillate and decay fast. 

Once a mother wavelet 𝜓(𝑥) is selected, the operations 

of dilation and translation are applied to generate a base, i.e. 

𝜓𝑗,𝑘(𝑥) = 2𝑗 2⁄ 𝜓(2𝑗𝑥 − 𝑘), which is orthonormal. Then, a 

given function 𝑓(𝑥) can be decomposed into the following 

expansion 𝑓(𝑥) =  ∑ ∑ 𝑑𝑗,𝑘𝜓𝑗,𝑘(𝑥)∞
𝑘=−∞

∞
𝑗=−∞ , where the 

numbers 𝑑𝑗,𝑘, for 𝑗, 𝑘 ∈ ℕ, are the wavelet coefficients of 

𝑓(𝑥). The index 𝑗 is recalled as the scale, and 𝑘 as the 

position. 

As the telemetries are sequences of data observations, 

wavelet analysis of sequences rather than functions is used. 

Let us consider a discrete sequence of data y =
(y1, y2, … , yn), where each yi is a real number and i =
1, … n (it is assumed n = 2J, with J ∈ ℕ). From the vector y 

it is possible to extract multiscale information, i.e. the 

representation of data at a set of scales simultaneously. In 

the finer scale (i.e. high resolution scale, index j = 1), the 

discrete Haar wavelets coefficients are provided by d1,k =

(y2k − y2k−1)/√2, in which the new sequence d1,k encodes 

the difference between successive pairs of observations in 

the original vector. Similarly, the sum of consecutive pairs 

of observations provides c1,k = (y2k + y2k−1)/√2, which 

are the father wavelet coefficients. In the expressions of d1,k 

and c1,k the factor 1/√2 is introduced to ensure output 

sequence to have the same energy of input vector y. Then, 

the new sequence d1,k can be processed with the same 

approach to provide a coarser scale-2 sequence d2,k, and so 

on. This step-by-step procedure is a pyramid algorithm (see 

Mallat [3]), capable to extract local features of the input 

vector y at different resolution scales. Such algorithm is one 

kind of discrete wavelet transform (DWT). 

In summary, DWT can break down a sequence into many 

lower resolution components using a given mother wavelet 

function. Wavelet decomposition produces sequences that 

may contain important information about the behavior of the 

original sequence. The decomposition process may be 

applied iteratively and the level of decomposition applied to 

a sequence depends on the specific problem to be tackled. 

Such concepts have been used in analyzing satellite 

telemetries. 

3. TELEMETRIES DATASET 

Real set of telemetries have been used in the simulations, 

derived from the real satellite telemetry data generated by 

in-flight satellite system, collected and stored during several 

years of its operational life time. 

Telemetries provide a huge amount of information, 

typically more than ten thousands of parameters are 

generated by a spacecraft. Then, the volume of data 

generated by satellites constellations throughout their 

lifetime (e.g. sampling at 2 s) is handled in the frame of big 

data paradigm. 

To properly select variables to build-up the dataset, the 

criteria described in [1] has been adopted. The dataset that 

has been used for the simulations includes a group of 27 

variables, constituting a comprehensive set of parameters 

associated with the satellite attitude control system and with 

the operative status of related on-board units. Such 

telemetries have been deeply inspected and they exhibit the 

following main remarkable features: 

 irregularly-spaced data: the sampling of the 

telemetries is not regular and some portions of data 

are missing; 

 noise component: observables are contaminated 

with noise, as in most real-world time series;  

 data discontinuity: some time series show sharp 

variations with respect to the “nominal” behavior, 

in some cases seems to be associated to satellite 

maneuvers;  

 seasonal components: most of time series are 

clearly affected by periodic phenomena associated 

to the cyclical orbital movements of the satellite 

and its specific mission. 

Fig. 1 shows an example of irregularly-spaced telemetry 

time series (𝑛 = 64) with several missing samples. 

 

 
Fig. 1. Irregularly-spaced telemetry time series (example). 

Such characteristics, especially the first three ones, have 

been addressed through the analyses and simulations using 

wavelets methods, as described afterwards. 

4. WAVELETS METHODS AND TOOLS 

As stated before, since the sampling of the telemetries is not 

regular, there is the need to adopt wavelet-based methods 

suitable to process time series in which samples are not 

regularly spaced on the time grid. 

In order to reduce the noise component (denoising) the 

wavelet shrinkage approach is applied, which exploits the 

DWT capability to compress wavelets coefficients in the 

time-frequency domain. Indeed, the sparsity of wavelets 

coefficients allows to concentrate the amount of information 

of original sequence in a reduced number of wavelet 

coefficients; then, a thresholding is applied to eliminate the 

coefficients which are mostly carrying noise with negligible 

information content. The following basic model is adopted  

 

𝑦 = 𝑔 + 𝑒,    (1) 
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where the noisy observations 𝑦 are obtained by the unknown 

sequence 𝑔 contaminated by the additive noise sequence 𝑒, 

usually assumed to be white noise. 

The preprocessing of the telemetries has been performed 

using the Kovac & Silverman (KS) wavelet method [3], 

which possesses good compression and denoising properties 

for irregularly spaced data. The method adopts the basic 

model (1), but taking into account the effect of thresholding 

on the correlation of sequence values. 

The idea of the KS method is to take irregularly-spaced 

and noisy sequence 𝑦 and interpolate the values 𝑦𝑖 , for 

𝑖 = 1, … 𝑛, to a particular pre-specified regular grid. Then 

the DWT and the wavelet shrinkage is applied to the 

interpolated values on the regular grid, with special 

treatment for the thresholding of the wavelet coefficients, 

because they are the coefficients of correlated interpolated 

sequence values, not the assumed independent sequence 

values themselves. As a result, the wavelets shrinkage 

allows to estimate sequence 𝑔 of the basic model (1). 

The KS method uses mother wavelets belonging to 

Daubechies family and implements shrinkage with wavelet 

decomposition at the finer scale (high resolution). As shown 

in the results, wavelet decomposition with KS method 

highlights the local features of the telemetry time series. 

The data processing has been implemented through the 

software environment provided by R tool [8], equipped with 

the relevant packages implementing the KS wavelet method. 

The following R main packages have been used: 

wavethresh, astsa, wmtsa. 

Moreover, the same R tools as indicated in [1], 

implementing BN algorithms, have been used to run a new 

set of simulations with the dataset preprocessed through 

DWT. The results are provided in the present paper. 

5. WAVELETS PROCESSING RESULTS 

The wavelet-based methodology described before has been 

applied to the telemetries dataset. Fig. 2 shows a sample 

(𝑛 = 2048) of an original sequence (red dots) of the 

telemetries, with the overlapping of the corresponding 

estimated sequence (blue line) obtained with the processing 

through KS wavelet method. It is evident the capability of 

wavelets decomposition, shrinkage and inverse-wavelet 

transform to estimate the “true” sequence by reducing the 

noise component. 

Fig. 3 shows another sample (𝑛 = 8192) of an original 

sequence (red dots) presenting a seasonal component and a 

sharp variation on the right-hand side of the plot, with rising 

and descending edges. The estimated sequence (blue line) is 

obtained through KS wavelet method, evidencing the 

capability of the method to follow the sharp profile of the 

original sequence without smoothing effects. 

Other interesting results are the wavelet decomposition 

coefficients of the original sequences, strictly related to 

local features of the telemetry time series. For instance, Fig. 

4 shows the wavelets decomposition coefficients of the 

sequence previously shown in Fig. 3, ordered from the high 

resolution level (bottom row) to lower resolution level (top 

row). 
 

 
Fig. 2. Example of original sequence (red dots) with the 

overlapping of the estimated sequence (blue line) obtained 

through KS method processing. 
 

 
Fig. 3. Example of original sequence (red dots) presenting a 

sharp variation (on the right side). The estimated sequence 

(blue line) through KS wavelet method follows the steep 

profile of the original sequence. 

 

 
 

Fig. 4. Wavelet decomposition coefficients of the sequence 

in Fig. 3. Coefficients in the blue circle are associated to the 

rising and descending edges visible in the time domain. 
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It is important to note the highest coefficients (see blue 

circle), which are associated to mother wavelets able to 

capture detailed information about the local phenomena, in 

terms of position and amplitude of the coefficients, related 

to the rising and descending edges in the time domain. On 

the other hand, after thresholding most of the wavelets 

coefficients have been removed, as expected, thanks to the 

sparsity property of wavelet coefficients (see the very small 

dots in Fig. 4). 

Wavelet shrinkage has been applied to all telemetries. It 

is observed that the percentage of wavelets decomposition 

coefficients which are removed is more than 90%, 

confirming the good compression level (i.e. dimension 

reduction) obtained with the wavelet-based method.  

6. BN LEARNING SIMULATIONS RESULTS 

As states before, the results obtained in [1] had shown a 

great sensitivity of BN network topology w.r.t. the selected 

portions of the dataset. The reasons are related to the 

intrinsic covariance dependability affecting the Bayesian 

estimation. 

In order to verify how to minimize this effect, a new set 

of BN learning simulations have been run with the 

methodology described in [1] (based on [5], [6], [7]), using 

the dataset preprocessed through the KS wavelet method. 

The applied wavelet method operates as a nonparametric 

regression and a time grid regularization on the telemetries. 

This should reduce the noise effects and the related 

covariance variability. The results have confirmed that the 

time dependence on the dataset sample size disappears when 

using the telemetries preprocessed with DWT, in all 

parameters related to each BN net type. For example, Table 

1 represents the result of a BN learning through a Hill-

Climbing learning algorithm. The comparison is performed 

among four data sets: original dataset with the nominal 

sample size of the telemetry data @8Hz, the same data set 

after DWT @8Hz, the two datasets sampled @1Hz. While 

the original dataset is strongly affected by the sampling time 

choice, the one processed with WDT shows no dependence 

on the sample size, as expected. 

 

Table 1. Comparison of BN learning (Hill-Climbing 

algorithm) using the original dataset and 

the one obtained after DWT processing. 

 
 

Anyhow, the covariance variability, even if reduced among 

the different BN learning algorithms, remains too wide to 

allow the definition of the best BN. It appears that BN 

definition can be reasonably efficient when a-priori 

knowledge about causal relation among the variables is 

used. In other words, the satellite designers and experts 

knowing how variables interact each other, can be still the 

most efficient architects for an efficient BN definition. 

7. CONCLUSIONS AND FUTURE WORKS 

The paper focused on wavelets-based methods for analyzing 

the irregularly-spaced real telemetry time series generated 

from in-flight satellites system. The proposed data 

preprocessing approach provides the means to analyze the 

insight structure of the telemetries, extracting the multiscale 

information and highlighting the local features. 

Compression level and noise reduction capability have been 

also positively tested. Therefore, the preprocessed 

telemetries seems to be a suitable input for data analytics 

methodologies for anomaly detection. 

In the case of data-mining based on BN algorithms, the 

main results have shown how data preprocessing through 

the KS wavelet method can solve the main problem, i.e. the 

sensitivity of BN network topology w.r.t. the selected 

portions of the dataset used for learning. Anyhow, the 

definition of the best BN is still open, leading to the need to 

a different approach. In principle, automatic definition of an 

efficient BN for anomaly detection may be explored through 

the use of techniques based on neural networks, in order to 

discriminate the most important variables to be treated and 

correlated, reducing the state space and the computation 

time. 
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ABSTRACT 

In the domain of human operators assistance for localizing 

objects of interest on remote sensing images, one 

problematic is the robustness and usability of models 

relative to image resolution. In this research, we intend to 

start from a model estimated with Deep Learning (DL) 

technologies to detect planes with, as input, a big database 

of High Resolution (HR) images representing planes. Given 

this model estimated with the HR database, the research 

studies the extension of the detection to the case of a small 

database of large planes in ESA Sentinel-2 images at 10 

meters resolution. Single Shot MultiBox Detector (SSD) 

neural networks architecture has been used after comparison 

with You Only Look Once (YOLO). The methodology used 

for extending HR data and model to data of lower resolution 

so far have been very encouraging and show a real potential 

in  terms of model engineering robustness and usability. 

Index Terms— Object Detection, Robustness, 

Resolution, Deep Neural Network, Single Shot MultiBox 

Detector (SSD), You Only Look Once (YOLO), Sentinel-2 

Data, Satellite Images. 

1. INTRODUCTION 

Human operators assistance for object detection in remote 

sensing is a wide subject of research. If one can find some 

researches on models for many types of objects detection, 

the  problematic of models robustness and usability relative 

to image resolution if often not taken into account. We focus 

in this research on plane detection with Deep learning 

models given a big database of sub-metric High Resolution 

(HR) images representing planes and looking how it can be 

applied to Sentinel-2 images at 10 meters resolution.  

Aircraft detection and recognition in remote sensing images 

is carried out by trained humans because this operation is 

crucial for military domain. Although this subject has been 

studied for many years, no efficient algorithm was able to 

challenge human operators due to the variety of aircrafts 

(e.g. shape, size and color) and the complexity of the 

background.  

Li et al. [1] propose an airplane detection approach based on 

visual saliency computation and symmetry detection. Liu et 

al. [2] applied a coarse-to-fine process integrating the high-

level information of a shape prior to detect aircraft. These 

methods have the advantage not to require computational 

power, but rely on manually thresholds and assumptions. 

These last years, deep learning based on convolutional 

neural network (CNN) became a very popular method in 

computer vision because of its ability to learn intrinsic 

features and the great performance resulting from this 

method. In image processing, there are three main CNN 

approaches to detect objects: 

- Give the image and its ground truth per pixel to a CNN, 

which provides a classification per pixel of the image. This 

approach is, above all, used for not complex and numerous 

objects. Sherrah [3] applied successfully this method to 

detect buildings, cars, herbaceous vegetation and shrub 

vegetation.      

- Use a sliding window to navigate in the image and apply 

a CNN to classify each window. Chen et al. [4] generate 

two scale sliding windows and sent them to Deep Belief 

Nets for feature extracting and classification. This 

approach can detect tiny blurred aircrafts correctly, but is 

time-consuming and not appropriate for objects of varying 

size. In order to remedy these drawbacks, Wu et al. [5] use 

BInarized Normed Gradients (BING) technique to generate 

a set of candidate object windows.      

- Give the image as input to a CNN that detects and 

classifies objects. Among these algorithms, some use a 

single neural network to predict bounding boxes and 

classify them,  which allows them to be really fast 

approaches. For instance, Radovic et al. [6] successfully 

test a trained "YOLO" network in real-time video. 

In this paper, YOLO and SSD have been used to detect 

aircrafts in images. The SSD combines predictions from 

multiple feature maps with different resolutions to handle 

objects of various sizes. Thus, it is proven to be more 

accurate than YOLO, although slightly slower. 

The rest of the paper is organized as follows. In section 2, 

we describe YOLO and SSD architectures. Then data and 

results are presented in section 3. Conclusion is Section 4. 

2. METHODS  

2.1. Networks Architecture 

2.1.1. YOLO 

YOLO is an open-source object detection and classification 

algorithm available under the “You Only Look Once” 

project [7]. We have chosen the version 2 of YOLO which 

improves the accuracy and speed of the YOLOv1 using 

batch normalization, higher resolution, initialization of the 
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anchor boxes with the data set boxes, better detection of 

small objects using a pass-through approach, multi-scale 

training.  

The principle of YOLO is to divide the image in cells, it 

gives an equally size grid (S x S) . The number of cells or 

the size of the cells is fixed by the user. Each cell is 

affiliated to several bounding boxes (in our case, it is 5 

bounding boxes), which are described by five parameters: 

 the coordinates of the box’s center (x, y) 

 the width and the height of the box (w, h) 

 a confidence score. This score evaluates the 

probability that the bounding box encloses some 

object, but provides no statement on the type of 

object. 

 

And for each bounding box predicted, a probability 

distribution function is applied over all the classes trained in 

the model (in our case, there is one class: plane) in order to 

predict the type of object. The combination of this 

probability with the confidence score provided a final score, 

which reflects the probability that the bounding box contains 

a specific type of object. After a thresholding, only the best 

scores are kept and then a non-maximum suppression step is 

applied to remove bounding boxes with high IoU 

(Intersection over Union).  

YOLO is composed of 24 convolutional layers and 2 fully 

connected layers (see Fig 1). The end of the network is a 

tensor that contains the bounding boxes coordinates 

(x,y,w,h), the bounding boxes confidence and the class 

probabilities for each grid cell. The tensor size is S ×S ×(B 

×5+C) where S is the number of cells in one direction, B the 

number of bounding boxes predicted for one cell and C the 

class probabilities. In order to detect objects a specific loss 

function is used, you can find this function in the YOLO 

paper [9]. As YOLO architecture is huge (millions of 

parameters), we have tried to change the initial architecture 

in removing some layers in order to have less parameters to 

tune during the learning phase. However, the best results 

have been reached with the full architecture. 

 

 
Fig 1 : Yolo architecture 

2.1.2. SSD 

The SSD [10] is also a fast approach based on a single 

convolutional neural network that produces a fixed-size set 

of bounding boxes with their class probabilities. SSD is 

similar to YOLO in the way to detect objects but SSD is 

composed of a standard architecture (VGG 16 for example) 

and an additional structure to detect the objects. This 

additional structure provides multi-scale feature maps 

thanks to convolutional layers that decrease in size and 

allow predictions of detections at multiple scale, unlike 

YOLO (Fig 2). We have used an open source algorithm to 

implement SSD in Keras [11]. 

 

 
Fig 2 : SSD vs YOLO : SSD model adds feature layers to 

the end of a standard architecture (VGG-16) 

 
Using feature maps from different layers in a single network 

allows to handle different object scales. Feature maps from 

the lower layers can improve semantic segmentation quality 

(capture more fine details of the input objects) whereas 

feature maps from the higher layers add more global context 

and help smooth the segmentation results.  

Each feature map is divided into m x n cells. At each cell an 

offset is predicted relative to default bounding box shapes in 

this cell as well as the per-class scores. So for each cell, we 

have k boxes with their c class scores and the 4 offsets 

relative to the original default box shape. This leads to m x n 

x k (c + 4) outputs for a feature map of size m x n. 

3. DATA, METRICS, RESULTS 

3.1. Data 

Concerning the High Resolution database, Thales Alenia 

Space has its own internal database of sub-meter 

panchromatic images. This database is made up of about 70 

airports situated in very different areas all over the world 

and almost 10 000 planes with different sizes, shapes and 

colors.  It is divided in training and validation data sets 

which contain respectively about 8 000 and 2 000 samples. 
For the Sentinel-2 data (10 meters resolution) the database 

represents is made up of 20 big airports spread across the 

world and almost  800 large (width and length above 50 

meters) civilian airliners.  In this research these data have 

been only used for validation test phases, the integration in 

learning phase has not been integrated for the moment due 

to the small number of examples compared to the High 

Resolution database.  
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3.2. Metrics  

The usual following metrics are used in order to evaluate the 

results for both algorithms : ROC curve, Intersection over 

Union (accuracy of the bounding boxes) . Moreover the 

learning phase has been checked with loss curves to avoid 

over-fitting. For simplicity reasons we used in the article 

only ROC curve. 

ROC curve: On the x-axis, the number of objects wrongly 

detected divided by the total number of objects. On the y-

axis, the number of objects correctly detected divided by the 

total number of objects. Note that the curve depends on the 

number of objects and not the number of pixels in order to 

obtain a curve easier to understand. 

3.3. Selection of a model  on HR data 

Both algorithms are provided by open source platforms and 

ready to be used but we have adapted these algorithms for 

our own purpose and retrained the networks.  

First, the influence of hyper-parameters (e.g. learning rate, 

number of cells, number of boxes generated per cell, …) has 

been checked. However, we have found that initial hyper-

parameters were already well fitted for our application. The 

other hyper-parameters regarding the scale and aspect ratios 

of boxes are automatically computed according to the 

training database used. In order to compare relevant data, 

each tile has been normalized what did not improve the 

accuracy but reduced significantly the number of false 

detection.  

In this study, patches with 512x512 pixel size have been 

used to test the networks. To create the patches, an overlap 

of 15% has been applied to take in consideration objects that 

are split between several tiles. The initial weights have been 

set by the weights already trained on ImageNet. 

After several tests, we have found that SSD provides better 

results than YOLO (see Fig 3), that is why we will focus on 

SSD results in the following parts concerning the extension 

to Sentinel-2 data. 

  
Fig 3 : ROC Curve SSD versus Yolo for plane detection in 

the HR case 

3.4. Extension of learning to S2 data 

In order to extend the abilities of the SSD to detect airplanes 

on images with lower resolution, modifications in the 

training process have been introduced. First, all the HR 

satellite images have been divided into tiles of 6 different 

sizes and resized to 512x512 so as to degrade their 

resolution. The resulting data sets have resolution ranging 

from 0.3 to 2.5 meters (0.3, 0.7, 1.0, 1.5, 2.0, 2.5). The 

training set is then made up of those tiles ensuring around 

3000 objects for each of the 6 resolutions. In the end, a 

Gaussian blur with random sigma ranging from 0 to 4 is 

added to the input images before entering the network.  

3.5. Qualitative Validation Tests 

We show here visual results of the detection of planes on 

Sentinel-2 images. Ground truth is in blue as detection is In 

red. Fig 4 shows a detection in a “good” case where all the 

planes are detected in the image. Fig 5 Shows a “bad” case 

where not all the planes have been detected. To see the 

limits of the approach we have applied the model to a the 

smaller French airport Blagnac of Toulouse, Fig 6 (no 

ground-truth available) shows that the algorithm seems to be 

promising even for smaller planes. In the same way we have 

applied the models to urban areas where there are no planes 

and the number of false alarms is relatively small implying 

the detector tries to find shape of planes more than  white 

marks. 

In a general qualitative point of view the first results of the 

methodology are  very promising. 

 
Fig 4 : “Good” case of detection on Sentinel-2 

 
Fig 5 : “Bad” case of detection on Sentinel-2 
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Fig 6 : Test on smaller airport: Toulouse, France -2 

 

3.6. Quantitative Validation Tests 

To complete the qualitative analysis, a ROC curve is shown 

on Fig 7. As preliminary results of this methodology and 

taking into account the fact that the ground truth is not 

perfect, the results are acceptable allowing for instance to 

have a good estimation of an “heat map” representing the 

density of presence of large planes   in airports with 

Sentinel-2 images 

 
Fig 7 : ROC curve of plane detection on Sentinel-2 images 

 

4. CONCLUSION 

 

The initial objective was: starting from a model estimated 

with Deep Learning (DL) technologies to detect planes with 

a big database of High Resolution  (sub-meter) images how 

can this be used to extrapolate to the case of a small 

database of large planes with ESA Sentinel-2 images at 10 

meters resolution. As a summary: an SSD architecture has 

been selected in HR case and a learning has been processed 

modifying the HR database to fit Sentinel-2 case. Results so 

far have been very encouraging and show a real potential in  

terms of model engineering and robustness of models. 

Detection performances can potentially be enhanced by 

enlarging the size of Sentinel-2 database and mixing it with 

the High Resolution database during learning phase. At 

present the results allow to have a good estimation of an 

“heat map” representing the density of presence of large 

planes   in airports with Sentinel-2 images. 
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ABSTRACT

Driven by the rapid growth in the volume of the satellite data,
in this work we propose initial effort to explore lossy com-
pression techniques for the satellite data applications. The
effectiveness of the compression of satellite images, that typi-
cally have 16 b/p resolution and the high quality requrements,
has been analyzed on the HEVC vs JPEG 2000 coding perfor-
mance. This work studies the application of a 16 b/p exten-
sion of the HEVC codec to satellite images. Compared to a
widely used JPEG 2000 codec, that is currently exploited by
the Sentinel-2 image compression, new HEVC based codec
significantly improves the PSNR vs. compression ratio per-
formance. Current efforts are focused on the performance
improvement by using different configurations and features,
reduction in the computational complexity, and exploration
on the feasibility of using lossy techniques in the satellite im-
age applications.

Index Terms— HEVC, JPEG 2000, high bit-depth com-
pression, multispectral satellite images, Landsat-8, Sentinel-2

1. INTRODUCTION
Satellites for multispectral imaging of the Earth, such as
American Landsat-8 and European Sentinel-2, make huge
amounts of high resolution and high bit-depth images on a
daily basis. Typically, multispectral images use 16 bits-per-
pixel (b/p) to cover wide satellite depth range. Emergence of
new imaging technologies, and the big data volumes they pro-
duce, considerably increases storage and I/O speed require-
ments, which results in the higher equipment cost. Apparent
need for the efficient compression scheme to reduce storage
requirements and processing time is obvious.

Landsat-8 saves images in uncompressed format, while
Sentinel-2 uses JPEG 2000 still image compression. With
the completion of the High Efficiency Video Coding (HEVC)
standard in 2013 [1], and the publication of its second version

This work was partially supported by the Ministry of Education, Sci-
ence and Technological Development of the Republic of Serbia, as part of
the project III44003. The third author would also like to acknowledge the
ERA.Net HARMONIC project.

that supports range extension up to 16 b/p video, [2], one can
obtain much better video coding performance than using pre-
vious standards such as H.264/AVC or JPEG 2000 [3, 4]. In
addition, the main still image profile of HEVC, i.e., HEVC
intra coding can be used for efficient still image compression
as well.

HEVC coding employs rate-distortion optimized quadtree-
based variable block size partition of the image, angular intra
prediction or motion driven inter prediction, followed by in-
teger approximation of the DCT (of size 4x4, 8x8, 16x16,
or 32x32), uniform quantization, and context-based adap-
tive binary arithmetic coding (CABAC). It was reported that
HEVC intra coding (still image) reduced the average bit
rate by 15.8% compared to H.264/AVC, 22.6% compared to
JPEG-2000, and 30.0% compared to JPEG-XR, and 43.0%
compared to classic JPEG. The margin is even higher using
the inter predictive coding. On the other side, JPEG 2000 is
still image compression standard [4, 5]. An intra-frame com-
pression scheme that encodes each frame independently has
been exploited. Although motion prediction version is pro-
vided in later parts of the standard, JPEG 2000 as a still image
compression has been used extensively in Sentinel-2 program
as a compression scheme. It aims at low-complexity com-
pression of high dynamic range images, and it has been used
by industry widely. Compared to the HEVC that is block
based, JPEG 2000 uses wavelet decomposition at different
scales. It uses simple predictive scheme in order to make
dynamic range that is approximately centered around zero
(known as DC Level Shifting), discrete wavelet transform,
uniform scalar quantization or trellis coded quantization, and
arithmetic coding engine to efficiently compress the quan-
tized coefficients in the final bit-stream. One of the main
advantages of JPEG 2000 is the high flexibility of the bit-
stream formation, giving the possibility to decode image, or
just a region of interest, in a variety of ways.

This paper aims to analyze HEVC and JPEG 2000 stan-
dards for the use in the compression of multispectral satellite
images. More exactly, we propose a novel approach for com-
pression of multispectral images based on HEVC, which can
be considered as an initial work towards a flexible and effec-
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tive solution that will meet high quality, high resolution, high
bit-depth requirements of the satellite image applications. For
this purpose, in order to enable reduction of storage and pro-
cessing requirements of such huge volumes of data, we have
analyzed different types of competing techniques in a lossy
compression scenario. The set of presented, carefully de-
signed experimental settings provides more insight into per-
formance of different rivaling compression approaches and
represents the foundation for further research and exploration
of the same subject that will be focused on the application ori-
ented effectiveness of the lossy compression techniques, and
their use in particular satellite imaging applications. To the
best of our knowledge, this work is the only one that exploits
a HEVC codec for this purpose.

The rest of the paper is organized as follows. In Section 2
we describe satellite data sources and their characteristics.
Codec description, and experimental setup has been given in
the Section 3. Results are analyzed in Section 4, where we
engaged in a discussion of the potential feasibility of using
lossy techniques for the purpose of satellite image compres-
sion. The paper is concluded in Sec. 4, with a reference to the
future work.

2. MULTISPECTRAL SATELLITE IMAGES

Satellite imaging provides continuous, large scale observa-
tions of Earth and its systems. Although in the past it was
limited to a closed community of experts and dedicated pro-
fessionals, this field has witnessed significant democratiza-
tion and change in data access policies in recent years. It is
exhibiting the same type of information proliferation that is
present in other technology sectors that are affected by the
big data paradigm, and therefore requires new approaches for
more effective data management. One of the aspects of par-
ticular interest is the question of effective data compression,
which is gaining much more significance with the introduc-
tion of modern sensors with improved imaging capabilities.
This trend is primarily driven by the higher spatial resolution
of the modern spaceborn multispectral imagers, but also with
the higher revisit times of the corresponding earth observa-
tion missions. In addition, multispectral measurements of the
scene’s reflectance are highly redundant, which makes them
particularly suitable for efficient data compression.

For the purpose of this study we will put the emphasis
of our short exposition primarily on the characteristics of the
two flagship optical land observation missions that are pro-
viding high quality multispectral observations of the world,
and which are independently operated by USGS/NASA and
ESA. Landsat-8 (L8) [6], represents the most recent extension
of the long-term Landsat programme that has provided mul-
tispectral observation of Earth’s surface for more than forty-
five years. It acquires images by using the Operational Light
Imager (OLI) instrument [7], which produces eight narrow-
band spectral channels with 30 m spatial resolution in the vis-
ible, NIR and SWIR domain, and a single panchromatic chan-

nel with wider spectral response and the spatial resolution of
15 m. In addition, there is also a thermal infrared sensor, how-
ever, for the time being, we will limit our considerations to the
optical domain. These calibrated measurements are provided
at several levels of processing quality, accompanied by addi-
tional quality assessment band and the corresponding meta-
data [8]. In the case of Level-1 image products that were used
as a source of uncompressed image data in this study, top-
of-atmosphere (TOA) reflectances are stored as 16 bit digital
numbers (DN) in georeferenced, Geographic Tagged Image
File Format (GeoTIFF). Although compression gain would
be the highest in the case of panchromatic channel, which
possesses the highest level of spatial details, presented experi-
ments were performed by using only narrowband L8 channels
in order to ease experimental comparison and overall compu-
tational effort.

In comparison to L8, Sentinel-2 (S2) mission [9], pro-
vides data in JPEG 2000 format [10], with support for
JPEG 2000 Interactive Protocol (JPIP), where Level-1B and
Level-1C TOA products are usually provided by default in
the lossless mode. However, the product specification as an
option also identifies a lossy compression mode that should
have a negligible effect on the image quality. The each of
the two satellites in S2 constellation acquires images using
Multi-Spectral Instrument (MSI) that is capable of capturing
images at medium-high spatial resolution in thirteen spectral
bands, mostly in VNIR spectral range, out of which four
channels are at 10 m, six at 20 m, and three at 60 m spatial
resolution. Since S2 bands are acquired at different spatial
resolutions they would be very suitable for the analysis of the
compression of images of the same scene that are captured
at different spatial scales. However, since MSI bands of S2
mostly have higher spatial resolution than the OLI bands of
L8 (larger number of pixels), and since in the case of L8 there
are 8 spectral bands of the same spatial resolution, while in
the case of S2 there are only up to 6 channels with the same
spatial resolution, we have decided to limit our analysis and
experimental comparison of HEVC and JPEG 2000 perfor-
mance only to scenarios with L8 data. This decision was
mostly driven by the nature of the presented research that
should provide initial insights into expected performance and
could be justified by the smaller computational burden of the
conducted experiments in the case of L8.

3. EXPERIMENTAL SETUP

Compression methods and standards developed for the com-
mon video or image compression, may be applied to the
compression of satellite data. Although they have been de-
veloped mainly to be used for standard images/video, they
have been widely used in many applications such as med-
ical diagnostic imaging, seismic images, remote sensing,
etc. [11, 12, 13, 14], due to their widely available resources
such as open codes, regular version improvements and exten-
sions, and hardware architecture designs. In order to facilitate
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the practical implementation of the HEVC and JPEG 2000,
HM Test Model and OpenJpeg has been exploited to con-
duct experiments in our work [15, 16]. We have used HM-
15.0+RExt-8.1 and version 2.3.0 of the HM and OpenJpeg,
respectively.

As already discussed, L8 data has been used in this work
as a test image. More specifically, a region given with
LC08 L1TP 186028 20170414 20170501 01 T1 has been
used to conduct the experiments and represent the results.
Although it would be more reliable to use different time and
spatial representations of the satellite data (e.g. different re-
gions with characteristic soil type, or a region during the year
with different vegetation state), to due to page limitation and
computational expense of the HM software, we have decided
to limit the experiments to use of just one image tile. Also,
all optical channels except band-8 (B8), and quality assess-
ment band (BQA) have been used in the compression tests,
as discussed in previous section Sec. 2. The given image has
the resolution of 7801x7911 pixels.

As a performance measure we have use the PSNR vs com-
pression ratio plots. Compression ratio has been calculated as
follows:

compression ratio =

∑
uncompressed band size∑
compressed band size

(1)

Note, since L8 tile consists of the GeoTIFF images, in order
to get uncompressed size of a raw image, GeoTIFF header
should be omitted from calculations.

In both reference software, we have use default settings
provided within the code. The parameters important for this
study have been briefly summarized below.

OpenJpeg parameter set: The parameter that controls
quality of the reconstructed image has been varied in the
range of 34-134 dB. That gave us the wide range of differ-
ent qualities and compression ratios. Note here that PSNR
control is not exact, hence after the reconstruction precise
PSNR value should be calculated based on the difference
from the original uncompressed image. Other configuration
parameters are set as default.

HM parameter set: In order to explore the effectiveness
of using the different parameters set in HM (due to a large
number of various features supported in HEVC), we have
used three type of configurations in the proposed experiments:
i) Intra setup, ii) Inter P setup, and iii) Inter B setup. Intra
setup has been based on the encoder intra main rext param-
eter set given within the HM solution. It uses only intra pre-
dicted I blocks, and may be considered as a still image com-
pression mode. Inter P and Inter B setups have been based
on the encoder lowdelay main rext configuration setup of the
HM. Those configuration exploits temporal redundancy in the
data using motion driven prediction (P and B frames). In this
case, we have examined the satellite data (bands within tile)
as a sequence of a frames, and thus we have been able to
additionally reduce redundancy in the data. Usually, satel-
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NR

JPEG 2000
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HEVC Inter B

Fig. 1: Performance comparison of new predictive HEVC
codec under different configurations vs. JPEG 2000 still im-
age coding scheme in terms of PSNR vs. compression ratio.

lite applications require a low coding delay, hence all pictures
were coded in a display order. Only the first image is coded
as an intra image and all subsequent pictures are temporally
predicted only from reference pictures in the past in display
order (P setup), or using bi-directional temporal prediction
(B setup). Since HM implementation has not provided with
the PSNR control scheme, as a quality control parameter we
have used quantization parameter Qp. In HEVC, this parame-
ter goes from 0 to 51. However, due to the extended bit-depth
this parameter may vary in the range of -48 to 51 which is not
strictly defined in standard. Also, the configuration parameter
that specifies the use of the extended bit-depth range must be
enabled in the HM in order to use 16 b/p compression.

4. RESULTS AND CONCLUSIONS
We first show the performance comparison in terms of the
PSNR vs compression ratio between JPEG 2000 and differ-
ent HEVC setups. On Fig. 1, at low ratios JPEG 2000 and all
HEVC setups have almost the same performance. The perfor-
mance increases in the favor of HEVC on the higher ratios.
Also, the difference in the performance between intra and in-
ter HEVC setups has not shown significant gain difference, as
it was expected. The reason for this may lie in the fact that, al-
though different spectral bands capture exactly the same area
of the land, the measurements they provide may be quite dif-
ferent. The usage of the inter predictive coding has shown
performance increase in comparison to the intra coding that
exploits only the spatial redundancy, Fig. 1.

Fig. 2 illustrates that even at the same level of PSNR,
HEVC can achieve higher compression quality, as perceived
by the human interpreter, which is mostly visible in differ-
ence between Fig. 2c and Fig 2f. Hence, HEVC’s subjective
performance is rated as highly satisfactory. This is mainly jus-
tified by the use of deblocking and in-loop filters in HEVC.
Complexity comparison has not been in the scope of this
work. However, it is known that HEVC posses the higher
order of the computational complexity. Still, HEVC has
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(a) HEVC, 100 [dB] (b) HEVC, 60 [dB] (c) HEVC, 40 [dB]

(d) JPEG 2000, 100 [dB] (e) JPEG 2000, 60 [dB] (f) JPEG 2000, 40 [dB]

Fig. 2: Visual comparison of HEVC intra setup and JPEG 2000 image compression with the same PSNR [dB],
part of a L8 satellite scene (path 186, row 028) captured by the OLI Near Infrared (NIR) band.

been designed with a care of the increased use of parallel
processing architectures and efficient hardware implemen-
tation. Therefore, the practical use of the HEVC due to its
higher complexity should not be an obstacle. To the best
of our knowledge, there is no study focusing on the similar
approach as the HEVC inter prediction setup that was pre-
sented, which combines image bands and group them for
further compression. Notice that multispectral satellite mea-
surements are usually provided as uncompressed data in order
to preserve as much of original information. However, many
users do not require such high precision of data representa-
tion, and depending on particular remote sensing application
they are ready to accept some level of information loss. In
such case, the best approach is usually to define specific ap-
plication requirements that will drive the data compression
strategy and determine the acceptable loss levels. However,
this is not always possible without extensive research aimed
towards specific application. Therefore, as the first step in
such direction, results presented in this study encourage fur-
ther research of HEVC based compression of satellite images.
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[14] M. Radosavljević, Z. Xiong, L. Lu, D. Hohl, and D. Vukobratović,
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DIMENSIONALITY REDUCTION OF OPTICAL DATA: APPLICATION TO TOTAL OZONE
COLUMN RETRIEVAL
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ABSTRACT

The new generation of atmospheric composition sensors
such as TROPOMI, deliver a great amount of data, which
is recognized as Big Data. To process the challenging data
volumes of spectral information, fast radiative transfer mod-
els (RTMs) are required. However, the bottleneck in remote
sensing retrieval problems is the computation of the radiative
transfer. Thus, the operational processing of remote sensing
data requires high-performance RTMs for simulating spectral
radiances (level-1 data). In particular, ozone total column
retrieval algorithms use the level-1 data in the Huggins band
(325-335 nm). Hence, accurate simulation of this absorption
band may require several hundreds of monochromatic com-
putations. However, hyper-spectral input data for RTMs has
a redundant information, which can be excluded by using the
dimensionality reduction techniques. In addition, there is a
strong correlation between the input optical data for RTMs
and output radiances. Such statistical dependency can be
taken into account for accelerating level-1 data simulations
using principal component analysis (PCA), thereby providing
the performance enhancement for the whole processing chain.
In this paper we analyze the efficiency and potential benefits
of the optical data dimensionality reduction schemes for sim-
ulating the Huggins band and discuss several modifications
of this approach.

Index Terms— PCA, data-driven algorithms, trace gas
retrieval

1. INTRODUCTION

Atmospheric chemistry observations have received much at-
tention in the last decades because they can improve our un-
derstanding of environmental issues such as climate change
or stratospheric ozone depletion. In line with that objective,
atmospheric composition sensors such as the TROPospheric
Ozone Monitoring Instrument (TROPOMI), continuously
measure the reflected spectral radiances to finally retrieve
the trace gas concentrations. This new generation of sensors
like the TROPOMI on board Copernicus Sentinel 5 Precursor
(S5P) satellite, delivers challenging data volumes of spec-
tral radiances (level-1 data) that require high-performance

computing.
Radiative transfer models (RTMs) are an essential com-

ponent of retrieval algorithms since they convert optical pa-
rameters of the atmosphere into spectral radiances. Usually,
the computations of the spectral radiances at different wave-
lengths are independent and involve a computational loop
over wavelengths, as shown in the following pseudo-code:

1 forforfor each wavelength:
2 radiance[wavelength] = RT_solver(

wavelength);

However, this line-by-line methodology described in the
above code is computationally expensive and inefficient in
hyper-spectral remote sensing retrieval applications. This mo-
tivates the need for a fast and accurate technique to minimize
the spectral mapping computational time. In this regard, Na-
traj et al. [1] proposed to reduce the dimensionality of the
input data due to the strong correlation between atmospheric
optical data in the spectral channels by means of an accel-
eration technique based on the principal component analysis
(PCA) to reduce the number of calls to RTMs. To this end, the
predictor-corrector approach is proposed as a new method to
enhance the performance of the computation of the radiative
spectrum for simulating the level-1 data. The predictor stands
for a fast approximate radiative transfer model which gives a
first estimation for the radiance spectrum. The corrector can
be regarded as a post-processing step, in which a correction
for the predictor is derived taking into account the redundancy
in the input data.

This paper focuses on the reflected spectra of solar radia-
tion in the Huggins band (325-335 nm) that is used to retrieve
the total ozone column. The aim of the present work is to eval-
uate the efficiency of the dimensionality reduction technique
of optical parameters in the Hartley-Huggings band regarding
the acceleration techniques based on PCA.

2. INPUT DATA STRUCTURE: PRINCIPAL
COMPONENT ANALYSIS

The atmospheric state is characterized by the state vector
xw which consists of a set of optical thickness and single
scattering albedo values. For a set of input data vectors
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Fig. 1. Explained variance ratio vs. principal component in-
dex for the Huggins band simulation.

{xw}Ww=1, where xw ∈ RN , the mean vector is defined as
x̄ = (1/W )

∑W
w=1 xw and W is the number of spectral

points. By using the principal component analysis, the vec-
tor xw is represented in a new basis {qk}Mk=1 of reduced
dimensionality, namely,

xw ≈ x̄ +

M∑

k=1

ywkqk = x̄ + Qyw, w = 1, . . . ,W, (1)

where Q = [qk]
M
k=1 are the matrices of dimension N ×M ,

with columns qk; ywk is the k-th element of yw ∈ RM andN
is the N−dimensional vector considering a discretization of
the atmosphere in L layers,N = 2L+1. In the classical prin-
cipal component analysis (PCA) the basic vectors [qk]

M
k=1 are

taken as the eigenvectors of the covariance matrix of vectors
xw.

Figure 1 shows the ratio of explained variance depending
on the indexes of principal component scores (PCSs), for the
input optical data in the Huggins band. The amount of ex-
plained variance for the first and second principal component
is 98.88 % and 1.00 %, respectively. Thus, not more than two
PCSs are sufficient to represent the input data.

3. FAST PREDICTOR MODELS

The fast predictor models consist of radiative transfer models
used to compute the radiance as a first estimator. The radiative
transfer models used in this study are the multi-stream model,
the two-stream model (TS), the single-scattering model (SS)
and the model based on the weak absorption Beer-Lambert
law. In SS, multiple scattering events are neglected. The
multi-stream RTM is based on the discrete ordinate method
with matrix exponential (DOME) [2, 3], and uses 16 streams.

In the current study, this model is considered as the exact
model. Note, that the TS RTM is a two-stream version of
DOME, in which the eigenvalues and the eigenvectors of the
layer matrix are computed analytically [4]. Essentially, the
SS and the Beer-Lambert (BL) models are wrong and directly
not applicable for modeling the reflection function in the UV
region. However, their results can be correlated with the ex-
act solution and, therefore, can be improved by applying an
appropriate corrector.

4. CORRECTION IN THE REDUCED DATA SPACE

We define a correction function f (λ, ξ) as

f (λ, ξ) = ln
L (λ, ξ)

LP (λ, ξ)
, (2)

here ξ is the state vector of input parameters (practically, a
set of monochromatic optical data), LP is the radiance pro-
vided by the predictor, L (λ, ξ) is the radiance simulated by
the exact model.

Introducing ∆xw =
∑M

k=1 ywkqk, we consider the Tay-
lor expansion of f (xw) around x̄:

f (xw) ≈ f (x̄ + ∆xw) ≈

f (x̄) + ∆xT
w∇f (x̄) +

1

2
∆xT

w∇2f (x̄) ∆xw,
(3)

where ∇f and ∇2f are the gradient and Hessian f , respec-
tively. Note, that to estimate them in the initial data space,
one would require N + 1 forward calls for ∇f and N2 + 1
forward calls for ∇2f . The key point is that the second and
third terms in Eq. (3) are estimated in the reduced data space
using the formulas of central differences, from which after
simplifications, we get

f (xw) ≈f (x̄) +
1

2

M∑

k=1

(
f+k − f−k

)
ywk

+
1

2

M∑

k=1

(
f+k − 2f (x̄) + f−k

)
y2wk,

(4)

where f±k = f (x̄± qk).
Thus, the computations can be organized as shown in the

following pseudo-code:

1 forforfor each wavelength:
2 approximate_radiance[wavelength] = predictor

(wavelength);
3 forforfor each principal_component:
4 corrector[wavelength] = corrector(

wavelength, principal_component);
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Fig. 2. Corrector vs the first principal component score.

5. PRACTICAL RESULTS

In this section, back-scatter measurements taken by the
TROPOMI instrument in the Huggins band are simulated.
The wavelength range is 325-335 nm containing W = 80.
The atmosphere is discretized into 14 layers. The simulations
are performed on a personal computer with RAM of 16 GB
and processor Intel(R) Core(TM) i7-6700 CPU @ 3.40GHz.

Before proceeding further we analyze the behavior of the
corrector as a function of principal component scores (PCS)
of the input data. Figure 2 shows that the corrector for the TS
model is highly correlated with the first PCS, and almost does
not depend on the second PCS. Unlike TS, other predictor
models remain correlation for the second PCS. Consequently,
keeping one PCS (practically, setting M to 1 in Eq. 4), the
computational time for the BL and SS models is reduced by
factor of 2, however, at cost of significant lose in accuracy
(about 5 times) with respect to the case whenM = 2 PCSs are
preserved. For the TS model, using just one PCS also reduces
the computational time by factor of 2 without compromising
the accuracy. Thus, for further analysis we set M = 1 for the
TS model and M = 2 for SS and BL models.

In addition, we note, that the dependence of the corrector
function is more linear when the TS model is used as predic-
tor. Therefore, the computations of the second order deriva-
tives can be skipped and the last term in Eq. 4 can be ne-
glected. For other models, the dependence is nonlinear and
require computations of both the first and second derivatives.

With this setup, in the next section we examine the ac-
curacy and the computational time of the predictor-corrector
approach.
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Fig. 3. (upper panel) spectral radiance computed by the pre-
dictors; (bottom panel) spectra after applying the corrector.

5.1. Computational time

Table 1 shows the computational time for the models. The
computational time required for evaluating the predictor is
minimal for the BL model, while it is maximal for the TS
model. Such behavior is expected since the BL model is
a simplified model (its performance is limited by I/O inter-
faces).

However, for the corrector function, the results are com-
parable. The setup, discussed in the previous section, makes
the differences even smaller. As a result, the total computa-
tional time differs by factor less than two. The PCA requires
∼ 0.00075 s for all cases. Note, that the computational time
for the exact model is ∼ 5.5 s. Thus, the predictor-corrector
approach provides the performance enhancement of about 6-
10 times, depending on the model used for the predictor. Dur-
ing clear-sky conditions, all computational times are reduced
due to the lower number of coefficients in the phase function.

5.2. Accuracy

Table 2 shows the mean and maximum errors in percentage
for the three models studied in this paper. The mean relative
error for the BL and SS corrected are 83 % and 67 % higher
than the TS corrected model, respectively. The similar behav-
ior is also observed for the maximum error, which is lower for
the TS followed by SS and finally BL model.

Figure 3 shows the spectral radiances computed by using
the predictor models (upper panel) and those after applying
the correction function (bottom panel) (all spectra are nor-
malized by the solar irradiance). It can be observed that the
higher differences with the exact model are for the BL model
followed by the SS and TS models. This result is expected
since the BL model is a simplified model and then, the errors
are higher. Also, the TS model is a particular case of the exact
model with two discrete ordinates, therefore, the higher accu-
racy is expected. At the same time, the accuracy of the BL
model (which is essentially wrong) is significantly improved
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Table 1. Computational time for the processes: radiance predicted, radiance corrected and the total time for each model

Predictor model Computational time (sec) Acceleration factor

Predictor Corrector Total

Beer-Lambert 47 ·10−6 ± 5 · 10−6 0.470 ± 0.008 0.471 ± 0.008 11.7
Single scattering 0.212 ±0.008 0.521 ± 0.010 0.734 ± 0.012 7.5

Two-stream 0.531 ±0.013 0.360 ± 0.012 0.892 ± 0.020 6.2

Table 2. Mean and maximum error for the three predictor
models

BL SS TS

Mean error (%) 0.41 0.21 0.07
Max. error (%) 0.87 1.2 0.21

by the correction procedure. This illustrates that the infor-
mation about the ’exact’ spectral radiance is contained in the
optical data and can be retrieved by using learning algorithms.
In this context, the predictor-corrector algorithm can be con-
sidered as a specific machine learning algorithm. But unlike
classical machine learning, here we are confronted with the
ad hoc learning, i.e. the algorithm extracts the most informa-
tive part from the data and predicts the correct behavior using
the computations in the reduced data space.

6. CONCLUSIONS

Efficiency of the predictor-corrector procedures together with
the dimensionality reduction technique has been analyzed for
radiance spectra simulations in the Huggins band. The predic-
tor is used to compute the first guess for the exact radiance.
Three predictors based on the two-stream model, the single
scattering model and the Beer-Lambert absorption law have
been included in the computations. The corrector is a func-
tion which improves the accuracy of the approximate models.
It is computed in the reduced data space, in which the dif-
ference between the exact model and the approximate model
is estimated. As the input data is reduced, the behavior of
the corrector is easily pronounced and therefore can be ap-
proximated by a low degree polynomial. Overall, the total
performance enhancement due to dimensionality reduction is
about one order of magnitude. As shown in [5], the presented
approach can be differentiated as a whole or applied directly
for differentiated radiances for computing Jacobian matrix in
the efficient manner.

It has been shown that two principal components are suf-
ficient to represent the input optical data. For the two-stream
model, the corrector is highly correlated with the first prin-
cipal component, and this dependence is almost linear. That
allows to use in the computations only one principal com-
ponent and the first order Taylor expansion in estimating the

correction function. Thus, the results presented in [5] can be
improved by reducing number of principal components and
computing the correction function only with first order Taylor
expansion. Other predictors considered in the paper require
two principal components and the second order Taylor ex-
pansion. No obviously superior method has emerged in our
bench-marking studies (increasingly time-consuming predic-
tors require more sophisticated correctors, and vice versa).
However, the best accuracy is obtained with the two-stream
model as a predictor. We plan to analise efficiency of the de-
scribed approach in the framework of GPU computations.
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ABSTRACT 

The ESA’s Gaia satellite has been launched from Kourou 

Space Center in December 2013. This mission is the 

successor of Hipparcos ESA’s satellite with also the 

objective of publishing a stars and objects (galaxies, 

asteroids, etc.) catalogue but up to 1 billion objects (against 

2.5 millions). To achieve this goal, a consortium, called 

DPAC, was set up to process all the satellite’s data 

composed of more than 400 people mostly in Europe 

(including scientists and engineers). 9 Coordination Units 

(CU) corresponding to dedicated thematic and 6 Data 

Processing Centres (DPC) have created. CNES is in charge 

of 3 scientific CU (with 7 scientific pipelines) in operations 

which defines CNES in DPAC as a major DPC. This paper 

will present the way to update software development and 

validation to the big data world for the processing of Gaia 

data in CNES. 

Index Terms— Processing Centers, Big Data, Hadoop, 

MapReduce, software development, software qualification 

1. GROUND SEGMENT ORGANISATION 

The first catalogue has been released in September 2016, 

based on the first year of Gaia observations (2014/2015). 

The second version of the catalogue has been published for 

the entire scientific community since the 25th of April 2018 

(based on observations from 2014 to mid-2016) [1]. The 

data precision has been improved and all CUs have 

produced data. The third catalog preparation is ongoing and 

the publication is scheduled for beginning 2021. 

 

To create these 4 data releases planned, the scientific data 

processing has been delegated to the Data Processing and 

Analysis Consortium (DPAC), composed of members of the 

astronomy community, nationally funded. Following an 

ESA Announcement of Opportunity, the Data Processing 

and Analysis Consortium (DPAC) has been created in 2006 

and represents now about 450 people, engineers and 

scientists, from 19 countries across Europe and around the 

world (Brazil, Algeria…). The yearly workload of the Gaia 

DPAC is about 250 Full Time Equivalent. 

The Gaia DPAC has been divided into 9 Coordination Units 

(CU) and 6 Data processing Centres (DPC) with an 

executive committee, the DPACE.  

 

The data processing centres are located across Europe, in 

charge of processing one or more CU scientific chains [2]: 

 

 - CU3: DPCB at Barcelona Supercomputing 

Centre, Barcelona, Spain 

 - CU4, CU6, CU8: DPCC at CNES, Toulouse, 

France 

 - CU1, CU3 (first processing): DPCE at European 

Space Astronomy Centre, Villanueva, Spain  

 - CU7: DPCG at Data Centre for Astrophysics, 

Geneva, Switzerland 

 - CU5: DPCI at Institute of Astronomy, 

Cambridge, England 

 - CU3: DPCT at Altec, Turin, Italy 

 

 
  

Figure 1. The Gaia DPAC organization (DPAC courtesy) 

 

2. DPCC MAIN CHALLENGES FOR DATA 

PROCESSING 

CNES is responsible for the technical coordination, quality 

assurance, integration, validation and operations of the 

scientific developments of Object processing (CU4: Solar 

System Objects, Non Single Stars, Extended Objects), 

Spectroscopic processing (CU6), and Astrophysical 

parameters processing (CU8). 

CNES also participates to CU1 as deputy, which is the 

system architecture unit in charge of the DPAC common 
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tools, definition and management of the interfaces, system 

tests and operations coordination.  

CNES is in charge of the development, validation and 

operation of the CNES Data Processing Centre (DPCC). 

The operations are foreseen for 7 years: the 5 years of Gaia 

mission and 2 years for the final reprocessing of the Gaia 

catalogue. A total of 4 data releases are planned to the final 

Gaia catalogue. 

 

The main characteristics that must be taken into account for 

the management of Gaia CNES project are: 

- The huge numbers of contributors working in the 

DPAC consortium, dealing with heterogeneous ways of 

working: computer specialists, scientists, managers…  

- An organization without contractual relationships, 

each institution providing its funding and its best effort for 

the development 

- The scientific part of the code developed in each 

laboratory by the scientists in Java language: code coming 

from about 80 developers has to be integrated and run in 

DPCC in a homogeneous way 

- The interfaces defined inside the Main Data Base 

in a collaborative manner by each data producer are difficult 

to stabilize 

- The difficult to manage planning due to large 

number of people involved and many input data coming 

from others DPCs 

3. DPCC ARCHITECTURE 

At DPCC, two platforms have been installed:  

- one operational (called OPS platform) to execute 

all the operational treatments of each chain, with the current 

following hardware (an upgrade is done each year): 

o 5100 cores 

o 4045 TB 

o 29184 GB of RAM 

o 220 nodes 

- one to validate the evolution/correction (called 

VAL platform) before execution on OPS 

 

Around 110To of cycle 2 data have been received on OPS 

platform. As VAL platform is smaller than OPS platform, 

all operational data are not transferred to VAL, only subsets 

of operational data are transferred. So tests on VAL 

platform are not always representative. 

 

CNES has developed his own scheduling software called 

PHOEBUS for “Processing High level Orchestration Engine 

and BUsiness Service”. The goal of this tool is to schedule, 

monitor and control the processing. It’s fully automated 

which allows the data processing on a 24/24 hours and 7/7 

days’ basis. CNES choose to use it on several programs 

including Gaia. DPCC implemented PHOEBUS for GAIA 

with the Hadoop’s interface and called it SAGA for “System 

of Accommodation for Gaia Algorithm”. 

On each platform, two SAGA instances are installed: 

- one of test which can be executed in parallel of the 

operations (called SAGA TEST) 

- one operational (called SAGA OPE) 

 

VAL/TEST is dedicated to the technical validation of 

pipeline (after delivery from the integration team) but also 

software (SAGA, Data Delivery Manager…). 

VAL/OPE is more representative to OPS platform for 

pipeline in software configuration point of view and is used 

to validate patches with smaller dataset of operational data 

before installation on OPS platform. 

OPS/TEST is used for qualification and operations of cyclic 

pipeline. 

OPS/OPE is used for daily pipeline operations. 

 

A workflow is a PHOEBUS term to describe the 

orchestration and parallelization of steps (which contain 

modules packaged for PHOEBUS software) creating 

Hadoop jobs [3]. 

A chain or a pipeline is a collection of workflows linked, 

where output of one is the input of the following, with the 

objective of producing data for the catalogue in a dedicated 

CU. 

4. SOFTWARE DEVELOPMENT AND VALIDATION 

The scientific code is developed in java language by the CU 

members, and then delivered to the corresponding DPCs for 

integration, system testing and operations. 

 

For the CU4, CU6 and CU8 (operated by DPCC), this 

scientific code has to be adapted to the big data world that 

why DPCC supports scientists for developing their code and 

then to implement it in the Hadoop infrastructure and 

PHOEBUS software. The CNES procedures of software 

qualification has been adapted to big data specificities. 

Finally, the operations have been also adapted to big data 

environment in Gaia project. This paragraph describes these 

adaptations on each step of the catalog production at DPCC.  

4.1. Development of scientific algorithms 

The Hadoop requests are not directly created by the 

scientific java code. DPCC uses Cascading, a Java library 

proposing to chain elementary operations which creates 

complex data processing workflow executed in Hadoop 

platform [4]. 

 

Moreover, the map/reduce algorithm is a powerful tool for 

processing among of data but the implementation is not 

natural, as developers are more used to think in a SQL way 

[5] even if Hadoop is clearly a good tool for processing such 

among of data in Gaia project. 

 

For example, below, there is a very simple Gaia SQL use 

case:  
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SELECT  astroobservation.data as observation,  

   astroelementary.data as aelementary,  

   newsource.data as nsource  

FROM match  

            join newsource using (sourceid) 

            join astroobservation using (transitId)  

            join astroelementary using (transitid) 

WHERE flag =2 

 

The figure 2 shows the exact same request in map reduce. 

The objective of this schema is not to be detailed but to 

understand how much complicated is a simple SQL request 

in map/reduce world! 

 

 
 

Figure 2. Map/reduce Gaia request 

4.2. Encapsulation in Hadoop code 

CNES has defined a general organization applicable to all 

CNES projects: one team is in charge of the development 

and after a handover, another team is responsible for the 

operations and exploitation [6]. 

Furthermore, to support scientists in the big data world, the 

development team at DPCC has defined the following 

organization: 

- CNES technical coordinator (called CU-T) 

dedicated to each CU in interface between CNES and 

scientists;  

- CNES technical support (called CU-ST) for each 

CU responsible of the qualification and integration of the 

scientific modules;  

- Subcontractor integration team in charge of 

plugging the scientific codes inside the SAGA framework 

4.3. Validation and qualification in big data 

A qualification in a big data environment implies specificity 

in software qualification like difficulty of defining dataset 

for test and the criticality of performance tests to extrapolate 

the operational processing time. 

4.3.1. Data preparation for testing 

As it’s a Big Data environment, the dataset selection is 

crucial: not too much to keep it as a test and not operations, 

but not too few to avoid missing problematic cases. For 

example, a test is planned with data extracted from each 

period of data (defined globally by the gaia project). 

Each data release corresponds to a cycle for the data 

processing. The integration of one chain in version N+1 is 

done before the beginning of cycle N+1 (during cycle N) but 

with data model N+1, meaning that validation on-site can’t 

start before reception of data model on cycle N+1. 

To start the chain’s qualification, the operational data have 

to be available at DPCC. 

Cyclic chains are executed on data of cycle N-1 but are 

compatible of data model cycle N. So the data have to be 

converted in the new data model before chain’s execution or 

data model changes between version N-1 and N have to be 

non-breaking. 

 

Some tests are executed on VAL platform and others are 

executed on OPS platform (for qualification), dataset will be 

copied on the both platforms.  

On VAL platform, the data insertion has to be done on a 

limited dataset because disk space available on VAL is 

smaller than on OPS platform. 

On OPS platform, the data insertion will be done once for 

operations but can be used for test purpose as well. 

 

4.3.2. Different type of qualification tests  

The first test class is the nominal cases as functional tests. 

At least one nominal test is played with representative data 

(which can be operational data or not) which are not the 

dataset delivered by integration team. This nominal test can 

be replayed each time a new input data is delivered at 

DPCC. 

 

One of major concern in Big Data environment is the 

processing time. For example, 1 billion stars are observed 

by Gaia, if the processing of each star requires 1 second 

(which can seem fast), DPCC would need 30 years to 

process all the stars. During the development and design 

phase, the performance tests allow DPCC to evaluate the 

feasibility to operate the pipeline. During the qualification 

phase, the performance tests are used to extrapolate the 

elapsed time needed in operations. With all the 

performances evaluation, DPCC build the operational 

chronology (where each color/line represents an operational 

run of a chain). 

 

 
 

Figure 3. The DPCC operational chronology 

 

Some performances tests are also used to optimize the 

technical configuration (number of cores allocated to the 
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pipeline, with or without other cyclic pipelines…) in order 

to minimize the processing time. 

At each cycle, pipelines are upgraded and new modules are 

added leading to new chains which are not optimized. When 

the performance tests start, the new chains can degrade the 

performance of all the system and need to be tested not 

simultaneous to execution of operations. 

 

Some degraded cases appear during operations. All these 

cases cannot be imagined before but during qualification 

phase, all thought cases have to be anticipated and tested. 

For example, the following cases have to be checked: 

• Use non-consecutive data 

• Use the same input data (duplicate output created?) 

• Inconsistency of input data (mix of input data 

coming from different cycles) 

• Gaps in the input data 

• … 

Technical degraded cases are also verified during 

qualification phase, like deactivation of one module in the 

pipeline or split of the pipeline… 

4.4. Configuration and tuning for operations 

During this phase of qualification, the configuration 

parameters are tested and validated. Using Hadoop system 

requires a dedicated team of experts to monitor and to tune 

it for the data processing operations. Each parameter 

influences the time processing. For example, one CU6 

pipeline parameter has been configured to a prime number 

which leaded to a 6 time reduction of the global processing 

time. 

 

To allow the operations of several pipelines at the same 

time, DPCC uses the queue mechanism of Hadoop: each 

pipeline has a maximum of cores and RAM allocated, 

depending in the resources needed and available. For 

example, one CU4 pipeline which uses Cassandra database 

is configured to 100 cores. In that case, the pipeline is flange 

because Hadoop is too fast for Cassandra leading to write 

error due to concurrent access to the database. 

To process faster the data, the final computation has not to 

be done on the final reduce, the CU-ST team has to develop 

the Hadoop encapsulation to avoid this configuration. 

 

Finally, the input data used by the pipeline are inserted in 

the Hadoop file system before the operations. The way these 

files are inserted is crucial to obtain correct processing 

performances: too big files will saturate the memory at 

loading by the pipelines, too small files will generate too 

many temporary files during the reading of input data by the 

pipeline. In the same way, the files generated by the pipeline 

(linked to the number of reduce) have to be well managed 

(which can be contradictory with the low number of reduces 

to be avoided). Sometimes a post processing is requested to 

recreate bigger output files (in size but with less number of 

files). 

5. CONCLUSION 

After production of two data releases, DPCC implements 

the lessons learnt of previous cycle operations for the next 

qualification, for example: 

 

As there is so many input data that the number of errors 

increases. For example, for cycle 3, the pipelines are robust 

to duplicate input data, during cycle 2, DPCC faced chain’s 

crashes due to duplicate data in other DPC tables. 

 

The data management is key in big data environment. DPCC 

has now to implement a way of ordering the output data 

from operational pipelines to be processed faster by other 

DPCs consumer. 

 

Finally, even with the best development and qualification, 

some patches during operations are can’t be avoided. There 

is always unexpected cases, data, field, results… leading to 

a pipeline issue. Sometimes one patch is not enough et many 

iterations are made with scientists to find the best solution to 

a problem. This way of working is close to DevOps method 

because operational run can least many months and 

sometimes all tests cannot be re-executed due to time issue 

before restarting the operations. 
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ABSTRACT

The LISA project preparation requires to study and define a
new data analysis framework, capable of dealing with highly
heterogeneous CPU needs and of exploiting the emergent in-
formation technologies. In this context, the mission’s Dis-
tributed Data Processing Center (DDPC) has been initi-
ated. The DDPC is designed to efficiently manage comput-
ing constraints and to offer a common infrastructure where
the whole collaboration can contribute to development work.
A prototype of the DDPC has already been started in order
to optimize the detailed design during phase A (initiated in
2018) and to address LISA Consortium needs. This article
presents the progress made regarding this collaborative envi-
ronment in the context of the LISA Data Challenge.

Index Terms— LISA, DDPC, DevOps, Container, Con-
tinuous Integration/Deployment, Web application

1. INTRODUCTION

The LISA mission [1] is an ESA Large class mission (L3)
which has the goal to study Gravitational Waves (GW) with a
space interferometer. The three satellites in formation will be
launch in 2034. The LISA Distributed Data Processing Cen-
ter (DDPC), is the entity that receives calibrated data (level 1
data) from the Science Operations Center (SOC) at ESA, pro-
cesses them to identify GW sources and their parameters, and
sends the results (level 2 and 3 data) back to the SOC. It is also
tasked with identifying transient events to provide the outside
community with alerts to search for electro-magnetic counter-
parts with early identification of the transient events and issu-
ing the alarm/warnings to the scientific community at large al-
lowing simultaneous GW and electro-magnetic observations.
The DDPC will be delivered by the LISA Consortium under
the responsibility of France [1, 3]. Furthermore, the DDPC
will have to provide computational resources within the help
of Distributed Computing Centers (DCCs) hosted in different
countries of the LISA Consortium.

∗This activity is supported by the CNES as part of the French contribu-
tion to LISA.

In order to provide tools to the LISA Consortium and
with the help of the LISA detector definition, the LISA proto-
DDPC has been initiated in 2014 as described in [2]. A plat-
form has been released1 and several tools are ready to be used
for the implementation of the data analysis (DA) software,
for the development of the LISA simulation pipeline and to
enhance the collaborative environment of these tasks.

1.1. Goal

The observations LISA will make will be the first of this kind
(i.e. the simultaneous observation of a possibly large number
of GW sources) and will explore a new way of observing the
Universe. LISA data is expected to be unique in several ways:
(i) the data will be signal dominated, it will contain thousands
of resolvable signals (ii) many signals are long lived with du-
ration from few weeks to years (iii) we expect very loud GW
signals with signal-to-noise ratio of order thousands. Those
signals overlap in time and/or in frequency the challenge is
disentangle them and characterize. Therefore flexible DA
techniques have to be implemented. During the mission oper-
ation, the DDPC will have large fluctuations of CPU load due
to the need of rapid processing of transient events and the reg-
ular iterative in time reprocessing of the data with optimized
DA techniques, calibrations, consistency checks, etc. More-
over the event rate for some sources is quite uncertain and can
vary from a few events to a few tens thousand events per year.
All these factors make the dimensioning of the necessary re-
sources a difficult task.

Some basic methods have been developed during past
LISA Data Challenges (LDCs), demonstrating that the LISA
DA challenge should be within reach. However the robust-
ness and efficiency of currently available methods have to
be studied using LDCs of increasing complexity both for
GW sources (with the help of LIGO and Virgo sources)
and instrument modeling coming from the recent results of
LISAPathFinder and from the implementation of future tech-
nological developments.

During the development of the DDPC as well as during

1https://elisadpc.in2p3.fr/home
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the operation phase, the pipelines will strongly evolve to in-
tegrate updated developments in a short loop cycle. For the
operation phase, the processing of the data is expected to be
done on a daily and weekly basis and should ensure non-
regression on short timescales.

Because of all these complexities, new challenges have to
be handle using innovative IT technologies such as virtualiza-
tion and DevOps methods (see [2, 4]). In addition, due to the
very long term nature of these activities and rapidly evolv-
ing IT solutions, the DDPC has to be kept flexible and easily
upgradeable until the end of the mission.

1.2. Why now?

There are a number of reasons pushing for a start of the DDPC
during the phase A of the mission:

• a framework to start collaborative work on DA and sim-
ulation: needed on the short term;

• an infrastructure to support the DA challenges: the first
simulated data has been released under the Radler tag2;

• an infrastructure to support the end-to-end simulations
that will be used to produce realistic data, evaluate mis-
sion performances and assess the industrial proposals:
needed by 2018;

• a structure hosting the various software used during the
development of LISA, in particular performance man-
agement tools: necessary in the near future.

The DDPC will be the framework that will support the
LISA simulations and the next DA collaborative activities
such as LDCs.

2. LDC

The LDC is an open, collaborative effort to tackle unsolved
problems in LISA DA, while developing software tools that
will form the basis of the future LISA data system. The
LDCs are organized by the LISA Consortium’s LDC work-
ing group. The collaborative effort will provide code and
specifications in order to generate challenge datasets, and to
work for searching for GW sources and estimate their pa-
rameters. Participants can develop their own algorithms or
use the one provided by the LDC, and submit their methods
and results which will be evaluated and used in designing the
most efficient DA pipeline.

2.1. Workflow

The LDC’s data release process, shown in Fig. 1, is based
on the LDC software including a GW source simulator
(LISACode) and the LISA model. Several ingredients are

2https://lisa-ldc.lal.in2p3.fr/ldc

required to simulate LISA data: (i) simulation of instrumen-
tal noise; (ii) based on the user request, astrophysical sources
are selected; (iii) simulation of gravitational wave signals.
The data and metadata in hdf5 format are pushed to the
database and published on the LDC web portal. The LDC’s

Fig. 1. Scheme of the LDC’s data release process: an itera-
tive way is used to publish the simulated data.

complete workflow is run with the following steps:

1. providing of simulated data with the LDC’s data release
process;

2. team challenge with the analyse of the data to retrieve
the source parameters;

3. results submission and evaluation using several met-
rics: (i) similarity of the proposed solution to the true
data, (ii) efficiency and flexibility of the algorithm;

4. increasing complexity of the simulated data.

All these steps are replicated in an iterative way in order to
improve the simulated data but at the end, algorithms.

2.2. Running the next LDC within the DDPC

In order to run the next LDC, the team has to provide:

• a common data base associated with a web portal to
store the simulation and the team results;

• a configuration management system for the simulator
and parameters;

• a dedicated software to compare DA pipeline results
and assess their performances;

• an ingestion of DA code into DDPC pipelines to test
continuous integration and continuous deployment
(CI/CD) concepts and to size CPU needs for con-
straining DCC resources.

Processing Platforms and Cloud Computing [Poster Session]

Proc. of the 2019 conference on
Big Data from Space (BiDS’19) doi:10.2760/848593

270 Munich, Germany
19–21 February 2019

https://lisa-ldc.lal.in2p3.fr/ldc
http://dx.doi.org/10.2760/848593


All these tasks have been started within the prototyping
activity of the DDPC. The next section will focus on the web
portal implementation and architecture.

3. LDC WEB APPLICATION

As described in the previous sections, innovative and flex-
ible IT technologies have to be selected in the DDPC for
handling complexe DA pipelines. The Docker container so-
lution3 has been chosen as a reference environment for the
DDPC. It has been used intensively in all stages of the LDC
workflow (simulated data release, web application, packaging
of code sharing tools...). For web services, the Docker phi-
losophy is to use containers in a micro-service architecture.
This approach enables to deploy smoothly portable system
and to upgrade without failure all independent components.
The micro-service architecture has been used for the imple-
mentation of the application described in this section.

For the new run of the LDC, the DDPC team has devel-
oped a web application4 for the purpose described in Sec. 2.2.
This web portal and data base manager, shown in Fig. 2, pro-
vides a place to share simulated data and to organise the DA
challenge. As described in the next sections, the web portal

Fig. 2. LDC’s web application main page. The application is
based on the Django framework and the Bootstrap CSS.

architecture is based on the following items (see also Fig. 3):

• the full website stack is containerized;

• the application is deployed in production in a rolling
update mode (health checks during updates) by using a
CI/CD platform and a container orchestrator;

3https://www.docker.com/
4https://lisa-ldc.lal.in2p3.fr/

• the platform is hosted on an Infrastructure-as-a-Service
(IaaS) academic cloud.

The components and technologies that have been used to im-
plement an on-demand service are described below.

GitLab Docker 
RegistryLocal GitLab repo

git
push GitLab

pipeline

trigger

Code

Runner
launch

Docker
container

Production
VM Staging VM

/var/lib/docker 
/data 

Docker
Compose file

master /
staging

master staging 

Local
Development  

rsync /var/lib/docker 
/data 

push

pull code

Fig. 3. Scheme of the web application CI/CD: deployment of
the micro-service stack. The source code is pushed on the Git-
Lab instance triggering a CI pipeline and producing a Docker
image. The CD pipeline notices a Rancher server to deploy
micro-services on the production and staging VMs hosted on
the OpenStack cloud.

3.1. Web application

3.1.1. Django framework

The web application has been developed in the Django Python
framework in order to provide an easy and secure way of shar-
ing scientific data. The Django underlying architecture is the
Model-View-Template (MVT) pattern. The data base is built
under two data models: the registration model for user ac-
count management and the file sharing model.

The authentification system is a customized UserModel
Django class in order to restrict the data access to registered
users. New user accounts are validated by administrators: a
unique token identifier is provided via an URL.

The file sharing model is a simple Django model allowing
to store URL (instead of data files) in the data base. Further-
more, Django provides an embedded administration interface
directly built on the data model and allowing administrators
to manage user accounts and data base input.

3.1.2. CI

The application source code is managed by the GitLab in-
stance of the IN2P3 computing center (CC-IN2P3)5. The
code repository is automatically built with the GitLab pipeline

5https://gitlab.in2p3.fr
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functionality. Indeed, the GitLab-CI instance provides a
GitLab runner based on Docker. The runner works with
a Docker-in-Docker image (Docker image with privileged
mode) providing a Docker daemon inside the container. Each
code commits produce a Docker image automatically stored
on the GitLab private registry (Docker type) and also regis-
tered on the DockerHub account of the DDPC6.

3.1.3. CD

The continuous deployment has been achieved by using the
Rancher container orchestrator7. This orchestrator controls
running container by monitoring their deployments and pro-
viding rollback capability. In the LDC web application, the
production and staging environments which correspond to
different cloud VMs are registered in the Rancher interface.

Specific stacks are deployed using Docker Compose files
as shown in Fig. 4. The Compose YAML file describes micro-
services and how they are connected to each others (network,
volume, dependance...). The rolling update functionality is
permitted by Rancher which give the ability to deploy in pro-
duction after each code commit. Indeed, the GitLab instance
is connected to the Rancher server via a token.

Fig. 4. Rancher web interface: the container orchestrator
monitors container deployment and allows rollback. Produc-
tion and staging deployment are defined in separate environ-
ments order to test new features before to push them in pro-
duction.

3.2. Infrastructure

The infrastructure is hosted on several virtual machines
(VMs) of the FG academic cloud8. This OpenStack cloud
is located in french research laboratories allowing horizontal
scaling of the web portal infrastructure (by increasing the
number of VM).

The architecture of the LDC web portal is based on three
micro-service containers following the Docker philosophy
and shown in Fig. 5:

6https://hub.docker.com/r/lisaddpc/
7https://rancher.com/
8http://www.france-grilles.fr/

services-catalogue/fg-cloud/

• the Django MVT framework (LTS version) with Boot-
strap 3 CSS and an uWSGI gateway;

• a PostgreSQL data base;

• a Nginx web server.

A SMTP server is provided by the cloud infrastructure and
allows to send email when new users sign-up.
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Fig. 5. Scheme of the Web application infrastructure: each
container hosts a micro-service.

4. CONCLUSION AND FUTUR DEVELOPMENTS

We have shown that the LDC new run started in the context
of the DDPC is an important task for the DA preparation of
the LISA mission. Concerning the LDC web application, the
micro-service architecture based on container solution is a
flexible choice for handling long-term project. Furthermore,
futur developments will be provided:

• challenge submission form and result management: the
LDC next step after the simulated data diffusion will be
the collecting and the comparison of challenger results;

• a REST API and client: API is a standard way of giving
a remote access to the application data;

• a data visualization tool: a visualization tool will be
implemented to provide a dynamic way of interacting
with data.
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ABSTRACT 

Earth Observation (EO) satellite missions provide 

routine, frequent, and high resolution monitoring of our 

environment at the global scale, delivering an 

unprecedented amount of data. 

Managing these huge data volumes has naturally led 

the EO world to develop EO cloud platforms – such as 

DIAS - that provides the necessary resources to store, to 

process and disseminate such a large amount of data.  

To support actors of the EO world CS SI has 

developed innovative and powerful open source tools: 

SafeScale,
 
an open source multicloud DevOps solution 

to seamlessly deploy cloud applications on any 

combination of cloud platforms and EODAG (Earth 

Observation Data Access Gateway), a Python software 

development kit for searching, aggregating and 

downloading remote sensed images using a unique API 

for any EO data sources. 

.Index Terms— Multicloud, DevOps, 

Interoperability, Cloud Security, Block Chain, 

Cryptographic Hash Function, Asymmetric Encryption, 

Erasure Coding. 

1. INTRODUCTION 

Today, EO players have the opportunity to access a 

wide range of cloud platforms for the implementation 

of their EO data services. For example the five DIAS 

platforms (CREODIAS, MUNDI, ONDA, SOBLOO 

and WEKEO) created to foster the use of Copernicus 

data, but also CloudSigma, ERBC, Amazon Web 

Services and Google Cloud Platform which offers free 

access to a large set of EO data: Sentinel 2, Landsat 8, 

SRTM…. 

These platforms offer unprecedented operational 

capabilities for global monitoring from space and an 

ever more relevant analysis of the state of our planet. 

However, all these platforms are managed 

independently and the offer of computing and data 

resources is heterogeneous. This heterogeneity is a 

sometimes an impassable difficulty for those who 

would like to benefit from all these resources. 

SafeScale and EODAG have been initiated as CS SI 

internal R&D projects and put in production for RUS 

project. Today RUS manages more than 1000 hundreds 

Copernicus data analytics cloud environments spread 

over 3 public clouds and it is ready to start operating on 

the 4 operational DIAS platforms. SafeScale is also 

used to explore cloud agnostic Payload Digital Ground 

System efficiency in the frame of the Phase-A of the 

CNES CO3D Mission and to manage the infrastructure 

of the Flood Supervisor of the French city of Nimes 

This diversity of offers is a fantastic innovation 

booster but it also constitutes a real technical challenge 

for the creation of multi-platform services. Indeed, each 

of these platforms offers different APIs and service 

levels to access their computing resources and the EO 

data they distribute. 

In this article, we will look at how SafeScale and 

EODAG tools can overcome these heterogeneities and 

enable added value services to take the most of the 

resources offered by EO cloud providers. 

2. SAFESCALE 

SafeScale is designed in the form of 3 tools: SafeScale 

broker, SafeScale deploy and SafeScale security. In 

the DevOps spirit - pushing the automation to 

infrastructure creation, deployment and maintenance 

tasks - these 3 tools are accessible via command line 

interfaces or via software development kits available in 

various programming languages Golang, Python, Java, 

Ruby, C#.... 

2.1. SafeScale broker 

SafeScale broker is the pillar of the SafeScale building, 

it offers simple and generic interfaces to manipulate and 

configure cloud computing resources. The objective of 

broker is to create automation scripts to manipulate 

computing resources without modification regardless of 

the supplier targeted. To realize such a system we 

analyze the IaaS (Infrastructure as a Service) API’s of 

the main cloud providers and exhibits the major 

heterogeneities: 

 Virtual machines (VM) are assigned using template 

names specific to each cloud provider. These template 

names characterize the sizing of the virtual machine in 

terms of CPU type, number of CPUs, number of GPUs, 

RAM size, and disk space. 
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 When a user allocates a VM an OS have to be chosen 

be there is no standard for OS naming, thus, inevitably, 

OS names differ from one cloud provider to another. 

 The levels of network services offered by cloud 

providers can vary between services from Layer 2 to 

Layer 7 of the OSI model …  

 Finally, it is necessary to provide users with an 

aggregated monitoring system allowing them to analyze 

the overall state of their system. 

To overcome these heterogeneities, SafeScale 

broker is designed around a plugin mechanism. To 

simplify as much as possible the creation of these 

plugins, we analyzed the fundamental set of services 

necessary to implement all the functionalities offered 

by SafeScale: 

 List the available VM templates  

 List the available OS images 

 Creation and destruction of a network 

 Creation and destruction of a VM 

 Creation and destruction of a Block Storage 

 Assign/unassigned an public IP to a VM 

These features are always available regardless of the 

cloud providers used and easy to emulate on a HPC 

cluster or simply on a set of interconnected servers 

using common virtualization tools. As a result, 

SafeScale allows creating hybrid infrastructure without 

the need to deploy a private cloud stack on premise.  

The following command illustrates how SafeScale 

broker works and solve the heterogeneity issues 

mentioned here above. 

>> broker network create cluster-net --cidr 192.168.2.0/24 \ 
--gwname cluster-front \ 
–os "Ubuntu 16.04" \ 
--cpu 8 --ram 30 --cpu-freq 2.5 

This command creates: 

 a network named cluster-net with the 

“192.168.2.0/24” CIDR 

 a gateway which will plays the role of external router 

and security bastion for the VMs of the network cluster-

net 

The gateway is a VM under Ubuntu 16.04 OS, with 

at least 8 cores, 30 GB RAM and a CPU frequency of at 

least 2.5 GHz. The gateway makes it possible to 

overcome the heterogeneity of the network layers, 

because not all cloud providers offer routing services. 

To be able to find the OS image name corresponding to 

Ubuntu 16.04 among the images proposed, SafeScale 

broker uses the Jaro-Winkler
2
 algorithm which provides 

a distance measurement between character strings. 

SafeScale broker selects the closest image name to 

Ubuntu 16.04 in the sense of Jaro-Winkler. For 

example with Flexible Engine cloud provider SafeScale 

broker will select the image named OBS_U_Ubuntu 

16.04. To find a VM template corresponding to a set of 

resource SafeScale broker uses the Dominant Resource 

Fairness
1
 (DRF) algorithm to select the VM that best 

match. In our example the template named C2-30 will 

be selected if the cloud provider used is OVH and the 

template m5.2xlarge if the cloud provider is Amazon. 

As you can note a user of SafeScale broker is 

capable in one line of code to create a network, and a 

VMs without having any knowledge of the underlying 

cloud provider specificities. VM created with SafeScale 

are accessible using ‘broker ssh’ tool or a full web 

remote desktop build on Apache Guacamole. 

 
FIGURE 1: SAFE SCALE REMOTE DESKTOP 

To offer a global infrastructure monitoring solution 

SafeScale broker relies on Elastic Stack open source 

solution. The operating principle of the monitoring 

system is simple. On all VMs created by SafeScale 

broker, the Elastic Metric Beat probe is installed. The 

latter transmits to ElasticSearch the CPU, memory, the 

file system, the disk IO, and the network IO usage 

statistics, as well as top-like statistics for every process 

running on your systems. The Kibana dashboard 

creation system is used to create ergonomic dashboards. 

 
FIGURE 2: KIBANA DASHBOARD EXAMPLE 

To date SafeScale broker has the necessary plugins 

to use the main European cloud providers offering EO 

data: OVH, Flexible Engine, Open Telekom Cloud, and 

CloudFerro. It is therefore compatible with all DIAS 

operational DIAS platforms. 
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2.2. SafeScale deploy 

Although SafeScale broker already greatly 

simplifies the automation of cloud infrastructure 

management, the deployment and management of 

container orchestration systems, Big Data frameworks, 

and AI frameworks stay very challenging. SafeScale 

deploy allows creating very easily a wide variety of 

clusters: Ansible, Kubernetes, DCOS, Spark, HPC. 

The following command illustrates how SafeScale 

deploy works 

>> deploy cluster dcos-cluster create -F DCOS -C Normal 

This command creates a DCOS cluster named dcos-
cluster of Normal complexity. SafeScale deploy offers 

three 3 levels of complexity Small, Normal and Big. 

Small complexity is intended for test purpose because 

no high availability (HA) mechanism is provided. In 

production Normal and Big complexity offer HA for 

very large cluster: hundreds of nodes for Normal 

complexity and thousands for Big complexity. The 

master nodes of the cluster are accessible using the full 

web remote desktop solution. 

2.3. SafeScale security 

SafeScale security covers 3 facets of security: 

- Security of services 

- Data security 

- Detection of attacks and intrusions 

2.3.1. Security of services 

SafeScale security provides a gateway system that 

offers encryption and identity management. To 

illustrate this mechanism, let’s suppose that a SafeScale 

user created a service named usr-service accessible via 

using and HTTP interface available at port 8080 of a 

VM named cluster-node-1 created in the virtual 

network named cluster-net.  In this case the user can 

protect this service running the 2 following commands: 

>> gateway create gw cluster-net 
>> gateway protect gw usr-service cluster-node-1 -p 8080 

The first command creates a security gateway 

named gw and returns the public IP of this gateway (ip-

gateway) and the credential to access the Identity and 

Access Management system as administrator. The 

second command adds the service to the security 

gateway. Running these commands the service is now 

accessible via the URL https://ip-gateway/usr-service/, 

the traffic between the user and the gateway is 

encrypted and the gateway is connected to an Identity 

and Management system build on open source software 

KeyCloak. 

2.3.2. Data Security 

Cloud Object Storage services are very convenient to 

store large amount of data but they do not provide the 

security services necessary to store sensitive data. 

Furthermore storing large amount on data inside a 

unique cloud provider make you locked to this cloud 

provider. 

SafeScale security bypasses these downsides by 

drawing inspiration from the concepts of the Block 

Chain and combining powerful technologies: 

Cryptographic Hash, Hybrid Encryption
3
 and Erasure 

coding
4 

algorithms. SafeScale security splits the data to 

be stored in blocks, creates a parity block using 2 or 

more data blocks using erasure coding, encrypts each 

block and distributes them over several buckets on 

different clouds. To encrypt blocks, SafeScale uses 

"hybrid" encryption. Hybrid encryption combines the 

convenience of an asymmetric-key cryptosystem with 

the efficiency of a symmetric-key cryptosystem. 

Symmetric encryption is used to encrypt data 

efficiently; asymmetric encryption is used to encrypt 

symmetric keys. The encrypted symmetric key and the 

footprint of the block are added to the header of each 

block. 

 
FIGURE 3: DATA SECURITY WORKFLOW 

To retrieve a data file all the blocks available for 

this file are downloaded. For each block the footprint is 

verified, the symmetric key is decrypted using 

asymmetric public key and the data are decrypted using 

asymmetric key. If there is missing or corrupted blocks 

(wrong footprint) they are reconstructed using the 

erasure coding system. 

SafeScale security uses SHA256 hash function to 

compute footprints, RSA asymmetric-key encryption, 

AES symmetric-key encryption and Reed Solomon 

erasure codes. 

2.3.3. Detection of attacks and intrusions 

Each VM created by SafeScale broker are equipped 

with a Suricata probe. The information collected by the 

Suricata probes can then be collected and analyzed by 
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Prelude SIEM deployed on the security gateway. 

Suricata is an Open Source Software for intrusion 

detection (IDS), intrusion prevention (IPS), and 

network security monitoring (NSM). It is developed by 

the OISF (Open Information Security Foundation). 

Prelude is an Open Source Security Information and 

Event Management (SIEM) system developed and 

improved by CS SI for more than 20 years. 

3. EODAG 

As we have seen in the previous chapters, SafeScale 

allows managing efficiently virtual infrastructure and 

computing frameworks in a multi cloud environment.  
To enable application developers to create truly 

portable applications on all EO cloud providers it is 

necessary to offer a unified data access tools. For this 

purpose CS SI has developed EODAG (Earth 

Observation Data Access Gateway). EODAG is a 

command line tool and a Python framework for 

searching, and accessing remote sensed images using a 

unified API regardless of the data provider. It provides 

3 main functionalities: List available product types, 

Search products by types, geographical extent time 

interval and metadata and load products. 

 

 
FIGURE 4: EODAG CONCEPT 

An experimental product cropping functionality, where 

a user application can access a subset of an EO product 

without completely downloading is also available. 

EODAG uses a two-level plugin system. Plugin 

topics are abstract interfaces for a specific functionality 

of EODAG like Search or Download. EODAG 

providers are implementations of at least one plugin 

topic. The more plugin topics are implemented by a 

provider, the more functionality of EODAG are 

available for this provider. 

EODAG plugin topics are standalone Python 

packages or modules that comply with EODAG plugin 

APIs, the Plugin manager load them at runtime. 

The strength of the EO DAG plugin system is that 

the EODAG plugin APIs are basics and simple to 

implement facilitating external contributions and a 

growing adoption of the system. 

Complete providers (List/Search/Load) are available 

for all operational DIAS platforms and the Scihub. This 

means that by using EODAG whatever the DIAS 

platform or platforms on which you decide to deploy 

your services, the way you access the data remain the 

same. 

4. CONCLUSION 

We have shown in this article that the combined use 

of SafeScale and EODAG open-source tools makes it 

easy to create and deploy powerful and secured Earth 

Observation applications portable on any clouds  
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ABSTRACT 

Digitized intermediate frequency (IF) data is the first and 
most fundamental measurement available following antenna 
signal receipt. Due to its data rate, digital IF data cannot be 
stored consistently and is converted to lower density 
measurements such as pseudoranges, code and carrier phase 
which generate much lower data rate. The conversion step 
from IF to observables therefore leads to an unrecoverable 
loss of information. At present, initiatives to collect IF data 
focus on applications where the recording requirements are 
limited to short periods (hours / days). Systematic recording 
of digital IF data would allow offline re-processing applying 
any signal processing technique. This scenario opens the door 
to new science use cases applying innovative processing 
techniques.  

This paper describes a set of use cases that would profit 
from the systematic, long term storage of digitized IF data. 

Moreover, the paper presents a hybrid architecture that 
seamlessly integrates remote, edge-based GNSS Intermediate 
Frequency Recording Stations (GIFRES), in charge of 
collecting the IF Data, with centralized, cloud-based 
infrastructure in charge of implementing task orchestration 
and advanced data analysis techniques. 

Index Terms—Galileo, GNSS, Big Data, Edge 
Computing, Cloud Computing, Data Science.   

1. INTRODUCTION 

The GNSS Big Data activity attempts to develop an initial 
pilot to demonstrate the possibility of recording and storing 
IF data in the long term [1].  
 
The main objectives of the activity are: 
• demonstrate the potential of continuous or adaptive 

recording of digitized intermediate frequency data at 
reference and potentially mobile stations using a 
distributed or centralised IT facility approach. 

• identify relevant application/study cases during the pilot 
operation period which demonstrate and promote the 
benefits of a systematic long term digitized intermediate 
frequency data storage. 

• achieve a cost-effective station system trade-off 
between RF front-end, pre-processing equipment, 
recording configuration (signal frequencies, bandwidth, 
number of bits and sampling, effective methods for 
storing/reducing/processing the large amount of data), 
storage infrastructure (central versus distributed, HDD 
and/or tape libraries….), scalability and operation cost. 

• analyse the technical feasibility of Big Data solutions 
[2] to process remotely collected IF Samplers of GNSS 
signals. Identify the necessary remote and centralised 
infrastructure including the communication. 

• demonstrate through the testbed/station, its use in its 
use in relevant applications. 

2. RELEVANT USE CASES 

This section presents relevant uses cases identified as part of 
the project.  

2.1. Geo-hazard / structure health monitoring (High 
Frequency Vibration) 

Throughout the world, Continuously Operating Reference 
Stations (CORS) provide GNSS raw data such as carrier 
phase and code range measurements. These high-quality 
measurements are vital to the GNSS industry and science 
community. They are essential in providing the service for 
centimetre-level user positioning, which is highly demanded 
in markets such as construction, surveying and agriculture. 
CORS stations can also be used in meteorology, ionosphere 
study, crustal movement monitoring, geoid determination, 
geophysical applications, orbit and clock determination etc. 
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Potential GIFRES network shall provide comparable 
functions/performance to these CORS stations used in the 
international/regional network. 
 
CORS networks provide a great opportunity to capture the 
displacements of the Earth’s surface or structures, in a level 
of detail and accuracy unmatchable before the GNSS era. It 
has become an important resource to monitor geo-hazards 
such as earthquakes or landslides, and also an important tool 
to monitor structural heath. 
 
Traditional COTS receivers generally provide reliable 
positioning output at a rate up to 20Hz. This means that finer 
details regarding the seismic response and the structure 
response frequency will be lost due to the technology 
limitation. Recording IF data will allow higher rate 
positioning output, either through a post-processing approach 
or a smarter SDR real time processing. This will be especially 
valuable for the vibration studies interested in frequencies 
higher than 20Hz. 

2.2. Ionosphere indices generation 

Ionospheric perturbations is another important type of 
vulnerability threat to the GNSS system. Ionospheric 
perturbations could be caused by several phenomena of 
which scintillation and space weather events are the two most 
influential. To tackle this problem, different ionosphere 
monitoring networks have been established around the world. 
These monitoring networks consist of specialised CORS 
stations that can output a set of ionospheric indices, which 
statistically describe the signal amplitude / phase / spectrum 
fluctuation. These indices are important to ionosphere 
monitoring and mitigation. Typically they can only be 
produced in the specialised ionosphere monitoring type of 
receiver. Recorded IF data could be utilized in SDR to output 
these parameters in high quality and in a more standard 
approach. Unlike the ionospheric monitoring type of receiver, 
the raw IF data could be used to generate the ionosphere 
monitoring indices without full-tracking of the GNSS signal. 
This is particularly useful when the signal suffers severe loss 
of lock and cycle slips, and could maximize the availability 
of these indices 

2.3. Configurable tracking scheme 

There are different scenarios that may require the 
configurable receiver processing.  
 
One scenario is the adaptive receiver processing according to 
the environment. A GNSS receiver may lose lock when using 
traditional tracking configurations under harsh environments, 
such as severe ionosphere disturbances. Conventionally, 
some key receiver parameters (e.g. tracking loop bandwidth) 
are fixed values optimized for nominal ionospheric 
conditions, therefore they may have difficulty in keeping 
track on the signal when the ionosphere disturbance is severe. 

If these parameters could be optimized according to the actual 
ionospheric conditions, the receiver could be re-configured 
and provide a more robust and sustainable performance under 
the unusual environment. In particular, this reconfiguration 
would be useful if it originates from the IF data, rather than 
the fully decoded baseband signal, as it could adjust the 
receiver before the signal becomes un-trackable. Although 
this adaptive-configuration will be at the expense of the 
GNSS measurement quality, the loss of tracking problem 
could be much improved and the GNSS observation 
availability could be enhanced. 
 
A second scenario is receiver technology development. The 
GIFRES recorded IF data could allow the re-analysis of the 
same data in post-processing, with different tracking strategy 
and receiver settings, which is not feasible with the traditional 
approaches. This will be particularly useful in incubating and 
facilitating the development of future advanced receiver 
technologies. 

2.4. Satellite anomaly monitoring 

The GNSS signals may suffer from different types of 
anomalies. These anomalous signals will jeopardize the 
system integrity and degrade the positioning performance. 
Some well-known signal anomalies include (but are not 
limited to): 
• Waveform anomaly: as a satellite ages, it may start to 

transmit distorted signals, possibly caused by a hardware 
component failure (GPS SVN 19). 

• Clock anomaly: space vehicles typically have multiple 
atomic clocks on board. If one clock unit begins to 
malfunction it will greatly distort the transmitted signal 
and degrade performance. 

• RF antenna: if improperly designed, the satellite on 
board antenna may bring a harmful impact to the 
transmitting signal in a manner of satellite vehicle 
multipath (GPS SVN 49). 

• Launch failure: launch problems may put the satellite in 
the wrong orbit (Galileo FOC FM1 and FM2), which 
meant that some receivers are  unable to track satellites 
due to their Doppler shift being outside the nominal 
range. 

 
These above anomalies have been observed and well-studied 
in recent years. The analysis has some limitations. With the 
GIFRES recorded raw IF data, if a feared event is discovered, 
it could be analysed not only on the impact on the positioning 
performance, but also in the signal spectrum and waveform 
level. 

2.5. Man-made vulnerability - Radio Freq Interference 

The GNSS bands are protected, and as such, the frequency 
bands should only contain white noise, and the GNSS signals 
themselves, all of which appear under the noise floor due to 
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their spread-spectrum characteristics. Since GNSS signals are 
very weak when they arrive at the receiver antenna, any 
excessive Radio Frequency Interference (RFI) that falls into 
the dedicated GNSS radio frequency bands can cause a 
significant negative impact to GNSS receivers. In the recent 
years, the appearance of large amount of inexpensive radio 
equipment whose intention is to disturb or deceive the GNSS 
receiver functionality has made the situation worse. 
 
There are different scenarios where GIFRES supports Man-
made RFI monitoring. 
 
One scenario is testing power levels. Under the normal 
conditions of an appropriately sited station, the power levels 
at the receiver should not vary much. If interference is 
present, it will manifest itself as extra power in the band(s). 
Interference that is destructive enough to cause problems to 
GNSS systems will have enough power that it should be 
easily visible in the FE samples, provided there is no AGC 
turned on to compensate. The power of the FE samples (or 
the value of the AGC) can therefore be monitored for signs 
of RFI. It is possible for anyone with access to the GIFRES 
sampled data to carry out this testing for power disturbances. 
 
Another scenario is testing the spectrum. By using the FE 
samples to compute the spectrum, it is possible to look for 
interference at much smaller bandwidths than simply looking 
at the power over the whole GNSS band(s). The spectrum-
test is usually much more sensitive; however the 
computational burden is much higher. It could be difficult to 
run this in real-time over the entire data. The spectrum testing 
can be done even in the presence of an AGC, though the 
results are poorer. 

3. ARCHITECTURE TRADE-OFF 

COTS equipment which is potentially suitable to perform IF 
data recordings are available on the market [4], [5]. Those 
solutions are mostly used in record and replay applications 
where the recording requirements are limited to short periods 
(hours / days). Such solutions may therefore not be optimized 
for the cost effective and scalable continuous recording 
solution. Other COTS equipment are of lower quality and 
cost aiming at (software defined) radio-amateurs. 
 
No attempt to optimize the terminal quality, adoption of 
standard storage, processing, access to data, and continued 
permanent recording for multiple applications exists. This 
case requires hundreds of Terabytes of data per terminal (if 
all bands were to be recorded continuously). One possible 
hardware architecture that could be used to capture all the 
signals in the L band in a storage optimized way is proposed 
in [3]. Signals whose signal bandwidths overlap or are close 
to each other would be grouped together as a single signal to 
reduce the overall needed bandwidth. 
 

During the execution of the work an architecture trade-off 
analysis has been carried out considering three different 
deployment options: 

3.1. Distributed storage approach 

This architecture highly delegates the storage and processing 
capabilities to the edge nodes which are coordinated by an 
orchestration layer in charge of routing data requests to the 
relevant nodes. This approach minimizes network 
requirements for data transfer while increases coordination 
complexity and cost of edge nodes. 
 

 

3.2. Centralised storage approach 

Contrary to the previous case this architecture highly 
delegates the storage and processing capabilities to a cloud 
centric storage and computing resource. This approach 
maximizes network requirements for data transfer while 
simplifies coordination and reduces the cost of edge nodes. 
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3.3. Hybrid storage approach 

Last alternative consists of a hybrid solution with edge nodes 
responsible for recording and storage of high fidelity data and 
cloud computational resources in charge of orchestration and 
long term preservation of all relevant data. 

 

 
 

This deployment approach has been considered to offer the 
best balance.  

4. IT SOLUTION 

The IT Solution implemented for the project is highly 
modular, spanning Edge and Cloud domains. The IT solution 
as a whole brings new capabilities to the GNSS IF data 
processing domain via adaptive IF raw data collection, 
immediate and long-term availability of the IF raw data to 
support real-time and on-demand processing 

 
 
At the core of this solution, there is an Adaptive Data Upload 
Agent responsible to adjust data rates to the science use case 
to be supported and available bandwidth. Using the wide area 
network, the station agent will be transferring to its peer 
agents in the cloud. At both ends, the agents are designed to 
work in cluster mode, in order to parallelise the reads and 
writes, to work around the limited single thread I/O 
performance of object stores. 

5. CONCLUSIONS AND FUTURE WORK 

At present the activity is about to start the deployment of 
GIFRES stations at three different locations. This will trigger 
the beginning of eight months of operations where data will 
be recorded to validate the processing techniques described 
in this paper. In parallel, the architecture of the system is 
being aligned with ESA’s on-going initiative “Science 
Exploitation and Preservation Platform” (SEPP) [6]. Among 
other things, this alignment will improve the flexibility of 
GIFRES architecture introducing support for Docker 
Containers technology. This improvement, combined with 
the highly modular and flexible architecture already in place 
is expected to boost computing capabilities across edge and 
cloud domains. The resulting system and outputs of this 
activity are to be integrated and deployed on the GNSS 
Science Support Centre[7] at ESAC. 
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ABSTRACT 

The article discussed processing and distribution 

technologies of the data based on the Russian Earth 

observation (EO) space satellites such as Meteor-M, 

Kanopus-V, Resurs-P. These technologies are realized in the 

frame of “Basic products bank” geoinformation service 

designed for high-level Earth remote sensing (ERS) 

information products creation that are the base for thematic 

tasks solution. At first, the data and information products 

verifications in conjunction with the regular ongoing sensors 

calibrations ensure the quality of provided information. At 

second, the parallel realization of the ERS data processing 

algorithms based on the OpenCL/CUDA technologies 

provides the possibility of the linear technological chains 

building from the receiving stations to the storage systems. 

At third, the information products distribution and 

publication are realized based on the asynchronous model 

ensuring the balance between the orders quantity and 

accessible computing resources.  

Index Terms — Basic products bank, geoinformation 

service, Meteor-M, Kanopus-V, Resurs-P  

1. INTRODUCTION 

The United territory distributed information system of the 

ERS data (ETRIS DZZ) was created in the Russian 

Federation in 2006-2015 years. Its developing is provided in 

2016-2025. ETRIS DZZ is designed for integration to the 

single geoinformation space of the information resources 

providing the organization of the target use of the Russian 

orbital constellation (see table 1), the functioning 

coordination of the Russian data receiving and processing 

centers which obtained from the Russian and foreign space 

Earth observation satellites, ERS data distribution and 

providing to the users and consumers. The main purpose of 

ETRIS creation is the full and timely supporting the 

consumers by the ERS data and relevant products through 

the special information portals/geo-portals and web-services 

[1, 2]. The one of such information services is a “Basic 

products bank” (http://bbp.ntsomz.ru). 

The main mission of the “Basic products bank” 

geoinformation service (BBP GS) is the high-level 

information products providing to the Russian and foreign 

consumers and obtained from the Russian satellites. 

The article discussed the main types of the information 

products generated based on the Russian ERS data and 

supplied by the service as well as the technologies used for 

its creation and distribution.  

Table 1: Specifications of the Russian EO-space systems optical sensors  

Satellite, sensor GSD Swath Bands (number) 

Meteor-M,MSU-MR 1km 2800km RED-NIR-MIR-TIR (6) 

Meteor -M, KMSS 60/120m, 450/900km Vis-NIR (6) 

Kanopus-V, PSS/MSS 2.5/11m, 23km PAN(1)/Vis-NIR (4) 

Resurs-P, KShMSA 12/24m, 98km PAN-Vis-NIR (6) 

Resurs-P, GSA (hyperspectral) 30m 25km Vis-NIR (130) 

Resurs-P, Geoton-L1 0.7/3m, 38km PAN-Vis-NIR (8) 
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2. ERS PRODUCT TYPES 

ERS data products formed by BBP GS and provided to the 

consumers include the following:  

processing level 1 products (as CEOS classification [3]) 

automatically formed based on the primary space data 

obtained on the receiving stations; 

processing level 2 products as CEOS classification (see fig. 

1), automatically formed based on the processing level 1 

products (CEOS classification). Various vegetation indexes 

are related to these products (for example, NDVI, SR, RGR, 

ARVI, EVI, BAI) including ones based on the hyperspectral 

data obtained from Resurs-P space satellite (for example, 

NDVI705, mSR705, mNDVI705, VOG1, VOG2, VOG3, 

PRI, SIPI, PSRI, WBI); 

processing level 3 products CEOS (see fig. 2) are also 

formed based on the processing level 1 and 2 products 

(CEOS classification). 

 

 
 
Fig.1: ERS information products formed on Kanopus-V MSS sensor data: on the left – 1D CEOS level product, in center and right – 2 

CEOS level products (SR and NDVI respectively) presented in pallets  

 

 

Fig.2: Mosaic coverage in false colors (NIR-Red-Green) of the Russian Federation, formed on Meteor-M KMSS sensor data  

 

Processing Platforms and Cloud Computing [Poster Session]

Proc. of the 2019 conference on
Big Data from Space (BiDS’19) doi:10.2760/848593

282 Munich, Germany
19–21 February 2019

http://dx.doi.org/10.2760/848593


3. ERS PRODUCTS FORMATION AND 

DISTRIBUTION TECHNOLOGIES 

Technological models of “Basic products bank” service 

ERS information products formation are presented in article 

[4,5]. In the frames of this article we’ll discuss the key 

technological solutions used in related processing level 

information products forming. 

Owing to the significant ERS data volumes the 

processing (as the re-projecting task) may take the 

substantial amount of CPU time. At the same time the ERS 

data structure corresponds to the matrix structure. Therefore 

it is advisable for high-productive processing to optimize the 

algorithms taking into account the characteristics of data 

structures and hardware. The use of the general purpose 

graphics processing units (GP GPU) as the hardware allows 

alignment of the data structures and the hardware 

multiprocessor architecture. OpenCL/CUDA technologies 

are widely disseminated for GPU programming.  

The technologies of 1D CEOS level products formation on 

the primary space data from the Russian Meteor-M, 

Kanopus-V, Resurs-P EO-space satellites are based on 

parallel realization of ERS data processing algorithms (for 

example, [6,7,8]) using OpenCL/CUDA technologies. In 

table 2 the results of very high resolution Resurs-P Geoton-

L1 sensor data orthotransformation based on SRTM model 

are presented using different hardware. The results of GPU 

application demonstrate the possibility of data processing in 

space information receiving mode (more than 1200 Mbit/s). 

 
Table 2: The test results of parallel processing (orthotransformation 

of the Resurs-P Geoton-L1 data) using different hardware  

 

Hardware Speed, MB/s 

Intel i7-4820K CPUx4 HTT (x2) 30 

Xeon E5-2670 v2 CPUx10 (x2) 96 

NVidia GeForce GTX 760 140 

NVidia Tesla K40c 349 

 

The formed CEOS level 1 products are fragmented on 

the scenes (on width) and archived in storage system. Such 

approach ensures the determined processing speed of any 

scene. 

CEOS level 2 products formation is based on the 

regular control of cameras radiometric characteristics. In 

articles [8,9,10] Meteor-M, Kanopus-V, Resurs-P EO-

satellite data with foreign Landsat and Terra/Aqua satellite 

data cross-calibration and comparison results are presented. 

It demonstrates the stability of cameras and possibility of 

data application for spectrometric tasks solution. 

The formation and distribution of CEOS level 2 

products (as well as level 1 products distribution) are 

realized based on the asynchronous model. That is, the 

consumers address to the geoinformation service resource, 

for example, using the graphic web-interface (fig.3), 

executing the data search in the areas of interest, browsing 

the quicklook imageries and forming the order on different 

processing level products. Then BBP GS computing 

resources provided the formation of information products 

order pack are used. The order pack downloading is realized 

by means of HTTP. The formation average time for one 

order is no more than 10 minutes. 

 

 

Fig.3: Web-interface screenshot of “Basic product bank” 

geoinformation service 

 

The ERS products distribution approach allows 

providing the balance between the appeals quantity/orders 

of the customers and accessible computing resources.  

Mosaic formation technology (CEOS level 3 products) 

includes the following stages: 1) single cartographic 

coordinate system data providing; 2) local and global 

alignment parameters estimation (taking into account the 

cloud cover masking and cut lines generation); 3) single 

imagery generation. On the picture 2 the mosaic over the 

territory of Russia is presented (in summer time of 2017), 

formed with Meteor-M KMSS data in automatic mode.  

Additionally for CEOS level 1 and 2 products formed in 

order scenes and also for CEOS level 3 mosaics the 

publication of tiles is executed (fig. 4).  

 

 

Fig.4: Tile presentation of 1D CEOS level information product 

formed on “Resurs-P” satellite KSHMSA data 
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The geoinformation service and external information 

systems and services of ETRIS DZZ integration is realized 

through program interface (web-API). Taking into account 

the open standards and interoperability, the web-API 

structure corresponds to the requirements for integration to 

the world exchange catalogues such as CWIC [12].  

4. CONCLUSION 

On the current stage it may be highlighted the main 

directions of geoinformation technologies and information 

systems development, which is oriented to the science and 

applied tasks solution in the sphere of ERS. It means the 

cloud technologies and service model of services rendering. 

The developers of satellite data processing technologies 

provide to the consumers the services oriented to processing 

efficiency and high-level information products providing 

convenience including global and regional monitoring. In 

this, the work with the services is realized through the web-

applications, working in browser and do not need the special 

software installation on the user’s work station. In view of 

the foregoing, in the article it appears that the “Basic 

products bank” geoinformation service technological 

solutions comply with marked world trends. 

Further development of “Basic products bank” 

geoinformation service is performing in the frame of ETRIS 

DZZ development in 2016-2025 in the directions of 

information products range increase based on the data of 

perspective Russian optical and radar EO-space systems, 

customer rendering service system creation (land and water 

surface monitoring, atmosphere monitoring, ecology and 

emergency situations), as well as the automatic mosaic 

formation technologies based on the Russian and foreign 

ERS space systems data. 
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ABSTRACT 

Copernicus Australasia [2] is a regional Hub supporting 

Europe’s Sentinel Online Copernicus programme within the 

South-East Asia and South Pacific region. The Hub supports 

government and commercial information requirements and 

enhances access to Earth observation (EO) data by research, 

industry and civil society, and facilitates collaboration 

between Australia, New Zealand, Europe, South-East Asia 

and the nations of the South Pacific. The Hub is hosted on 

the National Computational Infrastructure (NCI Australia) 

in Canberra, Australia, and provides free and open access to 

the hosted datasets. The NCI is Australia’s primary 

eResearch infrastructure provider, delivering the underlying 

data services, storage and compute services for the Hub. The 

Hub was established to ensure a single point of truth for 

critical EO data assets in the region as well as providing a 

coordination function for partnerships with major 

international providers of EO data. Partner organisations 

replicate subsets of the data from the Hub to store and 

maintain duplicate copies and enable business operations as 

well as contingent services if and when they may be 

required.  

The Hub enables research and development, and the 

delivery of operational Government programs. It is 

supported by the partner agencies contributions, including 

data archiving, scientific computing and storage resources, 

improved imagery corrections, calibration and validation 

activities and algorithm development. It also provides a 

mechanism for information access requirements to be shared 

within Australia, Europe and amongst other international 

partners as part of the Australian Government's commitment 

to provide greater tangible contributions to the international 

EO community and industry as per the strategy outlined in 

the Earth Observation Australia (EOA) Community Plan 

[10]. 

 

The Hub utilizes government research and digital 

infrastructure to move large volumes of satellite data across 

the globe in a timely and cost effective manner. Sponsored 

by both Australian and New Zealand government 

organisations, the Hub supports programs which depend on 

a consistent and high volume data stream from supported 

missions including: Geoscience Australia’s Digital Earth 

Australia program (DEA); Australian state government land 

cover and land management and monitoring programs; and 

several Commonwealth Scientific and Industrial Research 

Organisation (CSIRO) research programs.  

The regional Hub is established under an agreement 

between Australia and the European Union. Implementation 

of the Hub is facilitated by arrangements between the 

European Space Agency (ESA), the European Organisation 

for the Exploitation of Meteorological Satellites 

(EUMETSAT) and Geoscience Australia (GA). The project 

is operated collaboratively by Geoscience Australia, 

Queensland Department of Environment and Science, New 

South Wales Office of Environment and Heritage, Western 

Australian Land Information Authority (Landgate), CSIRO 

and New Zealand's Centre for Space Science Technology 

(NZCSST) who joined the consortium in 2018.  

Index Terms— remote sensing, Copernicus, data hub, 

Sentinel 
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1. INTRODUCTION 

 
Fig.1 Copernicus Australasia Data Hub Region of Interest 

 

Through the Copernicus Australasia Regional Data Hub 

project, Geoscience Australia, on behalf of its partner 

entities, manages a contract with the National 

Computational Infrastructure (NCI) to provide the data 

syncing, storage and access services which underpin the 

Hub’s operation. Copernicus Australasia provides user 

access to satellite Earth observation (EO) data from 

Europe’s Sentinel Online Copernicus programme in order to 

facilitate uptake and access to the data within the Asia 

Pacific region. As of August 2018, Copernicus Australasia 

stored 1.5 PB of data with an average user download 

volume of ~200 TB / month across all products. 

2. BACKGROUND 

Copernicus Australasia was primarily established to provide 

a unified Australasian approach to ensure that Sentinel data 

was regularly captured over Australia and to coordinate and 

consolidate the retrieval of Sentinel mission data from 

Europe to the Asia Pacific region. The Copernicus 

Australasia Hub provides a single point of truth in Australia 

for data from the Sentinel missions and exploits synergies 

between overlapping interests of states and national 

agencies. 

 

A secondary reason to establish the Hub was to get 

Copernicus datasets closer to the computing resource from 

which products are produced. The Copernicus Australasia 

Hub is housed within the NCI and made available through 

data services as well as the computational systems. For 

example, the Raijin supercomputer provides over 80,000 

CPU cores and the ability to process and derive national-

scale Level-2 and Level-3 products [12]. Partners also copy 

subsets of data via the data services to their own 

infrastructure to meet their individual program objectives. 

 

The Hub is an exemplar for multi-agency collaboration: 

Geoscience Australia manages the project and administers 

the contracts with partners and the facility manager; partners 

contribute financially to a share of the Hub; partnership 

provides for input to the strategic decision making as well to 

development of technical solutions and user engagement 

strategies, and; the NCI provides the data syncing and 

access capability and connectivity via Australia's Academic 

and Research Network (operated by AARNet [11]). 

Copernicus Australasia provides data syncing and access 

functions which enable free and open data online. Public 

data access is facilitated via a number of services: the 

Sentinel Australasia Regional Access (SARA [1]) portal 

which provides a map-based search and download function, 

as well as an Application Programming Interface (API) 

which enables programmatic search and retrieval of data - 

SARA is powered by RESTo (REstful Semantic search Tool 

for geospatial), a solution to searching and retrieving EO 

images from very large databases; The auscophub code 

repository [7] for users wanting to make use of the API for 

batch processing [3]; NCI’s general purpose THREDDS 

data server [13] (http://dap.nci.org.au/thredds/catalog.html), 

and; direct file system access to files on NCI’s Raijin 

supercomputer for registered users. 

3. CHALLENGES 

 
Fig. 2 Product latency comparing satellite acquisitions to 

Europe hubs(at top), and time to download to Copernicus 

Australasia (at bottom) 

 

The Hub commenced routine operations in 2018 and by 

October 2018 had delivered nearly 3 petabytes of data to 

users external to the NCI. In the nascent stages of 

establishing operations, a great deal of work was undertaken 

to improve data transfer, stability and quality of service. The 

Hub technical team worked with our counterparts at ESA to 

improve network performance and increase bandwidth 
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between ESA’s data centre in Frankfurt and NCI. ESA, NCI 

and other international partners have tuned the network for 

long distance transfer. ESA also changed the maximum 

transmission unit (MTU) size configuration on the 

International DataHub network to improve data transfer. 

Further improvement will involve tuning of not just the 

network, but also middleware and the DataHub software. 

Successful operation of the Regional Data Hub depends on 

being able to serve a complete and valid copy of regional 

Sentinel data with acceptable latency, equal to ESA’s Open 

Access Hub. Additionally, any user should be able to easily 

access update-to-date information about completeness, 

integrity and latency.  Under nominal operations, the Hub 

aims to make 90% of the data available within 24 hours of 

arriving on the European hubs (Fig. 2 provides an example 

of the Hub operating within these requirements.). 

 

MD5 checksums are used to confirm successful data 

replication and routine data checks are undertaken on the 

data to ensure consistency with European data hubs. 

 

Table 1. Copernicus Australasia supported products (2018)  

Mission Products Area of Interest 

Sentinel-1  level-0, level-1 and 

level-2 

Regional 

Sentinel-2 level-1C Regional 

Sentinel-3 level-1, level-2 

land, level-2 

marine 

Global 

 

The products outlined in Table 1 are queried every hour for 

new data in the region of interest (Fig.1). The range of 

products on offer is constantly reviewed and updated as new 

sources become available. 

4. APPLICATIONS OF SENTINEL DATA IN THE 

REGION  

Data from Copernicus Australasia is being used within the 

local region to support programs of work delivered by the 

partners, including:  

● near real-time and long-term monitoring of native 

vegetation changes and woody vegetation extent in 

support of legislative  and regulatory requirements;   

● improving the quantification of ground cover 

information for monitoring wind and water erosion 

and agricultural land management and productivity 

● modelling water quality and land condition of 

Great Barrier Reef catchments and receiving waters 

● mapping of coal seam gas physical infrastructures 

to support regulatory and activity monitoring 

● development of methodologies to monitor ground 

deformation and subsidence 

● measurement of natural water flows and monitor 

water quality both coastal and inland 

● development of “near-real-time” burnt area 

mapping and feed into fire-simulation tools to 

model fire behaviour and improve greenhouse 

emissions programs 

● mapping fire scars and fuel loading 

● development of methodologies for monitoring 

broad crop types 

● development of vegetation biomass and net 

primary productivity products to inform emerging 

market-based instruments for carbon and other 

greenhouse gas trading schemes 

● responding to, and recover from disasters 

● monitoring, detecting and characterising land, 

water and infrastructure changes across Australia 

● climate impact research and studies 

 

This work is being undertaken through programs including: 

Queensland Government’s Statewide Landcover and Trees 

Study (SLATS [5]), Land Use Mapping Program (QLUMP); 

New South Wales Statewide Landcover and Trees Study, 

Tree Clearing Early Detection, Landuse mapping program, 

and Ground cover change mapping; Western Australia’s 

Land Monitor [6], FireWatch-Pro and FireWatch Aurora,    

Floodmap,  DataWA,  and Digital Earth Australia [4] (DEA) 

- an infrastructure and service delivery program that 

provides government and industry access to standardised 

Earth Observation data across Australia, powered by 

OpenDataCube’s [8] API, for developing Earth monitoring 

and mapping applications. The DEA program also leverages 

NCI’s GSKY [9] which provides a high performance online 

data service that provides Open Geospatial Consortium 

(OGC) APIs to satellite data collections.   

5. CONCLUSION 

Copernicus Australasia was established in order to 

coordinate engagement with and access to data from the 

European Union’s Sentinel satellites. After overcoming 

significant technical challenges in its formative phase, the 

Hub is achieving its primary aim of delivering reliable and 

dependable replication of data from Europe and has become 

a point of truth for users within the Asia Pacific Region. The 

Hub has proved effective in reducing the load on European 

data hubs and has made it easier for users to access large 

volumes of data quickly. The Hub partnership has now 

grown to include membership outside Australia and has 

proven to be an exemplar model for collaboration across the 

region. Copernicus Australia is returning real benefits to its 

constituents and underpins a growing number of important 

national and state-wide activities which are realising the 

value of free and open access to Copernicus data. 
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NEW INFRASTRUCTURE & AUTOMATIC INFORMATION EXTRACTION FOR 

DISRUPTIVE SERVICES BASED ON EO PRODUCTS 

F. Tromeur  

J. Helbert 

 

Telespazio France  
 

ABSTRACT 

 
Today space based services are facing a new challenge to 

cope with a variety of sensors, and a huge quantity of data. 

To respond to these challenges, Telespazio France is putting 

in place new disruptive architectures coming from GAFAMs 
1 and algorithms based on artificial intelligence. The 

objective is mainly to bring new added value in short time at 

large scale by supporting different kinds of EO data (SAR and 

optical data) and also information coming from other sources 

such as AIS for maritime surveillance. 
 

 

1. INTRODUCTION 

 

Telespazio France (TPZF) is building a portfolio of geo-

information services to its clients from the civil and military 

domains among which the French Navy, Maritime Affairs 

from various countries, intelligence services as well as actors 

from agriculture, forestry and environment monitoring. 

These services rely on space imagery to extract valuable 

insights and to provide end users with high-level processed 

information. 

In the spirit of continuous improvement, one has to propose 

better added value and to address a larger diversity of data 

together with larger data volumes to cope with larger areas.  

Today Cloud & Big Data technologies, Artificial Intelligence 

are able to disrupt the geo-information services as they did in 

social media, and retail.  

This paper presents the solutions that TPZF has put in place 

to deal with these challenges; and concludes on the envisaged 

improvements in the future.  

 

 

 

2. STATE OF THE ART 

 

Formerly, TPZF was using a classic SDI (Spatial Data 

infrastructure) to host its geo-information services. This kind 

of system is able to ingest, index, store and visualize 

georeferenced data with a classic service oriented 

architecture. The platform was based upon virtualization to 

optimize the servers’ power and to reduce costs.  

                                                 
1 GAFAM: Google, Apple, Facebook, Amazon, Microsoft 

The fact is that this sort of architecture is not really suited for 

cloud, due to the monolithic aspect of the system and the 

difficulty to deploy it (manually following a manual 

installation). Today new devops technologies enabling to 

code the infrastructure are becoming very simple to deploy 

the system. Furthermore this technology allows to hybrid our 

infrastructure with private and public clouds in order to 

generate private data on premise and then burst them on a 

cloud; and to process huge volume of data (e.g. large volume 

of Sentinel imagery on DIAS). 

In addition, the former system was not able to process 

imagery data and had difficulties to deal with huge data 

volume due to classic SQL storage (e.g. worldwide AIS data). 

Today NoSQL databases [1] are able to treat easily such data 

in an efficient manner. 

Last, new patterns of architecture known as micro services 

bring the capacity to make the system very scalable by 

isolating simple business functions, and to horizontally scale 

the system in order to simplify the maintenance and the cost 

of the infrastructure. 

All these paradigms allow to imagine a new platform to be 

able to cope with huge data volumes, large variety of data and 

to be versatile to respond to new innovative services in the 

geospatial field. 

 

Besides, Artificial Intelligence (AI) is bringing a new 

paradigm in image processing and is fostering applications 

and services derived from Earth Observation (EO) products. 

Since early studies on neural networks showing the potential 

of learning techniques for image recognition (LeCun et al. 

[2], Figure 1), progress in deep learning algorithms based on 

convolutional neural networks (CNN) – with important actors 

from the IT such as Google, Facebook or Microsoft, offering 

algorithm frameworks and participating actively in the 

research on AI (Tensorflow, PyTorch, Microsoft Cognitive 

Toolkit…) –, hardware – with the emergence of GPU 

computing, large storage and processing capabilities (Google 

Cloud, Amazon Web Services) – as well as availability of 

large EO image catalogs (ESA SciHub, USGS 

EarthExplorer) has enabled the development of services 

based on massive image processing for environment and 

urban monitoring, security and surveillance, intelligence... 
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Figure 1. Example of LeNet-5 CNN used for handwritten 

digit recognition, from LeCun et al [3].  

 

 

2. SERVICE REQUIREMENTS 

 

To be efficient, monitoring and surveillance services require 

to download and to process numerous images on a regular 

basis and potentially over large areas so as to provide useful 

added value information to the end users. In the case of 

maritime security Sentinel-1 & 2 images are regularly made 

available through several dissemination sites (e.g. SciHub), 

which represent thousands of images available each year. 

Furthermore AIS data are recovered in NRT and require high 

level performance tools to decode the AIS frames efficiently 

without any bottleneck. This leads to the necessity of 

developing dedicated infrastructures and software to be able 

to process the data as soon as a new image is available, in a 

near real time approach so as to provide the users with new 

products without delays. Consequently infrastructures 

enabling large storage capabilities, fast and automatic 

processing are required. 

 

 

4. INFRASTRUCTURE DEVELOPMENT 

 

Objectives 

 

In order to deal with these challenges TPZF have put in place 

a new geo-platform called STORM. It is a homemade product 

built for its own geospatial services; in particular for its 

maritime surveillance services. It has the capacity to ingest, 

index, store, and display geo data (satellite imagery, IoT data, 

positioning data), through space and time. Moreover the 

system is able to host processing, to create added-value 

information from raw data with dedicated algorithms (e.g. AI 

algorithms for object detection in remote sensing images). 

The platform is entirely designed taking into account new 

cloud and big data technologies.  

Five challenges have been addressed:  

1. Solve the problem of velocity for the AIS ingestion; 

2. Have a more versatile system to follow incremental 

business development, reducing the time to market; 

3. Have several clients/projects on a unique platform; 

                                                 
2 Safe : https://www.scaledagileframework.com/ 

4. Be able to process huge volume of EO data; 

5. Be able to deploy a processing chain on a public 

cloud to minimize costs.  

 

  

Methodology 

 

To support all the developments an agile methodology 

following SAFE2 framework has been put in place. All the 

R&D and evolutions of the platform are pushed by the 

business with the product manager and the business owners. 

Then the architect together with the scrum master and team 

design develop the system according to an incremental 

approach (Sprint, Release). This allows to fit strictly to the 

needs and to avoid techno-push effect.  

 

Architecture 

 

The chosen architecture relies on micro services [6] being 

able to isolate each business function and to simplify the 

evolving maintenance.  

We have also chosen the Docker technology which is a 

container solution to isolate functional service and algorithms 

from the platform (OS, libraries). This disruptive new 

standard is a cornerstone to bring a cost effective solution for 

processing deployment and to ease the deployment on 

whatever cloud solution. 

A message bus based upon Rabbit MQ technology 

orchestrates all the processes from the image ingestion to the 

dissemination of a result or report.  

 

To be able to address multiple clients of the same platform 

and to guarantee the strict separation of data, we have put in 

place a SSO (Single Sign On) solution. This multi-tenant 

architecture is based upon the keycloak solution. 

 

To deal with huge data volume (e.g. AIS data, object 

detections on satellite imagery) we set up a noSQL database, 

Elastic Search, able to index geospatial data in a simple 

manner offering the capacity to retrieve data in an efficient 

way. Moreover this solution is scalable on multiple servers. 
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Figure 2 - Overview of the STORM Platform 

Architecture 

The infrastructure is composed of three subsystems:  

1. STORM Portal to visualize 2D data and to 

communicate with the end user (requests/results). It 

is based upon Angular 5, Openlayers 3 for the GIS 

component; 

 

2. STORM Engine with: 

• Storm Feeder to ingest all sorts of data: EO 

data (Sentinel, Pleiades, COSMO-

SkyMed, TerraSAR-X, RADARSAT-2, 

SPOT), AIS (NMEA/VDM), Vector Data 

(KML, shapefile), Raster Data (RNC S61, 

GeoTIFF, JPEG 2000), 

• Storm Catalog to index & store data, with 

respect to opensearch standard, 

• Storm Map to disseminate georeferenced 

data with respect to OGC standards (WCS/ 

WMS) and TMS, 

• Storm Processing to launch and to monitor 

the processing and to expose them with 

OGC WPS standard (coming soon); 

 

3. STORM PaaS to host the whole software in a cloud 

agnostic architecture. It is based upon cutting edge 

open source technologies. Its architecture is cloud 

ready with Marathon/Mesos and Docker 

technologies. These frameworks allow to have a 

scalable & cloud agnostic platform: unlike HPC 

architectures which are static and need very 

performant nodes and networks to perform, cloud 

architectures are horizontally scalable, dynamic (it 

is easy to add nodes when needed), and only need 

basic server to perform. Last, STORM PaaS also 

benefits from the “Infrastructure As Code” 

technologies (Cobbler, Terraform, Ansible) to do 

the provisioning and the bootstrapping of the 

platform in premises or on a public cloud.  

 

 

5. PROCESSING CHAIN 

 

The processing chains developed for maritime security 

services leverage the availability of large and continuously 

growing amounts of images from satellite constellations such 

as Sentinel. Every image available over the area and period 

of interest of the user is downloaded and processed 

automatically in order to generate the value added products. 

In the case of object detection – in optical or radar images – 

the processing algorithms are based on recent machine and 

deep learning techniques developed for computer vision, 

precisely these algorithms make use of CNNs in order to 

classify and to localize the objects in the scene. The 

techniques and networks used in our services have been 

developed in-house or benefit from published algorithms 

such as YOLO, faster-RCNN ([4], [5])... The networks have 

been trained with a ground truth dataset composed of 

thousands of ship thumbnails stored in a homemade database 

populated from visual inspection of satellite images by our 

remote sensing analysts. The quality of the ground truth as 

well as the diversity of the objects present in the database 

allow to detect a large variety of ships, from fishing ships to 

large tankers, under various sea state conditions, from calm 

seas to rough conditions. 
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Figure 3. Automatic ship detection in a Sentinel-2 image 

acquired over the Singapore straight (top: entire tile 

showing detected ships in green; bottom: zoom on red 

square visible on top). 

 

6. RESULTS 

6.1. Infrastructure 

 

This new architecture allows to deal with high volume of 

imagery, and process in real time worldwide AIS data thanks 

to the Elastic technology. The docker and cloud techniques 

have really disrupted the way algorithms can be developed, 

tested, deployed and scaled on the cluster; as a consequence 

the “commoditization” of the hardware reduces the global 

owning costs. 

Moreover the infrastructure as code technologies has reduced 

with a scale factor the provisioning and bootstrapping of 

machines. It takes only 30 minutes to deploy the whole TPZF 

cluster in a standard configuration.  

 

6.2. Algorithms 

 

In the context of maritime security and surveillance, the 

object detection algorithms implemented in the TPZF 

services provide end users with reliable information on 

exclusive economic zone visits for fighting against illegal 

fishing. These algorithms have proven their efficiency in 

terms of accuracy and speed. Performances obtained on ship 

detection are better than 80% in Sentinel-2 optical images and 

about 95% in Sentinel-1 radar images. These performances – 

recall values – are really good since they have been compared 

with ground truth datasets including very small ships hardly 

visible in the images (especially the optical images) and 

under very different sea conditions. Processing times range 

between 45 seconds to 20 minutes depending on the 

implementation used. Detection of all the objects of interest, 

which are small objects compared to spatial resolution, in 

very large images and very high variety is still a challenge. 

AI is progressing continuously and better performances can 

be expected from improvement of algorithms, learning 

techniques and hardware. 

 

7. CONCLUSION 

 

TPZF has put in place an innovative solution to serve its own 

business and its customers. The methodology and the 

architecture allow to shorten the time to market. It also opens 

new fields and possibilities with smart processing on huge 

areas. Moreover, customers can benefit from near real time 

services thanks to the automation of image processing with 

AI algorithms. All this at lower cost due to OPEX reduction. 

Next steps are the enhancement of AI algorithms in terms of 

accuracy and speed, as well as the improvement of the 

architecture including the optimization of data storage and the 

addition of image streaming. Automation of the cloud 

bursting depending on customers’ requests is also envisaged.  
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ABSTRACT 

In order to support users in extracting value from data from 
Earth Observation satellites and performing research 
involving trend-analysis over long periods of time, the 
European Space Agency has specified use cases and 
requirements and developed an architecture for a Heritage 
Mission Valorisation Environment (HM-VE). Heritage data 
are extremely valuable for long time-series studies such as 
those concerning climate change, due to their uniqueness, 
temporal coverage and the impossibility of collecting further 
observations back in time. The paper highlights how Heritage 
Mission data is relevant to the Big Data theme – particularly 
its Value, Variety and Volume - and then presents the main 
requirements for the environment, as well as the proposed 
architecture, emphasizing how ESA’s long-term investment 
in the Research and Service Support service plays a role, 
particularly for the use cases related to hosted processing. 

Index Terms — Heritage Missions, Time-series 
analysis, Valorisation, Research 

1. INTRODUCTION 

As part of its Heritage Data Programme (LTDP+), the 
European Space Agency has a mandate to promote the usage 
and exploitation to the maximum extent and in the easiest 
way possible of its Heritage Mission data holdings. Such 
mandate stems from the value perceived in said holdings by 
its Member States. Indeed, given that observations are, by 
definition, unique and that it is impossible to go back in time 
to take a snapshot of an area of particular interest, data from 
Heritage Missions such as ERS and ENVISAT are the only 
resource available to climate researchers and scientists 
wanting to understand changes and trends spanning several 
decades, starting from the 1990s and even before – the 
LTDP+ programme manages Third-Party mission data 
starting from the late 1970s. And this is in spite of limitations 
such as limited geographical coverage or revisit times and 
very low-resolution for today’s standards – having such data 
enables scientists to perform analyses and compare their 
results over decades, not possible otherwise. Putting this in 
relation to the five Vs of Big Data – Velocity, Volume, Value, 
Variety and Veracity – it is evident that data from Heritage 
Missions has high Value, but it is also characterized by high 

Variety (multiple, heterogeneous missions and sensor types 
are in scope) and even Volume. In effect, although the total 
data volumes pertaining to Heritage Missions cannot be 
considered large for the current era – and this problem will be 
perennially smaller -, they are so in relative terms (full 
mission lifespan). 
 Without proper tools and services that can help mine 
and extract the value within the data, as well as putting it in 
context to the most recent one, there is a clear and large risk 
that this value is not adequately exploited. Several initiatives, 
ESA and otherwise, such as the Thematic Exploitation 
Platforms (https://tep.eo.esa.int/) or projects developed in the 
EU Framework Programme and H2020 context ( https://ever-
est.eu/, http://www.geoportal.org/) have addressed such 
issues targeting the missions and thematic areas most relevant 
to their project scopes, and have played an important role in 
advancing the technology required for this. Yet, relatively 
little focus has been dedicated specifically to the Heritage 
Missions. 
 In order to tackle this gap and pursue its mandate, 
ESA has gathered a set of use cases, specified a set of 
requirements and established an architecture for a so-called 
Heritage Mission Valorisation Environment (HM-VE). 
Valorisation is one of the five pillars of the LTDP+ 
Programme, which are introduced in the next section. 

2. THE 5 PILLARS OF THE LTDP+ PROGRAMME 

The Heritage Data Programme encompasses five 
strategic pillars that include all the functionality that needs to 
be covered by the LTDP+ supporting infrastructure. The 
figure below shows these five pillars: Preservation, 
Discovery, Access, Valorisation and Exploitation. Although 
the specified environment focuses on the Valorisation pillar, 
and some pillars like Preservation are only marginally or 
indirectly addressed, the set of use cases and requirements 
also covers aspects of Discovery, Access and Exploitation 
which are relevant for Valorisation. 

Valorisation is explicitly distinguished from 
Exploitation on one hand to clearly focus the nature of the 
environment on the aspect of preparing data and extracting 
value from it, without actually exploiting it, on the other hand 
to highlight that the actual exploitation of the data is a higher-
level concern, to be done downstream. 
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FIGURE 1: THE 5 PILLARS OF THE LTDP+ PROGRAMME 

3. SCOPE OF VALORISATION 

The term “valorisation” may be subject to several 
interpretations. Therefore, it is important to define the 
meaning with which it is used, particularly when applied to 
Heritage Mission data and an environment for its 
valorisation. 

First of all, it is considered that such a valorisation 
environment needs to encompass end-to-end functionality. 
Therefore, basic data and associated knowledge search and 
access use cases are included, even if those alone are not at 
the core of valorisation (they are founding pillars). However, 
it is possible that innovative ways of implementing search and 
access may add value in their own right, therefore 
contributing to the overall valorisation goal. 

Secondly, valorisation is deemed to entail, at its 
simplest but most important level, some kind of data 
processing. In fact, it is assumed that most valorisation comes 
as a result of processing, which may be extremely simple - 
just deriving a single parameter from a product or generating 
a higher-level product using standard inputs - or extremely 
complex, consisting of the chaining of dozens of different 
algorithms, which more often than not will be in a state that 
renders integration difficult and requires substantial 
engineering work (it can be argued that in this case the 
valorisation will come not only from the end result – the 
processing chain – but also from the engineering work). Even 
a concept such as data fusion, which may not be understood 
as processing, involves and is made possible through 
processing (either the one which adapts the data - or extracts 
the part of interest - to enable fusion, or the one which takes 
different inputs to create a uniform output). 

Finally, valorisation is also considered to include 
use cases such as quality-checking and quality-flagging 
(making such information available to the whole 
community), simple extraction, as well as new product and 
visualization formats generation. Such use cases, which can 
also be seen as forms of processing, are also contemplated. 

4. MAIN USE CASES AND REQUIREMENTS 

The figure below depicts how use cases have been organized. 
The logic is hierarchical, i.e. at the bottom level are the basic 
capabilities – search and access -, in the middle are use cases 
concerned with data preparation and processing, at the top are 

use cases concerned with visualization and valorisation, and 
at the highest level are the policy & decision making use 
cases, which represent the ultimate goal of the Heritage 
Mission data valorisation functionality, that is to enable 
policy and decision makers to act based on relevant, 
complete, accurate and large-scale information. 

 

 
FIGURE 2: VALORISATION USE CASE ORGANIZATION 

 For reasons of brevity, the use cases and 
requirements related to search and access are not discussed in 
this paper and only brief information is provided about the 
other ones, by means of the table below. The table is not 
exhaustive but attempts to capture the most important use 
cases and requirements. 
 

Use Case Requirements 
Evolution trends • Integration of visualization 

tools with other functionality; 
• Visualization of evolution of 

parameters of interest over time, 
regardless of mission, on local 
and global scale. 

Tool availability • Visualization collocated with 
access/processing capabilities, 
to avoid need for separate tools. 

Basic visualization • Zoom in/out, sub-setting, 
clipping; 

• Access collocated with 
processing, to avoid download 

Parameters of interest • Adapt visualization mechanism 
to parameter being visualized 
(type, dimension, geographic 
and temporal granularity) 

Primitive operations • Apply interpolation and 
extrapolation across time 
(trend) and space (image); 

• Apply mean, difference, 
addition, superposition, 
correlation to relatable results 

On-demand processing • Browse available algorithms to 
run on-demand over data subset 

• Provide own algorithm to run 
on-demand over data subset 

Large-scale processing • Provide own algorithm to run 
systematically over data subset; 

• Make algorithm available to 
others 
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Global processing • Run algorithm on full 
geographical extent of the world 

Quality checking • Access data quality indicators; 
• Flag and validate data quality 

issues; 
• Add flagged and validated 

issues to data as metadata; 
• Track validation of flagged data 

quality issues 
Simple valorisation • Annotate data by adding/editing 

metadata 
Valorisation by processing • Add information produced or 

deduced by processing to data 
as metadata 

New product generation • Generate new data products 
(private or public); 

• Define new data products 
specifying starting inputs, aux 
data and processing algorithm 

Data preparation • Have tools available and use 
them to prepare and reorganize 
data for subsequent processing 
or advanced access 

Climate analysis, Soil 
subsidence (as example) 

• Search for parameters of 
interest regardless of missions 
and product types involved 
(local and global scale); 

• Extend support to new missions 
by configuration, taking 
advantage of similarities 
(different generations of same 
optical/radar sensors, common 
spectral bands); 

Long time-series • Pixel or n-dimension subset 
access (not only full products); 

• Explore pre-defined time-series 
of parameters of interest (last 
1/3/6 months, last 1/5 years, last 
decade, maximum); 

• Configure new or edit existing 
time-series of parameters of 
interest; 

TABLE 1: HM-VE MAIN USE CASES AND REQUIREMENTS 

5. ARCHITECTURE 

The figure below shows the conceptual architecture of the 
HM-VE, which organizes the functionality specified in the 
requirements into five functional blocks: 
 

• DISC – Discovery: grouping all functionality 
relating to the discovery of data collections, data 
products, knowledge items (documents, videos, etc.) 
and services; 

• ACC – Access: grouping all functionality that 
allows users to gain access to data collections (in the 
form of metadata), data products, knowledge items 
and services; 

• VIZ – Visualization: grouping all functionality 
pertaining to the enhanced visualization of data 
products, long multi-mission time-series, climate 
phenomena, etc.; 

• PREP – Data Preparation/Valorisation: grouping all 
functionality concerned with data preparation and 

value extraction, which is tightly related to 
processing; 

• PRO – Data Processing: grouping all functionality 
that enables data to be processed. In general, this 
means hosted, not local processing, given the large 
timeframes, data volumes and geographical areas 
(e.g. global coverages) involved. 

DISC - Discovery
(Data, Collection, 

Knowledge, 
Service)

ACC – Access
(Data, Collection 

Knowledge, 
Service) 

PREP – Data 
Preparation/
Valorisation

PRO – Data 
Processing

VIZ - 
Visualization

External 
User

Data 
Curator

 
FIGURE 3: PRELIMINARY ARCHITECTURE OF THE HM-VE 

Two different user types are considered – External Users and 
the Data Curator. The needs of the latter have higher priority. 

6. RESPONSE TO BIG DATA CHALLENGES 

As mentioned in the introduction, Heritage Mission data is 
characterized by high Value and Variety, two of the main 
challenges of Big Data. 

The high Value stems from its uniqueness, temporal 
coverage and the impossibility of going back in time to gather 
further observations. This challenge can be addressed by 
providing users with simple and adequate search and access 
mechanisms, ways of extracting value from the data 
(preparation, valorisation and processing) and visualizing it. 
All this functionality is contemplated by the architecture 
introduced in the previous section. 
 The high Variety is a natural consequence of the 
global temporal span of the missions in scope – 40 to 50 years 
- and their heterogeneity - different sensor and product types, 
different instrument generations, different data rates, 
resolutions, swath sizes and geographical coverages. This is 
a difficult challenge to tackle but the proposed architecture 
takes this consideration on board by grouping the data 
preparation and valorisation functionality, making it a pre-
requisite for further processing and advanced access 
mechanisms (e.g. datacubes). To be able to deal with such 
large Variety, the environment needs to ensure that data is 
previously examined and prepared, pre-processed, re-
organized and re-formatted as necessary, both through 
manual steps and through dedicated software functionalities 
(e.g. a harmonization layer). 

Very importantly, there is a specific requirement for 
the HM-VE that it shall be possible to extend support to new 
missions by configuration, taking advantage of similarities 
(different generations of same optical/radar sensors, common 
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spectral bands). The ability to bring in new missions is clearly 
necessary because the set of missions managed by the LTDP+ 
programme is dynamic (they come into scope 5 years after 
conclusion of in-orbit operations). However, this means 
additional heterogeneity and Variety, which cannot be easily 
predicted beforehand, and thus requires the HM-VE 
implementation to be very flexible. It has to be able to 
register/import the new data and then allow users to include 
it as part of analyses across different missions, i.e. ensure it is 
seamlessly integrated into the existing user flows and 
interfaces. 

7. IMPLEMENTATION STRATEGY 

Having established an architecture, it should be mentioned 
that ESA has important starting constraints for the 
implementation of such an environment. First and foremost, 
the implementation strategy shall be based on heavy re-use of 
all existing ESA – and in particular the Earth Observation 
Programme directorate - infrastructure and services, which 
represent decades of ESA Member State investment. Apart 
from the obvious motivation of building on previous 
investment, there are two other reasons for this strategy: the 
first one is the desire not to “re-invent the wheel”, as there is 
a wealth of know-how and technology within ESA that needs 
to be taken advantage of; the second one are the LTDP+ 
programme budget constraints, which prevent the 
undertaking of large implementation projects. It is, in fact, 
key to the success of the HM-VE that a proper gap-analysis 
is performed and an appropriate re-use strategy is employed. 
 The operations of the Heritage Missions managed 
by the LTDP+ programme currently rely on several elements 
(hardware/software) of the Earth Observation Multi-Mission 
Payload Data Ground Segment (EO PDGS). Whilst several 
elements of this PDGS can be no doubt employed as part of 
the HM-VE, there are also services funded by ESA that play 
a current role in these operations and should play a role in the 
HM-VE. One of those services is the ESA Research and 
Service Support (RSS) service ([1]), which since years 
supports EO researchers in the data processing algorithm 
development and integration phases as well as in running 
(hosted) processing campaigns using those algorithms. This 
process is actually key in the valorisation of Heritage Mission 
data ([2], [3]). 

The ESA Research and Service Support (RSS) 
service has the mission to support the exploitation of Earth 
Observation data, by providing: 
 

• flexible and customizable solutions useful during 
the algorithm development phase; and 

• scalable cloud-based processing solutions that can 
be tailored and configured in accordance with the 
requirements defined by the 
user/stakeholder/project, for on-demand processing 
on limited datasets as well as for massive processing 
campaigns (e.g. decades of EO data). 

Given its nature, RSS is particularly suited for the 
‘on-demand processing’, ‘large-scale processing’, ‘global 
processing’, ‘valorisation by processing’ and ‘new product 
generation’ use cases and respective requirements from Table 
1, among others. Currently, RSS services already respond to 
part of these requirements. 

In particular, on-demand, large-scale and global 
processing related requirements are supported, as well as 
those concerning the generation of new products. As a matter 
of fact, existing RSS scalable solutions enable the EO user 
community on the one hand to run on-demand their own 
algorithms and on the other hand to run the same algorithms 
systematically over selected areas of interest (data subset). 
Further scaling-up to the global level is supported as well, 
thanks to the infrastructure independent  RSS flexible service 
model virtually capable to resort to any capacity provider.  
Besides the direct use of own algorithms either for on-
demand or for large/global processing, RSS users can make 
their algorithms available to others, and of course browse 
available (i.e. made available by others) algorithms and run 
them over selected data subsets. 

Regarding the generation and the definition of new 
products, RSS users have the possibility to use available 
algorithms specifically designed for such aim. Alternatively, 
users can provide new algorithms, specifying as well inputs, 
auxiliary data, orchestration rules and other relevant 
information defining the desired output, and run them as 
needed to generate new products. 

8. CONCLUSIONS 

This paper has described on-going work at ESA to specify 
and implement a Heritage Missions Valorisation 
Environment, which will be realised by re-using existing 
ESA EOP infrastructure and services. Requirements and use 
cases have been gathered and an architecture proposed, 
placing high priority on the needs of the Data Curator user 
type. Implementation is planned to take place during 2019. 
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ABSTRACT 

For CNES archives, SITools2 and SIPAD-NG are the current 

two main systems used to manage space mission data. 

However, the architecture of these tools are now becoming 

obsolete due to the new needs of long term data preservation: 

cloud-type architecture to handle the amount of data and 

performances of archives functions, open data policy to 

implement some interoperability standards.  

The new system REGARDS (REnewal of Generic tools 

to Access and aRchive Space Data) has been developed to 

address these new needs to merge the functions of SITools2 

and SIPAD-NG. 

In this paper we will present successively: the context of 

the CNES archives, the REGARDS characteristics 

(functions, architecture, framework), the main OAIS (Open 

Archive Information System)  functions as implemented by 

REGARDS (ingest and storage, catalog, access), the 

deployment aspects and the short term planning. 

  

Index Terms— Preservation, Long-term archive, OAIS, 

Web services, Web architecture, Interoperability, Scalability 

1. CONTEXT 

CNES manages a large variety of space missions, addressing 

various topics from Earth Observation to Astronomy, as well 

as physical sciences and technology. Data produced during 

these missions can be processed, archived and distributed 

either by CNES or by scientific laboratories. 

CNES or partners Data Centers are responsible for the 

long-term preservation of all the data produced by these 

missions, see Ref [1] for more details.  

These Data Centers (CDPP : French Data Center for space 

Plasma Physics), MEDOC (Data Center for Solar Physics 

Data), CADMOS (Data Center in the microgravity domain), 

AVISO (Data Center for altimetry missions), SERAD (Data 

Centre for other space missions) are based on two main tools 

(SITools2 (http://adsabs.harvard.edu/abs/2012ASPC..461..821M) and 

SIPAD-NG (http://vds.cnes.fr/VDS-Sipad.html)) which are 

becoming obsolete. 

 

REGARDS is the next generation of Catalog Access 

Systems. It merges the functions of the SITools-2 and 

SIPAD-NG tools (see Ref [2]). The targeted main objectives 

of REGARDS are the following: 

- Have a unique tool to optimize development and 

maintenance costs, 

- Be able to cope with huge data volumes expected 

from space missions in the 2020 and beyond (see 

Figure 1), 

- Address the interoperability needs, 

- Meet the need to bring the processing as close as 

possible to the data, 

- Make it an open source software (under GPLv3 

license), 

- Get a true ground segment product with high 

capabilities of configuration and adaptability aiming 

to be implemented in Mission or Data Centers located 

at CNES or in partner laboratories 

- Be compatible with a cloud-type architecture 

 

 
 

Figure 1: Archive evolution in CNES 

 

REGARDS will also contribute to better implement the 

FAIR principles for CNES Archives: 

- Findable: better referencing of CNES archives  

- Accessible and Interoperable: pertinence of search 

and selection tools, compatibility with standard 

protocols of interoperability 

- Reusable: standard metadata descriptions, 

documentation, services (visualization, web 

processing services) 
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2. REGARDS FUNCTIONS  

 

REGARDS main functionalities rely on the OAIS model for 

long-term preservation and access to digital data, as shown in 

Figure 2. 

 
Figure 2: REGARDS functions 

 

In addition to the long term storage capability of data, 

REGARDS also offers functionalities:  

- To facilitate the system administration in a simple and 

ergonomic way. 

- To launch back-end processing through standard 

protocols (WPS: https://www.opengeospatial.org/standards/wps, 

UWS: 

http://www.ivoa.net/documents/UWS/20161024/index.html). 

- To be supervised.  

3. REGARDS ARCHITECTURE 

REGARDS relies on a web-oriented architecture. The 

‘frontend’ (client application) has access to the ‘backend’ 

(services) through a gateway. The ‘backend’ is composed of 

several Java micro-services. Each micro-service is a web 

server providing REST endpoints (Figure 3).  

 

Each micro-service matches an elementary REGARDS 

function (single accountability) and has its own context of 

execution and its own configuration (modularity). It is built, 

tested and deployed separately from other services 

(modularity, serviceability, scalability) and provides a REST 

API which relies on a service contract. 

 

Such an architecture enables REGARDS to allocate at 

best the needs in terms of horizontal scalability: several 

sessions of the same service can be simultaneously deployed 

on the System, allowing it to bear load spin-up thanks to a 

“load balancing” mechanism. Such a functioning allows the 

System to be highly fault-tolerant and enables REGARDS to 

absorb the different mission loads. It allows high-

performance ingestion of data and metadata available from 

providers, either in standard or non-standard formats. In this 

way, it allows to valorize metadata through upgrade and to 

provide them to the community thanks to standard protocols 

of interoperability and advanced search interface (Open 

search with the Geo and Time extensions and the parameter 

extension, Faceted search, multiple geospatial projection 

support). 

 

 
Figure 3: REGARDS architecture 

 

4. REGARDS FRAMEWORK 

REGARDS is a highly customizable and adaptable 

framework:  

- The administration web GUI (Graphical User Interface) 

provides high customizable capabilities (data model 

definition as in Figure 4, ingest and storage configuration, 

user interface configuration, …) 

 

 
Figure 4: REGARDS administration GUI 

 

- Plugins are used to adapt each component (micro-services 

or frontend) to the characteristics of the mission or data 

center (see Figure 5). For instance, a plugin can be 

developed to transform data and provide it in the expected 

format of the Ingest Micro-service. Another example, is 

to build a plugin to expose the catalog interface in 

ISO19115 to allow the harvesting from other earth 

observation data catalogs. 
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Figure 5: REGARDS plugins 

 

- Extensions can be created to provide a new function to 

REGARDS (see Figure 6). An extension will expose new 

REST web services which would be aggregated to the 

public API. 

 

 
Figure 6: REGARDS extensions 

5. INGEST AND STORAGE 

The backend micro-services are constituted by chaining 

steps, where each step is implemented by a plugin. The Figure 

7 shows this principle. 

The “Data provider” micro-service transforms data 

provided by an external service into a Submission 

Information Package (SIP).  

The “Ingest” micro-service transforms a SIP into an 

Archive Information Packages (AIP). 

The “Storage” micro-service stores AIP. 

 

 
Figure 7: Ingest and Storage functions 

6. CATALOG 

The Catalog is based on an Elastic Search database which can 

be fed by two kinds of data sources: 

- Internal “data sources”  

- External “data sources”. 

Each data source is indexed and made searchable through 

dedicated plugins via “Data management” and “Access” 

components (see Figure 8). 

 

 
 

Figure 8: REGARDS Catalog 

 

7. ACCESS 

The access function includes three parts: user interface 

configuration, interoperability access and data ordering. 

 

User Interface configuration:  

For each mission to be archived with REGARDS, the data 

(products) to be archived and distributed, criteria to search 

available data for users and web GUI look and feel need to be 

defined. This process is iterative with the project team and the 

REGARDS team specialized in long term archiving. 

This process is facilitated by the structuration in modules. 

Each module is a plugin: the construction of the user interface 

is done without any development, directly by assembling 

modules. 

 

Data ordering: 

The ordering (order micro-service) provides access to the 

data either through the local archive or through the external 

“data sources” (URL or web services processing). The data 

download can be synchronous or asynchronous (ie. with the 

possibility to process the data (processing micro-service) or 

in case of high volume to download it as a background task).  

Dedicated plugins can be developed depending on the 

exposed services of the “data source”. 
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Interoperability access (example of MIZAR cartographic 

component): 

REGARDS cartographic component for visualization is the 

OpenSource product MIZAR 

(https://github.com/MizarWeb).  

MIZAR can be embedded in the REGARDS GUI and be 

connected to REGARDS catalog using the exposed web 

services (Opensearch web services). Doing so, the users can 

research data from REGARDS using MIZAR GUI and its 

cartographic search capabilities. 

Selected products can then be ordered (to be downloaded) 

by users through MIZAR, using the order capabilities of 

REGARDS. 

MIZAR is able to interface several catalogs and could be 

used to provide search capabilities into various catalogs 

including different REGARDS projects or external catalogs. 

 

 
 

Figure 9: MIZAR Interface (SCO - Space Climate 

Observatory demonstrator) 

8. REGARDS DEPLOYMENT 

REGARDS can be deployed on one single server or it is 

possible to separate the deployment of its components on 

several servers. It is also possible to deploy only a part of the 

micro services. 

REGARDS is compatible with a cloud-type architecture, 

based on virtual machine servers: each micro service can be 

deployed in one or more instances on one or more servers, for 

instance: 

- Ingestion, ordering and restitution services on one 

server 

- Data access service on another server 

- COTS (Rabbit MQ, Elastic Serarch) on a last server  

REGARDS is deployed using the IZPack tool and the 

installation can be done with an MMI or in full command line 

mode. This mode will allow the deployment of REGARDS to 

be encapsulated and to be fully automatic. With this objective 

in mind, the deployment using Ansible or Docker, will be 

available in the future versions of REGARDS. 

Sources and documentation are available here 

https://github.com/RegardsOss. All APIs provided by 

REGARDS are available, and the documentation will provide 

tutorials for developers who would like to develop plugins 

and integrate them 

 

 

9. DEPLOYMENT AND MIGRATION PLANNING 

All missions currently using the SIPAD-NG will be migrated 

to REGARDS. In addition, new CNES projects will use 

REGARDS to archive and distribute their data. Hereafter are 

the milestones of REGARDS development, migrations and 

new deployments: 

 Nov 2015: development start 

 Oct 2018: REGARDS V3 including all main 

functionalities (Ingest, Catalog, Storage, Access) 

 2019: deployment at ONERA for MICROSCOPE 

mission data 

 Mid-2019: REGARDS V4 

 2020: all migrations finished (CDPP, SERAD, 

CADMOS, SMOS Ifremer, Altimetry (SSALTO, 

CFOSAT), IAS Orsay),  

 2020: Deployment for SPOT (SPOT World Heritage) 

 2021: Deployment of MICROCARB and SWOT 

catalogs 

 2022: Deployment for PLEIADES World Heritage 

 

10. REFERENCES 

 

[1] Evolution of CNES Tools and Processes for Long Term 

Preservation of Space Science Data, PV 2018, RAL-CONF-2018-

001 

[2] REGARDS: the new CNES generic system to access and 

archive space data, PV 2015 Conference 

[3] CCSDS The Consultative Committee for Space Data Systems, 

“Reference Model for an Open Archival Information System 

(OAIS)”, CCSDS publication [online database] 

[4]  OGC OpenSearch Extension for Earth Observation, 

docs.opengeospatial.org/is/13-026r8/13-026r8.html 

[5]  OpenSearch Parameter Extension, 

http://www.opensearch.org/Specifications/OpenSearch/Extensions/

Parameter/1.0 

Data Hubs, Catalog, and Preservation [Poster Session]

Proc. of the 2019 conference on
Big Data from Space (BiDS’19) doi:10.2760/848593

300 Munich, Germany
19–21 February 2019

https://github.com/MizarWeb
https://github.com/RegardsOss
http://docs.opengeospatial.org/is/13-026r8/13-026r8.html
http://docs.opengeospatial.org/is/13-026r8/13-026r8.html
http://docs.opengeospatial.org/is/13-026r8/13-026r8.html
http://docs.opengeospatial.org/is/13-026r8/13-026r8.html
http://dx.doi.org/10.2760/848593


DISTRIBUTING BIG ASTRONOMICAL CATALOGUES WITH GREENPLUM 

Pilar de Teodoro, Juan González, Sara Nieto, Jesús Salgado  
European Space Astronomy Centre, Madrid, Spain 

 
 

ABSTRACT 

When there is no option to continue scaling up resources, 
there is a need for scaling out. At the ESAC Science Data 
Centre (ESDC) we envisage a growth of the archive data 
stored in operational databases from 25TB up to 50TB in 3 
years. The current technology used, which is an open source 
relational database system, vanilla PostgreSQL will not be 
enough to keep the data and maintain good performances. In 
order to fulfill the user requirements for the different 
missions with such big amounts of data, and demanding 
heavy queries, distributed databases will be necessary. After 
testing other flavours of distributed PostgreSQL such as 
Citusdata and Postgres-XL, we investigated Greenplum in 
its commercial and open source flavours. This paper 
completes a number of tests performed with Gaia DR1, DR2 
catalogues and a Euclid simulated catalogue with the aim to 
check the feasibility of the solution. 

Index Terms—ESDC, database, PostgreSQL, 
Greenplum, distributed databases, scale-out solution 

1. INTRODUCTION 

At ESDC there is a need to evaluate if all our databases 
could run on a single platform and allow joins between 
different missions catalogues. It is not only the size of the 
data on the database but also how it is queried. Partitioning 
data on a single machine may be not enough and running 
queries on multiple nodes multiplying the number of cores 
will be necessary. The investigation of distributing 
databases with Greenplum at ESDC started in 2012 in 
Amazon EC2 for the Gaia mission archive. A scale-up 
solution was chosen at that moment due to the size of the 
first data releases. We have retaken the investigation with 
the Greenplum improved version in 2018. Previously and as 
reported for the BIDS’17, we completed the study for two 
other flavours of PostgreSQL distributed databases: 
Postgres-XL [1] and Citus data [2]. The three solutions are 
grounded on a common base, one master node, which 
orchestrates and several nodes where the data resides in 
PostgreSQL instances and which provides the possibility to 
scale the size of the database by adding more nodes. All of 
them use massively parallel processing (MPP) techniques. 
Tests on Postgres-XL and Citus were reported in [3] 
nevertheless we introduce the basics for understanding the 
three solutions explored in the following section. Also at the 

end of this paper we will make a comparison summary. In 
the other sections an overview of the tests run on Greenplum 
are explained with their conclusions. 

2. SOLUTIONS EXPLORED 

2.1. Greenplum 

The open source and commercial Greenplum Database 
(GPDB) cluster consists of a master node and segment 
nodes. All of the data resides on the segment nodes and the 
system catalogue information is stored in the master nodes. 
Segment nodes run one or more segments, which are 
modified PostgreSQL database instances and are assigned a 
content identifier. For each table the data is divided among 
the segment nodes based on the distribution column keys 
specified by the user in the data definition language. When a 
query enters the master node, it is parsed, planned and 
dispatched to all of the segments to execute the query plan 
and either return the requested data or insert the result of the 
query into a database table. The Structured Query Language, 
version SQL:2003, is used to present queries to the system. 
Transaction semantics comply with constraints known 
as ACID (atomicity, consistency, isolation, and durability). 

2.2. Postgres-XL 

This open source solution is currently supported by the 
company 2ndQuadrant. The architecture counts with one or 
several coordinators (entry points) and one or more 
datanodes where the data is distributed. Database tables can 
be created in the datanodes specified, not necessarily in all 
of them, which allows distributing the data load. On top of 
that, having several coordinators increases the number of 
connections to the cluster or the possibility to connect to the 
local database. Tables can be replicated in all the datanodes 
with the purpose of making joins more optimal as the join is 
done locally. When you issue queries, Postgres-XL 
determines where the target data is stored and dispatches 
corresponding plans to the servers containing the target data. 
To keep track of the transactions a global transaction 
manager (GTM) provides unique and ordered transaction id 
to each transaction running on Postgres-XL servers. GTM is 
a single point of failure and can cause bottlenecks due to the 
serialization of the transactions.  
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2.3. Citus  

Citus is a PostgreSQL extension that allows commodity 
database servers (called nodes) to coordinate with one 
another in a “shared nothing” architecture. The nodes form 
a cluster that allows PostgreSQL to hold more data and use 
more CPU cores than would be possible on a single 
computer. This architecture also allows the database to scale 
by simply adding more nodes to the cluster. Citus 
architecture is based on a coordinator (in old versions called 
master) server and one or more worker nodes. Applications 
send their queries to the coordinator node, which relays it to 
the relevant workers and accumulates the results. Every 
query is either run on a single node, or in several, in a 
parallel way. 

3. TESTING WITH GREENPLUM 

We have fulfilled different tests to check the GPDB 
solution: ingestion, compression, high availability, 
performance and scalability. 

3.1. Testing Architectures 

The recommended architecture by Greenplum is bare metal 
servers with a shared-nothing architecture and local storage 
in each node with the possibility to use SSD or NVMe 
storage. It was not possible to use this architecture for the 
proof of concept as SSDs were not available, but we could 
compare two different architectures.  

3.1.1. Private Cloud  

The test performed ran on a private cloud with 1 master 
node and 6 8-core datanodes (4 segments on each) with 
32GB RAM each, the storage used in NetApp [4] shared by 
all nodes for the binary files and different mounted volumes 
for supporting data files. The IO in this volume for writing 
was about 180MB/s and for reading 84MB/s. 

3.1.2. Bare Metal 

The cluster is composed of 1 master node and 5 48-core data 
nodes with 256GB RAM. GPDB binaries were installed 
locally in each node. 1TB SAS drive was allocated as local 
volume but the performance was poor, the IO was about 
80MB/s for writing, it is a single drive so it could not 
benefit from the writing and reading parallelism as several 
segments are running on the same volume and the spindle 
needs to access different sectors on the disk, blocking the 
readings and writings. Then we installed the cluster using 
NetApp as storage, using different NetApp volumes for each 
node going to 475MB/s for writing. 

3.2. Ingestion on different table formats 

Greenplum supports different methods for ingesting data 
into the cluster database: from file, gpload and gpfdist, 

which is a parallel file distribution program.  We tested the 
ingestion with this tool, reading from csv files of the 
flagship_mock_1_5_2_s astronomical simulated catalogue 
from the Euclid mission with a total of 2739541922 
astronomical sources (rows) and describing the data in 118 
columns, which occupies in csv format 3.1TB and 1/3 in the 
database. An external table was created for reading the data 
from the gpfdist servers and then ingested into the 
corresponding table. A summary of the tests run on the 
private cloud architecture with different numbers of 
segments to check scalability is presented below. The goal 
was to choose the more suitable format for our use case as 
we make large ingestions only when new catalogues are 
released. 
 

Format Segments gpfdist 
servers 

Time 
(h) 

MB/s 

Heap table 2 1 8 104 

Heap table 12 1 5.5 156 

Heap table 24 1 7 123 

Columnar 24 6 5.5 156 

Append only 24 6 3 287 

 
Append only format is the fastest way to ingest 

data, in this case this ingestion eliminates the storage 
overhead of the per-row update visibility information, 
saving about 20 bytes per row. This allows for a leaner and 
easier-to-optimize page structure. The storage model of 
append-optimized tables is optimized for bulk data loading 
such as gpfidst with external tables but not for single inserts. 

3.3. Compression 

Greenplum offers different compression types with different 
compression levels. ESDC data in databases will grow, 
therefore it is necessary to check if it is worthy to use 
compressed data as CPU time and resources are used for the 
compressed and uncompressed work. For the proof of 
concept, the compression of zlib and quicklz [5] were tested, 
creating a compressed table and populating it from the heap 
format one. Compression rates and time to compress for the 
Euclid simulated catalogue is shown below. 

 
Compression lib Time to compress 

1.3TB 
Compression Ratio 

Zlib-level5 1h 28 min 1.27 
Quicklz 1h 58min 1.07 

 
Performance was not better than on the 

uncompressed tables except for the count with quicklz, 
which was faster. 
In our case compressing the data, which is “hot”, will not be 
worthy but for keeping “old” data can be an advantage. 
Some query result time values are shown in the performance 
and scalability section. 
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3.4. High Availability (HA) 

We have evaluated the option of creating standby instances 
for the master and every segment in our cluster. Greenplum 
Database high availability works using standby replication 
for each node. For the tests performed, the standby master 
was created after the primary cluster was created and 
running. The steps were done following the Pivotal 
documentation to initiate the standby master and later 
adding the standby segments. When a primary segment goes 
down, the mirror activates and becomes the primary server. 
After recovering the failed node, the mirror remains the 
primary and the failed segment becomes the mirror. This 
can be later reversed and returned to first preferred roles. On 
the other hand, for the master recovery of a failure it is not 
possible to recover to the preferred role. In that case it is 
necessary to create a new standby and activate again in the 
old hostname+port. Once this is done, a new standby for the 
recovered master must be created. All these steps have been 
tested in our setup. It is important to remember that double 
the space is necessary when mirroring is configured. 

3.5. Performance and Scalability 

Tests were run on the two different architectures: 
-Private cloud cluster: Testing from 4 datanodes with 4 
segments each to 6 datanodes with 4 segments, making a 
total of 24 segments. Expanding a 4.5TB database cluster 
from 3 to 6 datanodes took 15 hours.  
-Bare metal cluster: we could scale from 3 datanodes with 4 
segments each to 5 datanodes with 4 segments on each (6 
hours to expand) and then later to 8 segments on each for a 
total of 40 segments (1 hour to expand).  

For expanding, some downtime has to be expected, 
as it will affect the whole cluster. This point may be a 
caveat. We could never reshuffle data with this volume 
using Postgres-XL. A query profiling exercise was 
performed for Gaia catalogue data [6] and Euclid catalogue 
data [7] to compare different options: different table formats 
and different number of segments. The tables were 
distributed on their primary key making sure that the skew 
was minimum so every segment contained approximately 
the same number of rows. The distribution of the Gaia and 
Euclid catalogues is done by the primary key column. For 
understanding purposes here is the number of rows and size 
of the tables presented in this paper: 

 
Table Rows number Size in DB 
Euclid.flagship_mock 2739541922 1,3TB 
Gaiadr2.gaia_source 1692919135 862GB 
Gaiadr1.gaia_source 1142679769 301GB 
 

Q3C[8] and pg_Sphere[9] PostgreSQL extensions 
were installed on the database to allow geometrical queries. 
Some representative examples of the different queries 
executed are presented in the following sections. 

3.5.1. Count 

Counting the number of rows in the flagship simulated 
catalogue for Euclid: 
select count(*) from euclid.flagship_mock; 

This full table scan shows that the time depends on 
the format of the table and also on the number of segments 
advancing that columnar format is the fastest in our 
configuration and that increasing the number of segments 
also scales. 

Bare 
Metal 

Nodes/ 
segments Format Compression/ 

DB Time (s) 

N 2/8 heap No/GPDB 8055 
N 6/24 heap No/GPDB 1808 
N 6/24 columnar No/GPDB 33 
N 6/24 AO No/GPDB 1693 
N 6/24 columnar zlib-5/GPDB  378 
N 6/24 columnar quicklz/GPDB 22 
N 10 heap No/Postgres-XL 9324 
Y 3/12 AO No/GPDB 2567 
Y 5/20 AO No/GPDB 1308 
Y 5/40 AO No/GPDB 1077 
Y 5/40 columnar quicklz/GPDB 14 

3.5.2. Query on Gaia DR2 

The following query will retrieve all sources lying within a 
3 degree radius from the given coordinates (ra=34.7, 
dec=57), having parallax and proper motion in both ra, dec 
directions larger than 0 and limiting the number of rows to 
retrieve to 500000.  
select source_id, ra, dec , parallax, parallax_error , 
phot_g_mean_mag, phot_bp_mean_mag , phot_rp_mean_mag 
  from gaiadr2.gaia_source 
where (q3c_join(34.7,57,”ra”,”dec”,3))= ‘1’ and (“parallax” >= 
0.0 and “pmra” >= 0.0 AND “pmdec” >= 0.0)  Limit 500000; 

The query execution plan shows that using the 
legacy Greenplum optimizer, a bitmap index scan is done on 
q3c_ang2ipix(ra, “dec”), with the bare metal configuration 
giving better results. 

 
FIGURE 1: SETUP VS TIME (S) 
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3.5.3. Crossmatch Query on Gaia DR2 with Gaia DR1 

One of the challenges proposed was the possibility to 
perform crossmatches between large catalogues, which is a 
desired capability by the scientists, but difficult to achieve 
with the current hardware limits. Crossmatches will allow 
identifying when a source in one catalogue is the same in 
another, and that as a first approach is used to identify close-
neighbours between catalogues as possible candidates, who 
will be refined later with, e.g. astronomical emission 
models. In this case the crossmatch is done on gaia_source 
from data release 1 and data release 2. 
 
SELECT gdr1.source_id AS iddr1, gdr2.source_id AS iddr2 
FROM gaiadr1.gaia_source AS gdr1, gaiadr2.gaia_source AS gdr2 
WHERE q3c_join(gdr2.ra, gdr2.dec, gdr1.ra, gdr1.dec, 0.5/3600) 

 
This query takes about 5.5 hours to finish in a 

1.5TB RAM machine using SSDs for storing the catalogues. 
Distributing this data in our POC infrastructure for bare 
metal took about 6 hours in the attached storage. This result 
proves that we can scale with smaller nodes but that we 
need a master node with enough memory, about 56GB at 
least.  

4. CONCLUSION 

As the technology evolves, the satellites are able to send 
more data and more data need to be selected to get 
maximum benefits for understanding. SQL databases give 
this chance to get the information required directly from the 
data but hardware and databases needs to evolve hand in 
hand. Tests performed inferred that Greenplum is more 
mature as a distributed database but still some important 
issues are not covered as the integration with latest versions 
of open source PostgreSQL, which limit us in using some 
already implemented functionality for vanilla PostgreSQL 
and the possibility of using the commercial Greenplum, 
which is currently under evaluation. The main difference 
with the open source version is the dedicated support and 
the quicklz compression license among others. With the 
tests performed we have proven that is possible to scale-out 
and keep or improve performance with the current bare 
metal architecture tested. Finally, the following table shows 
a comparison among the three distributed solutions studied. 

 
Solution Greenplum Postgres-XL Citus 
Support 
Company 

Pivotal 2ndQuadrant Citusdata 

Last version 
released* 

5.6.15 9.5 8_11 

Tested 
version 

5.6.14 10 alpha  7_10 

PostgreSQL 
version 

8.3  9.5 10 

Allow 
multiple 
coordinators? 

No Yes Yes  

Data nodes 
Mirroring? 

Yes Yes Yes 

Possibility to 
work on 
individual 
nodes? 

No Yes No 

Foreign Data 
Wrappers 
allowed? 

PXF tools No (in 
development) 

No 

Is it a 
PostgreSQL 
fork? 

Yes Yes No 

Commercial 
support 
offered 

Yes Yes Yes  

SQL, ACID Yes Yes Yes 
Open source 
community 

Yes Yes Yes 

Support 
answering 
speed 

Ongoing Slow  Very slow 

Performance 
on ESDC 
testing 

Good Good but bug 
found 

Poor 

Expansion-
reshuffling 
(3TB) 

Good  Bad – crashed - 

Ingestion  Parallelize with 
GPFDIST 

Use multiple 
coordinators 

- 

Monitoring 
tool 

Yes 
(commercial) 

No No 
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Abstract 

Big Data from Space refers to the massive spatio-temporal Earth and Space observation data collected by a variety 

of sensors - ranging from ground based to space-borne - and the synergy with data coming from other sources 

and communities. This domain is currently facing sharp development with numerous new initiatives and 

breakthroughs from intelligent sensors' networks to data science application. These developments are 

empowering new approaches and applications in various and diverse domains influencing life on earth and 

societal aspects, from sensing cities, monitoring human settlements and urban areas to climate change and 

security. 

The goal of the Big Data from Space conference is to bring together researchers, engineers, developers, and users 

in the area of Big Data from Space.  It is co-organised by ESA, the Joint Research Centre (JRC) of the European 

Commission, and the European Union Satellite Centre (SatCen).  The 2019 edition of the conference was hosted by 
the German Aerospace Center (DLR) and held in the Alte Kongresshalle of Munich (Germany) from the 19th to the 

21st of February 2019. 

 

These proceedings consist of a collection of 75 short papers accepted for oral or poster presentation at the 

conference as a result of the peer-review process by the conference programme committee.  The papers are lined 

up around the topics matching the oral sessions as well as the poster session, also organised by topics.  These 

contributions provide a snapshot of the current research activities, developments, and initiatives in Big Data from 

Space.  

 

This 4th edition of the Big Data from Space conference is directed towards 'Turning Data into Insights'.  Indeed, 

while the first editions of the conference concentrated on technologies and platforms capable of sustaining the 

sharp increase of data streams originating from space sensors, the development of efficient and effective 

methodologies and algorithms capable of extracting insights from these data is gradually becoming the main 

challenge.  In this context, artificial intelligence and machine learning techniques have started to play a key role as 

illustrated by numerous papers of this conference edition.  Methodological developments are motivated by the 

pressing need to extract information on large areas and/or over long time series to better understand the 

dynamics of the processes that are shaping our planet and indeed our universe in the case of data collected by 

telescopes.  The topic of analysis ready data has also emerged since the last edition and is closely linked with the 

development of new data cube representations.  Big data from space is also introducing some new legal 

challenges and the need for further developments of standards and interoperable interfaces between the growing 

number of platforms hosting multi-petabyte scale data co-located with processing capabilities.  All these topics as 

well as other generic key aspects of big data are mirrored in dedicated sections of these proceedings. 

 

GETTING IN TOUCH WITH THE EU 

In person 

All over the European Union there are hundreds of Europe Direct information centres. You can find the 
address of the centre nearest you at: http://europea.eu/contact 

On the phone or by email 

Europe Direct is a service that answers your questions about the European Union. You can contact this 
service: 

- by freephone: 00 800 6 7 8 9 10 11 (certain operators may charge for these calls), 

- at the following standard number: +32 22999696, or 

- by electronic mail via: http://europa.eu/contact 

FINDING INFORMATION ABOUT THE EU 

Online 

Information about the European Union in all the official languages of the EU is available on the Europa 
website at: http://europa.eu 

EU publications 
You can download or order free and priced EU publications from EU Bookshop at: 

http://bookshop.europa.eu. Multiple copies of free publications may be obtained by contacting Europe 

Direct or your local information centre (see http://europa.eu/contact). 
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