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Preface

Big Data from Space refers to massive spatio-temporal Earth and Space observation data collected
by space-borne and ground-based sensors as well as the synergetic use of data coming from other sources
and communities. Whether for Earth or Space observation, they qualify being called ’big data’ given the
sheer volume of sensed data (archived data reaching the exabyte scale), their high velocity (new data are
acquired almost on a continuous basis and with an increasing rate), their variety (data are delivered by
sensors acting over various frequencies of the electromagnetic spectrum in passive and active modes), as
well as their veracity (sensed data are associated with uncertainty and accuracy measurements). Last but
not least, the value of Big Data from Space depends on our capacity to extract information and meaning
from them.

Big data from Space is undergoing sharp development with numerous new initiatives and break-
throughs from intelligent sensors to data science. These developments are empowering new approaches
and applications in various and diverse domains. Information based developments such as spatio-
temporal and long time-series data analytics, data cubes, smart data management, information extraction
technologies, computational intelligence, platforms and services are undergoing a fast evolution. In ad-
dition, the recent multiplication of initiatives offering open access to Big Data from Space is giving
momentum to the field by widening substantially the spectrum of users as well as awareness among
the public while offering new opportunities for scientists, value-adding companies, and institutions.
Benefits are expected at all levels from individual citizens to the whole society.

The overall objective of the BiDS conference cycle is to stimulate interactions and bring together
researchers, engineers, users, infrastructure and service providers, interested in exploiting Big Data from
Space.

Following the success of the 2014 and 2016 conferences on Big Data from Space held at the ESA in
Frascati (Italy) and the Auditorio de Tenerife (Spain) respectively, the 2017 edition (BiDS’17) is again
co-organised by the European Space Agency (ESA), the Joint Research Centre (JRC) of the European
Commission, and the European Union Satellite Centre (SatCen). This edition is hosted by the French
Centre National d’Etudes Spatiales (CNES) from 28 to 30 November 2017 in Toulouse, one of the key
European cities with activities focused on space and aerospace developments and applications.

Since the last edition of the BiDS conference in March 2016, the Sentinel-1A and Sentinel-2A satel-
lites have been complemented by three additional Copernicus Sentinel satellites: Sentinel-1B, Sentinel-
2B, and Sentinel-5P launched on 22 April 2016, 7 March 2017, and 13 October 2017 respectively. It
follows that the two first Sentinel missions are now almost in full operational mode with orbit repeat
time of 6 and 5 days respectively. Sentinel-3A launched on 16 February 2016 has been handed for
operations in July 2016 and the launch of Sentinel-3B is scheduled for 2018. Copernicus with its fleet
of Sentinel satellites is the world’s largest single Earth observation programme. Copernicus is directed
by the European Commission in partnership with ESA that is responsible for the space component of
the programme. Together with numerous other programmes and initiatives in Europe and beyond, free
and open data are contributing to answering major societal questions such as those related to the envi-
ronment, climate change, crisis management, and sustainable development goals. Regarding big data
from space observations, the first catalogue of more than a billion stars from ESA’s Gaia satellite was
published in September 2016. This catalogue represents the largest all-sky survey of celestial objects to
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date.

The focus of BiDS’17 is on the whole data life cycle, ranging from data acquisition by space borne
and ground-based sensors to data management, analysis and exploitation in the domains of Earth Ob-
servation, Space Science, Solar System Objects, Space Situational Awareness, Secure Societies, etc.
Special emphasis is put on highlighting synergies and cross-fertilisation opportunities. The main objec-
tives of BiDS’17 include:

e Present and discuss results, progresses and emerging challenges, including open data access and
open science;

e Involve users and service providers in the definition of a roadmap for future developments;
o Identify priorities for research, technology development and innovation;

e Widen competences and expertise of universities, research institutes, labs, SMEs and other indus-
trial actors;

e Foster networking of experts and users towards better access and sharing of data, tools, infras-
tructures, resources and incubation of services;

e | everage innovation, spin-in and spin-off of technologies, and business development arising from
research and industry progress;

e Increase and promote the value stemming from the huge quantity of data made available at an
ever increasing rate.

The presentations, discussions, and contacts established during the conference as well as the materi-
als presented in these proceedings are contributing to these goals. A total of 183 papers were submitted
for presentation at the conference. Following the peer-review process by members of the conference
programme committee, 80 papers were selected for oral presentation. They are complemented by 46
poster presentations (for a total of 613 distinct co-authors with affiliations distributed over 23 different
countries from all continents). Given the large number of presentations, the 3 day conference pro-
gramme had to be structured around 9 pairs of parallel sessions complemented by the poster session.
An additional demonstration/industry session (with 15 demos) has been organised alongside the poster
session, to give actors the possibility to present live demos on big data from space applications.

The conference opening session was devoted to a series of enlightening institutional talks by CNES,
ESA, SatCen, and the European Commission with the following speakers: Genevieve Campan (Cen-
tre National d’Etudes Spatiales), Andreas Veispak (European Commission, DG GROW), Giuseppe
D’ Amico (European Union Satellite Centre), Nicolaus Hanowski (European Space Agency), and Charles
Macmillan (European Commission, DG JRC).

These proceedings consist of a collection of 126 short papers corresponding to the oral and poster
presentations delivered at the conference. They are organised in sections matching the order of the
conference sessions followed by the contributions that were presented during the poster session, also
organised by topics. They provide a snapshot of the current research activities, developments, and
initiatives in Big Data from Space. Further to the oral and poster contributions, the conference has been
enriched by 5 enlightening invited keynote lectures addressing various big data topics of interest to Big
Data from Space:

1. Big Data management and Big Data mining as a service at CERN
by Massimo Lamanna (European Organization for Nuclear Research, Geneva, Switzerland)

2. Big Data? Small Data? Open Data!
by Christoph Bruch (Helmholtz Open Science Coordination Office, Berlin, Germany)

3. EO Ground Segment in China: an overview
by Xiao Chen (Beijing Normal University, Beijing, China)

4. Big Data at NASA
by Lewis John McGibbney (National Aeronautics and Space Administration, USA)

5. The stakes and prospects of Data Driven Modeling at CERFACS
by Olivier Thual (Institut National Polytechnique de Toulouse, France)

ii
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As a tradition, the BiDS conference hosts contributions addressing the whole life-cycle of Big Data
from Space, from data valorisation and preservation to on board processing, down to image and data
analysis, including downstream exploitation. While a continued number of contributions are devoted to
infrastructures and platforms enabling to exploit the value behind the volume, velocity, and variety of
Big Data from Space, this third edition of the Big Data from Space conference shows a sharp increase
of applications particularly related to large scale analysis including the temporal dimension in view
of better understanding the dynamics of the processes that are shaping our planet and our universe.
Other new trends regard information extraction using advanced machine learning techniques such as
those based on deep learning and convolutional neural networks. The development of new standards
to ensure the interoperability of Big Data from Space is also gaining attention similarly to data cubes
and multidimensional array representations. All these topics as well as other generic key aspects of big
data are mirrored onto dedicated sections in these proceedings. It is worth mentioning that few research
initiatives presented in these proceedings are devoted to the collection and exploitation of in situ and
crowd-sourced data as well as to the definition and set-up of large reference annotated datasets. It is
expected that these topics will undergo increased attention in the near future. They would also definitely
benefit from the support of dedicated research and institutional programmes.

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.bigdatafromspace2017.org.

A great thanks goes to all authors and presenters of BiDS’17 as well as the numerous participants
(over 600 registrations spanning 48 countries over all continents). Together, they have ensured the
success of the 2017 conference on Big Data from Space. A special thank 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 CNES for its great support in having
BiDS’17 hosted in Toulouse.

Pierre Soille and Pier Giorgio Marchetti
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INTERNET MAJOR ACTORS TECHNOLOGIES APPLIED TO METEOROLOGICAL
SATELLITE: STREAM DATA APPLIED TO DATA PROCESSING

Alain Montmory (1), Laure Chaumat (1)
(1) Thales, 290 Allée du Lac — 31670 Labége - France

ABSTRACT

Big Data technologies have been at the heart of Thales
strategy for already six years. In French South West
division, development teams are mainly working with
CNES and EUMETSAT actors and have acquired business
knowledge on space ground segments. Thales gets its first
real experiences mixing Big Data and space mission by
cooperating with the CNES on GAIA [1] ESA mission.
Together we were the firsts to use the famous Hadoop
technology on space data to realize the CNES Data
Processing Center. Then we applied our knowledge through
several projects for EUMETSAT: L2PF processing platform
for geostationary satellite and PDAP which deals with a
polar satellite — both of these projects are still in progress
and are not in operational mode as GAIA. The developed
Data Processing Infrastructure (DPI) uses the stream
technologies set up by Twitter (Storm [2]) and Linkedin
(Kafka [3]) and a micro services approach builds onto the
Docker[4] Ecosystem. This paper will present the use case
where we deploy these technologies and the feedback on it.

Index Terms — STORM, KAFKA, ELK, DOCKER,
CNES, EUMETSAT, L2PF, PDAP

1. MISSIONS OBJECTIVES

The EUMETSAT’s mission is to establish, maintain and
exploit European operational meteorological satellite
systems. A further objective is to contribute to operational
climate monitoring and detection of global climatic changes.
To fulfill these objectives, two types of meteorological
satellites are needed: Geostationary orbit satellites, vital for
forecasts up to a few hours; Polar orbit satellites, critical for
forecasts up to 10 days.

The MTG (Meteosat Third Generation) and EPS-SG
(Eumetsat Polar System —Second Generation) systems will
provide Europe’s National Meteorological Services and the
International Users and Science Community, with an
improved imaging and new infrared sounding capabilities
for both meteorological and climate applications. The
objective of these systems is to provide continuous high
spatial and temporal resolution observations and
geophysical parameters of the Earth System derived from
direct measurements of its emitted and reflected radiation
using satellite based sensors. Information based on imagery
of the globe and hyperspectral sounding of the atmosphere
will also deliver unprecedented volumes of data.

2. WHY STREAM TECHNOLOGIES

The MTG system is a constellation of three MTG satellites;
which have a continuous downlink throughput of about 600
Mbps. The Level-2 Processing Facility (L2PF) is part of
MTG ground segment. L2PF is fed by level 1 system IDPF-
I/IDPF-S data flow on an H24 basis. This continuous flow
contains data of 4 instruments which are the Flexible
Combined Imager (FCI), the Lightning Imager (LI), the
Infra-Red Sounder (IRS) and the Copernicus Sentinel 4
Ultraviolet Visible Near-infrared (UVN). Due to the
constant and high data rate between the IDPF-I/IDPF-S
(level 1) and L2PF (level 2) the processing can only be
handled by stream technique (as opposed to batch technic
used on GAIA mission).

3. THE DPI, HOW TO EMBED SCIENTIFIC
PROCESSING FOR 20 YEARS MISSION LIFETIME

Lessons learned from GAIA led to a major design decision:
to separate data from processing (i.e. it is the Processing
Infrastructure (P1) which brings the data to the processing
code which embeds the scientific algorithm). Such design
allows switching, if needed, the underlying technologies
without changing the scientific code. Currently, the
streaming engine is based on Storm. In the future, it could
be changed if Storm becomes obsolete or if there is a need
to introduce a batch capability (example Flink framework
which allows Batch and Stream capabilities). The whole
DPI design relies on very simple interfaces called IChannel
and ITuple which allows abstracting the infrastructure
(IChannel) and the data (ITuple):

FB-1 (Scientific FB-n (Scientific
Code) Code)

IupleApi

PI-APE-ICD

5
3
IPCS.APEFRAMEWORK &

RabbitMgChannel

FileChannel

Figure 1: DPI Layered design
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The scientific code (APE: Algorithm Processing Element) is
embedded into plugins which are called by APE framework.

4. AGRAPHICAL TOOL TO HELP SCIENTIFIC
CODE DEVELOPMENT

Comparing to other systems which deal with file in
input/output, the DPI implies a new paradigm for
parallelism based on input data segmentation. To help the
scientific developer, a graphical tool is provided which
allows to describe graphically the APE by a chain of data
operators similar to those which exist in the SQL language
(groupBY, Join, forEach etc...). These operators are made
available to the scientific developer by an abstraction layer
called the “APE framework”. These operators exist in quite
almost all Big data framework (Hadoop (Cascading, Pig),
Spark, Flink). The “APE framework” hides the underlying
runtime engine; there is no link at all between the scientific
code and the runtime execution engine (Storm or other)
which allows the replacement of this runtime engine if
needed during the 20 year mission lifetime.

The graphical tool generates the APE code for both
Standalone and Production environments. It allows the APE
developer to test their APE in a mode accessible on a single
laptop using the same interfaces as those which are used in
production.

XMI format =>Not human readable format!

Figure 2: Both Standalone and Production generation mode

5. PACKAGING, DEPLOYMENT: THE MICRO-
SERVICES ARCHITECTURE

As the data could come from a geostationary satellite (MTG
mission), the data flow is continuous, so an availability of
99,8% is requested for the L2PF. In this context, the
packaging, deployment and switch version process shall be
as smooth as possible (the deployment of a new version
shall have no impact on the running processing and the
version switch shall be as fast as possible (few seconds)). To
deal with these constraints the DPI is built upon a solution
based on micro services architecture:

MTG-LAN
IDPF-x

MME-DIS

IPE/APE
\Processinglnfrastructure ) execution

Figure 3: DPI micro-services architecture

Each DPI component plays a single and simple role (the
micro service) and is packaged inside a Docker Execution
Container (DEC). All the DEC are assembled using Docker
Compose tools and deployed onto a Docker cluster based on
Docker Swarm. Thanks to the Docker Compose tool, each
component is scalable in 2 or more instances for
performance and availability reason (2 is the minimum).
This flexible deployment allows to cope with different
processing speed from 1 for Near Real Time, 5 time faster
for reprocessing and 30 expected for the Algorithm Fast
Processing (a tool used in development scope to test the
APE on a “production like” cluster).

The DPI components are deployed in a private network
brings by Swarm overlay network drivers. Some
components have also an externally reachable network
address (example input FTP servers) setup by pipework
script. Docker ecosystem is also used for the build, deploy
and run process. The build result is a set of Docker images
which are pushed into the Operational Configuration
Management Registry. Then these images are deployed onto
the “live” environment following the “descriptor.yaml” file
which describes all the images used on the target “live”
environment. There are four possible “live” environments:
OPE, VAL, IVV, REP (Reprocessing). The Docker
ecosystem is also used to package “long term configuration
data” like Digital Elevation Model which are embedded into
versioned Docker Data Container (DDC). The DDC are
deployed as other Docker image and then mounted into
DEC to give access to the data (the DEM file in our
example).

6. STREAM PROCESSING CONCEPT

The stream processing concept is based on the concepts of
key and partition. In scientific processing it is frequent that a
data needs its neighborhood to be processed. This grouping
is assured by allowing a Key which represents a scientific
criteria, for example a Swat or a geographical zone id. The
partition allows to dispatch the data onto several
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computers..The figure below shows a typical processing
flow.

Algorithm Processing Element

’—‘Aggregallon ona
certain Key Value

Key: "Swat1" D
A\ Fiter

IAggregateFiterPlugin

Merge the processing
resdlts of the different
aggregations

| Block FEOperation, Scientific code

Figure 4: Typical APE processing flow structure

The data are injected from Kafka stream into the APE using
a “DataSource” operator, then the data are partionned by
key using a “keyAllocator” FunctionalBlock. The data are
aggragate using an “AggregateFilter” operator. When an
“Aggregation” is filled (the filter answered yes “the
aggregation is full”, the aggregate data are processed by the
“Each” operator, which embeds the real “scientific
processing code”. Each of the operators listed above embeds
“business” code through “plugin” interface. The plugin code
is provided by the scientific team. This scientific code is
independent of the underlying “runtime processing
framework (Apache Storm in case of L2PF/PDAP), because
the abstraction of “logical” operator like “DataSource”,
“DataSink”, “AggregateFilter”, “Join”, “Merge” etc.. hides
the “runtime processing framework”. This layer of “logical
operator” is called the “ApeFramework”. This layer
authorizes (if needed) the replacement of the “runtime
processing framework” by another one (for example, to
prove the design concept, an ApeFramework port has been
done on Apache Flink), which is important to ensure the 20
years mission lifetime on this kind of mission.

Another key concept of the DPI design is the data
normalization aroud the concept of ITuple. A ITuple is a
tree of {key|value} where value could be another ITuple.
The figure 5 : Structure of an ITuple below synthetizes the
concept.

All the data (L1 data chunk, AuxiliaryData etc..) injected
into the DPI are normalized into ITuple, whch allows a
simple definition of the interfaces at source code level (input
and output are ITuple). The ITuple is well adapted to the
NetCdf input data which are also a tree structure (but the
NetCdf format is not the only one used by DPI, there are
also GRIB and BUFFR formats, which implies the need of
normalization.

celestial

Figure 5: Structure of an 1Tuple

7. DATA MANAGEMENT CONCEPT

The L2PF DPI data management concept is based on Kafka
for data distribution and on Elastic search Logstash Kibana
(the ELK [5] framework) for data indexation.

The Kafka system allows to store and distribute the live data
in “publish/subscribe model” but at the difference with other
messaging system like AMQP (RabbitMq, ActiveMq) it is
not a server which pushes the data to the client but it is the
clients which retrieve the data at their own rate, the current
retrieved record offset is stored reliably, for each client, into
a cluster shared context (Apache Zookeeper for DPI). This
design optimizes the performance of the whole system
because the kafka broker does not have to deal with slow
clients.

The data retention is managed independently of the data
consumption and on per Topic (a Topic is a logical address
on which data are pushed and retrieved) basis. For example
data can be keep locally for 24 hours to take into account the
possible unavailability of the EUMETSAT long term
archive system (The DAC : Data ArChive).

Kafka is an efficient data distribution system but it does not
handle data selection filter, it is mainly a FIFO model.

To handle more complex data selection scheme with respect
to the scalability of the whole system, the data are also
indexed in a Elastic Search cluster. It encompass the L1
Input chunk data, the LOG generated by the DPI
components and the APE, the processing parameter issued
by the APE and infrastructure parameter gathered by SNMP
agent on each docker hypervisor. It allows to display LOG
report and processing parameter significant values output by
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the running APE. The LOG and Processing Parameters
display allows an operational monitoring of the L2PF
facility through dedicated MMI operates by Controller
Operator in EUMETSAT premise. The following screenshot
shows the LOG display and a Parameter curve displays by
Kibana view embedded in the Eclipse RCP MMI
application:

Figure 6: Indexed data display through Kibana

8. HIGH AVAILABILITY CONCEPT

The DPI is 24H 7/7 system with a requested availability of
99.8%. These constraints have drived the Open Source
components selection:

v Kafka has a built-in data resiliency with a
transparent data replication (which also improves
the read speed),

v/ Storm has the concept of Directed Acyclic Graph,
each input record ingestion consequences are
monitored and acknowledged at record level, If a
record is not acknowledged the Storm supervisor
relaunches the record processing (wich may occurs
on different computers). Of course the reprocessing
does not occurs indefinitely (3 tentatives) to deal
with malformed data.

v" The Docker ecosystem, with the Swarm clustering
mode offers also a convenient way to ensure
processing resiliency. If a Docker Container fails it
is relaunch by the Swarm. If an entire Docker Host
is dismissed (for example for maintenance

activities), the whole Docker Container running on
it are moved on another Docker Hosts (the
hardware design take it into account by providing
33% free docker slot. The following shcema
synthetizes the Docker Container migration:

Figure 7: Docker Resiliency brings by Swarm

With these concepts, the result is quite similar to a VMWare
ecosystem without the penalty performance of the Virtual
Machine hypervisor (measured at 15%) and the extra cost of
VMWare tool licences (VSphere, CloudDirector etc..).

9. CONCLUSION

The technologies used by DPI, although they are not
intended to be used in the context of scientific processing at
their origin have proven their performance, scalability and
resilience features. The Docker ecosystem, despite its youth
demonstrates that the slogan “build once, runs everywhere”
is not only a slogan but also the reality.
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FROM HADOOP MAP/REDUCE TO SPARK: GAIA AND IMAGE PROCESSING USE CASES
Guillaume Eynard-Bontemps?, Olivier Melet> Hugo Palacin®, Florent Ventimiglia®, Louis Noval*

Thales, 290 allée du Lac, 31670 Labége
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ABSTRACT

The Gaia DPCC uses a Hadoop/Cascading based framework
in order to compute scientific data since 2011. This solution
is fully functional whereas a breakthrough in Hadoop
ecosystem called Spark introduces a theoretical
improvement factor of up to 100. This new system
manipulates data through high level APl and optimizes in
memory computation instead of historical data exchanges
through hard disk drives. This paper will present some
results and lessons learned from using Spark though Gaia
data manipulation queries and another use case of image
processing.

First, we will introduce Gaia data and processing context
followed by a brief overview of Spark. Then, we will
present our implementation choices and compare
performances between Cascading and Spark when running
typical Gaia workloads. We will then talk about a Spark use
case on Image processing. We will finally conclude and see
what our next objectives are.

Index Terms— Hadoop, HDFS, Cascading, RDD,
Spark, YaRN, Ground segment, Image processing, Gaia

1. GAIA

The Gaia mission aims at building an extremely precise
three dimensional map of our galaxy. CNES Data
Processing Center handles hundreds of billions of objects of
different types into kinds of big tables or collections. Each
record size is between 100B to several hundred KB. This
makes Gaia data manipulation very suitable for Big Data

‘ " PHOEBUS
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Collectdata Batch Processing
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FIGURE 1: GAIA DPC GLOBAL ARCHITECTURE

Gaia processing chains need to perform really complex
queries on several input tables. These queries are often quite
comparable to what can be done using SQL language.

Implementing those queries in pure Map Reduce is nearly
impossible. That’s why Cascading framework, which can be
compared to Pig or Hive, was chosen to abstract the
complex data manipulation layer (join, filter, ...).

Hadoop and cascading are the core of Gaia CNES Data
Processing  Center, specifically the System of
Accommodation for Gaia Algorithm (SAGA) that
effectively processes the data (). On a higher level is
Phoebus, an orchestration tool that allows chaining
Cascading pipes through “steps”. Each pipe is effectively
executed as one or more Map/Reduces jobs. Scientific
modules can be encapsulated in either a Map or Reduce
phase, as you can see o

It is also important to highlight the specificities of a
Hadoop cluster (commodity hardware, meaning low costs),
and also the fact that DPCC deployment is entirely
automatized using DevOps tooling (Puppet and Foreman).

.S‘pcmralzZ

—
IIII cascading

il

PHOEBUS — —
Orchestrator
FIGURE 2: SCIENTIFIC MODULES, CASCADING AND
WORKFLOWS
2. SPARK

2.1. Spark APIs

Spark is a processing framework which is replacing Map
Reduce processing layer from Hadoop. It provides a higher
level and simpler base API layer, a complete integrated
libraries stack (SQL, Streaming, Machine Learning ...), and
improved performances with its optimized engine and by
working in memory.

Since Spark 2.0, there are two main programming APIs
for data manipulation: Spark core with RDDs, which are
basically a collection of objects or records, distributed
across all computing nodes; Spark SQL with Datasets,
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usually faster and more convenient [1], with a more
structured way of manipulating data (SQL like).

2.2. Spark vs Hadoop/Cascading vs the rest of the world

Spark has its own engine and do not rely on Map Reduce
like Cascading. It manages the flow execution itself,
recursively decomposing it into multiple applications, stages
and tasks. The execution engine natively handles acyclic
graphs (DAG), and heavily relies on in memory
computation which greatly optimizes data transfers. On the
contrary, a Cascading Flow is automatically split into one or
more Hadoop Map Reduce jobs at execution time, and relies
on disk writes for data exchange between each of these
steps.

It is also worth noting other frameworks which are
concurrent of Spark. Flink is primarily a stream processing
framework, but it provides also strong batch processing
APIs. It is really close to Spark with all its optional libraries
(Batch, Stream, Machine Learning, SQL, Graph ...). It is a
powerful tool which could be studied too, especially
because of its Cascading compatibility. But at the time of
the study, Spark was much more improved and thus, a more
reliable choice. Dask is a python framework which handles
big collections like Spark, but also complex tasks
scheduling. It has not exactly the same purpose and was not
well suited for Gaia needs, but it could be adapted for image
processing.

2.3. Programming Languages

One of the advantages of Spark is that it is possible to
develop applications using several programming languages.
Indeed, it is possible to use at its convenience Java, Scala or
Python. It is noteworthy that Spark is natively coded in
Scala, so it is more efficient to use Scala than another
language, especially compared to Python which can lower
performance (up to a factor of ten in some cases).

Because Gaia DPAC relies on Java 1.8 environment only
Scala and Java8 API are relevant for us. Both pros and cons
are very close and we decided to implement case studies on
Scala over Java8 because of greater documentation available
online.

3. SPARK ON GAIA

3.1. RDD or DataSet?

We already exposed advantages of DataSets over RDD.
Nevertheless, their useseems to be compromised because of
GaiaRoot type itself. Object hierarchy in Gaia data model is
complex and some attributes are not primitive types. This is
not natively supported by DataSets: there would be a need to
implement a dedicated wrapper or to adapt each GaiaRoot
sub type. DataSets have been developed for structured data
(with a known schema) such as databases, JSON files, or
structured text tables. RDD will thus be used for our tests.

3.2. A word on file formats, object representation and
serialization

The inability to use Dataset also highlights a point linked to
storage format efficiency. Gaia objects storage in Hadoop is
based on the old SequenceFile format, with Java
Serialization mechanism applied on GaiaRoot objects. With
improved serialization / deserialization methods defined or
better with a more structured schema for Gaia tables, storage
efficiency and processing time could be greatly improved.
Some tests have been performed by just switching to Kryo
Serialization, but it did not improved performance a lot.
This point should be studied further given some results
obtained by other institutions [6].

3.3. Pipelines on Cascading and Spark

Cascading and Spark both represent data manipulations as
graphs. It should be noted that the high level views of
generated graphs are quite close, concepts are the same:
Pipe and RDD, Operations and transformations. Spark RDD
API seems a little less verbose and simpler to use and to
understand, but it has also one drawback compared to
Cascading Pipe API: it is based on Key Value mapping
when performing joins or grouping. This means that every
time we need to do one of these operations, we need to write
some boilerplate code to extract the appropriate Key from
the records of our manipulated collection. With Cascading,
or Dataset AP, this limitation is not present.

3.4. Study use case and environment

We compared performances of integrated
Cascading/Hadoop subassembly over the same operations
through RDD Spark API. In both case we removed all
scientific modules calls. The next diagram illustrates the
graph of operations that was applied on data.

Tests have been performed on Gaia integration platform;
resources were limited to 20 cores and 80 GB of RAM on 4
calculation servers (about 50% of the platform resources).
Because of concurrent uses of the platform for project
purpose, we used 2 indicators to measure job execution
time: an external clock (user time) and the total amount of
CPU time spent by each thread. This method prevents from
having inconsistent results due to parallel resource uses.

We also used several datasets of different input size:
from 150 MB of compressed data to 240GB. We observed a
compression factor varying between 2 or 10 depending on
the object type, but a reasonable mean would be 3. So there
were between 450MB and 720GB of uncompressed input
data.

We studied two main queries; CU4 SSO_LT ingestion
subassembly and CU6 CI_PP subassembly (See

|CU6 Cl_PP subassembly,l which is the more complex.
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3.5. Performance results

We noticed a clear gain with Spark for datasets that fit in
memory, but we saw a decrease in Spark’s benefits
compared to Cascading as the volume of data to process
grows. This can be explained by the fact that Spark works in
memory and that when it is full it must spills to disk which
penalizes performances. Hadoop also has a big drawback: it
has to start JVMs for each task, which heavily penalizes it
on small datasets, whereas Spark uses executors started once
and for all the job duration.

For the biggest dataset which needed about ten times
more storage capacity than the memory available, Spark
advantage is really small in term of CPU usage. Measuring
the overall user time, we see a bigger advantage for Spark:
we noticed that we still have a 36% gain in execution time
for Spark (see Erreur ! Source du renvoi introuvable.). It
shows that Spark really optimizes the use of available CPUs.
Moreover, the DPCC Operational platform has 19 TB of
RAM allocated to the compute nodes, enough for a lot of
use cases.

3.6. Spark operational use

Spark has proven very easy to deploy and to use on an
already existing Hadoop cluster. Deployment is just a matter
of installing the application all nodes. Moreover, it is very
well integrated into YaRN. It means that it is also quite
straightforward to use the same cluster to submit
Cascading/Hadoop or Spark applications at the same time.
Last but not least, Spark provides a really good web Ul that
allows monitoring and analyzing Spark applications. The
fact that Spark sees a complete dataflow as only one
application is really a benefit for operators compared to
Cascading and its decomposition of flows in several
MapReduce jobs.

CU6 CI_PP Overall Time
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FIGURE 4: CU6 CI_PP USER TIME

3.7. Next steps

Gaia Spark study has been split in two main parts. The first
one is completed and the results are presented here. Even if
performance results are promising, they have to be tempered
by end-to-end chain performances: Data insertion/extraction
and scientific computations are not faster and we cannot
afford to re-design existing chains for now.

The last part of the study, still in progress as we are
writing this paper, aims to implement a prototype in order to
let scientific algorithm integration team work with Spark for
Gaia next generation chains composed of iterative
processing. Data iterations and Map/Reduce are not close
friends, whereas Spark is really good at it when dataset fits
in memory. We are also performing a more complete
analysis of Gaia chains in order to detect if Spark could
improve some algorithmic parts. It could be the case for
Cascading flows generating a lot of MapReduce jobs.
Finally, aside from performance concerns, Spark would
provide a good way to execute Machine Learning
algorithms, for which classical MapReduce is not well
suited.

4. IMAGE PROCESSING WITH SPARK

4.1. Context

We experienced Spark in another context: earth observation
image processing. Most of CNES processing chains are
currently executed on an HPC cluster, with shared
centralized storage and computing resources. Complex
workflows are designed as a chain of independent jobs. All
the data synchronization between jobs is done on an IBM
Spectrum scale system. This mechanism induces a big
overload of 10 on the storage space, with sometimes not
optimized algorithms. This is especially true in a context of
always increasing image resolution and number, leading to
an exploding volume to handle. Spark (among other
technologies) has been tested in order to benefit from its
horizontal scalability and data manipulation APIs. We made
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use of its ability to design complex graphs for distributing
tasks which allows taking advantage of distributed memory
and computing node local storage, avoiding the need of data
synchronization.

4.2. Use case experiment

An image processing chain can be represented as a graph of
process, which are either sequential or can be treated in
parallel. Between them are some synchronization points. We
defined a typical chain (as depicted in| Figure 5: Implemented |

limage processing chain), composed of standard processes

(decompression, ortho rectification ...).

| —

FIGURE 5: IMPLEMENTED IMAGE PROCESSING CHAIN

Three main points have been tested:

First, the implementation of each given algorithm using
Spark. This required the use of RDD containing images tiles
as items. In order to implement algorithms that needed a tile
and its neighboring zone, some data manipulation involving
reductions and aggregations have been used. An ImageRDD
abstraction has been defined to handle split large images as
a unique object.

Secondly, for CPU time intensive algorithm having
legacy libraries written in C++, we defined a standard
interface to be able to call them from Java. This really eased
legacy code integration and we observed a notable
improvement of performances.

Finally, thanks to the ImageRDD abstraction, we were
able to chain several algorithms, using Spark lazy evaluation
capability to model our workflows as Direct Acyclic
Graphs.

Some key takeaways from this experiment: Spark really
eases the images tiles manipulation with its abstraction; it
handles high level scheduling; scheduling and data moving
between nodes is only a tiny part of the computation time.

5. CONCLUSION

This study confirms on both Gaia data and image processing
use cases that Spark is a new reference in term of Big Data
processing.

It shows really good results on Gaia when working in
memory (between 3 and 8 times better for reasonably sized
problems), and still has a 30% advantage when working on
disk. But it is not as high as expected considering marketing

promises [3]. It is also easier to program, with a really good
documentation and high level API, despite the limitation on
Key Value manipulation with RDD. It has also strong
monitoring tools. Compatibility with Hadoop environment
makes it a good candidate to develop new processing
algorithms for Gaia. The still on-going study will help to
identify which use cases are the most suitable to take
advantage of Spark according to different criteria: iterative
processing, data volume, memory consumption...

On Image processing, it has proven to be really helpful
both in terms of data distribution and in terms of algorithms
chaining and scheduling. Performance results are very
promising and it should really help for having a scientific
chain compatible with both on premises cluster and public
cloud infrastructures.

6. REFERENCES

[1] T. White, “Hadoop, the definitive guide”, 2 nd ed, Oreilly,
2010.

[2] http://www.kdnuggets.com/2016/02/apache-spark-rdd-
dataframe-dataset.html

[3] https://databricks.com/blog/2016/01/04/introducing-apache-
spark-datasets.html

[4] https://databricks.com/blog/2016/07/14/a-tale-of-three-apache-
spark-apis-rdds-dataframes-and-datasets.html

[5] Michael Hausenblas and Nathan Bijnens, inspired by Nathan
Marz,| http://lambda-architecture.net, 2015.

[6] Zbigniew Baranowski, Performance comparison of different
file formats and storage engines in the Hadoop ecosystem, CERN,
Jan 27, 2017

Proc. of the 2017 conference on

Big Data from Space (BiDS’17) doi: |10.2760/383579

Toulouse, France
28-30 November 2017


http://www.kdnuggets.com/2016/02/apache-spark-rdd-dataframe-dataset.html
http://www.kdnuggets.com/2016/02/apache-spark-rdd-dataframe-dataset.html
http://lambda-architecture.net/
https://databricks.com/blog/2014/11/05/spark-officially-sets-a-new-record-in-large-scale-sorting.html
http://dx.doi.org/10.2760/383579

Big Data Processing |

BIG DATA PROCESSING USING THE EODC PLATFORM
S. Elefante!, V. Naeimil, S. Cao?, I. Alit, T.S. Le!, W. Wagner!2, C. Briese?

! Department of Geodesy and Geoinformation, Vienna University of Technology, Vienna, Austria

2 EODC Earth Observation Data Centre for Water Resources Monitoring, c/o University of Technology,
Vienna, Austria

ABSTRACT

The goal of this work is to optimize the processing of large
earth observation (EO) data sets on the Earth Observation
Data Centre for Water Resources Monitoring GmbH (EODC)
platform, which is a collaborative cloud infrastructure for
archiving, processing, and distributing EO data. EODC
provides a comprehensive environment through which any
worldwide user can remotely (i) access EO data, (ii) process
them in a dedicated workspace, and (iii) visualize the final
products. Different tests involving the processing of the
whole ENVISAT ASAR GM archive, and parts of the ASAR
WS and Sentinel-1 archive were performed. The experiments
showed the computational capability and flexibility of “big
data” processing using EODC’s functional design of the
different 1T components (storage, cloud platform,
supercomputing).

Index Terms— Big data, parallel computing, SAR,
high performance computing (HPC), soil moisture

1. INTRODUCTION

The availability of large amounts of Synthetic Aperture Radar
(SAR) data stemming from the completed ENVISAT satellite
mission and the Sentinel-1 satellites constellation represents
a major opportunity for the worldwide scientific community.
Earth observation satellite data are being widely investigated
for many operational and scientific applications. One of the
preeminent applications of Sentinel-1 over land is to monitor
surface soil moisture that is considered as a key parameter for
flood forecast and numerical weather prediction systems [1]
[2]. However, the processing of a Tera- to Petabyte-scale
SAR dataset can only be achieved by following the well-
established paradigm of distributed computing. Thus, the
processing of the whole ENVISAT archive and of the
Sentinel-1 data in a time frame that allows researchers to
make scientific conclusions within a reasonable time span
must be carried out in a computing environment that fully
supports parallel processing. The high performance
computing (HPC) system represented by the Vienna
Scientific Cluster 3 (VSC-3) [3] suits this aim well. The VSC-
3 is a large distributed platform installed in summer 2014 in
Vienna. Due to the massive volume of the Sentinel-1,
accessing and downloading the raw data are not trivial issues.

To effectively deal with these challenges, the paradigm is to
bring the processing algorithms close to the data as well as to
the computing resources. EODC [4] provides a feasible
solution to this paradigm. EODC is a private-public
partnership aiming to deliver a collaborative cloud
infrastructure for archiving, processing, and distributing earth
observation (EO) data. Through multi-national partnerships
from science, public and private sectors, users can get direct
access to Sentinel data storage and run data-intensive
geoscientific models. One of the services offered by EODC
is the capability of performing data processing through VSC-
3. The EODC environment is, therefore, a comprehensive
infrastructure in which users have the possibility to directly
access and process EO data with their own algorithms and
retrieve the final products.

The aim of this work is to assess the potential of processing
big data for remote sensing applications with an attention to
the TU Wien soil moisture retrieval processing chain. The
results of three case studies, which were performed by using
the EODC infrastructure and the VSC-3 high performance
computing platform, are discussed.

2. DATA ACCESS

Employing VSC-3 in the EODC environment gives users
access to two different kinds of storage volumes: (1) storage
provided by the VSC-3 that can be used for intermediary
(temporary) storing files during processing, (2) the dedicated
EODC storage for accessing EO data in the public part of the
archive and for storing results in private folders. The
technical features of the two volumes are described below:

(1), the VSC-3 distributed volume runs on the
parallel clustered file system BeeGFS [5], which is
installed on 360 spinning disks connected through
160 Gh/sec bandwidth.

(2), the EODC storage is based on IBM Elastic
Storage Server (ESS) [6]. It features the high-
performance GPFS clustered file system with a
current net disk capacity of 2 Petabytes (PB).
The VSC-3 cluster and the EODC archive are connected
through an InfiniBand fabric (8x40GB/s bandwidth).
Additionally, an IBM TS4500 Library is used to store less
frequently accessed EO data and for backups. At the moment,
the library consists of 6 Drives including 4 PB tapes.
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The EODC public library currently features more than
2.000.000 individual Sentinel-1, -2 and -3 data sets.

3. PROCESSING AND VISUALIZATION

The main advantages of the EODC environment are the
possibility to remotely access one’s workspace from
anywhere and at the same time directly access all available
EO data without the need to download them to a processing
system. Users may connect from their own PC to

(1) the EODC private cloud infrastructure, which provides
users with virtual machines (VM) for developing and testing
the methods, as well as visualizing the results on small spatio-
temporal extents (Fig. 1). The cloud environment comprises
200 physical cores, 5,3225 TB RAM and 122 TB disk
storage.

(2) the VSC-3, through dedicated login nodes, and,
subsequently, the compute nodes. The VSC-3 is an advanced
HPC system and consists of 2020 nodes, each equipped with
2 processors (Intel® Xeon® Processor E5-2650 v2 from the
Ivy Bridge-EP family). Totally, there are 32.000 physical
cores internally connected with an Intel QDR-80 dual-link
high-speed InfiniBand fabric. The CentOS Linux release
7.2.1511 is installed on each node as operative system. The
Simple Linux Utility for Resource Management (SLURM),
which is an open source, fault-tolerant, and highly scalable
cluster management and job scheduling system for large and
small Linux clusters, is installed as middleware. SLURM
organizes the access to the computing nodes through the
management of a queue of pending work and provides a
framework for executing and monitoring jobs. The VSC-
3/EODC infrastructure is shown in Figure 1.
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Figure 1. EODC infrastructure

4. PROCESSING RESULTS

The big data processing was performed using VSC-3. For
comparison, three different Level-1 SAR datasets including
data acquisitions from ASAR GM, ASAR WS and Sentinel-
1 have been processed on the EODC environment using the
SAR Geophysical Retrieval Toolbox (SGRT) [7] developed
at the Vienna University of Technology. SGRT produces a

series of different geophysical parameters through time series
analysis of satellite SAR data. SGRT is written in Python
programming language and includes external software
modules, e.g. ESA’s Sentinel-1 toolbox (S1TBX) for SAR
data geocoding, radiometric corrections and calibration. The
full archive of the ENVISAT ASAR GM data (size of about
1.6 TB) and around the 76.7% of ASAR WS archive, 86,199
files with a total size of about 15.7 TB were successfully pre-
processed (geocoded and georeferenced) during case-1 and
case-2 (Table 1).

Table 1. Results of the three case studies.

case-1 case-2 case-3
SAR dataproductmode | “SeF | ASARWS | SIA/B GRD
Spatial resolution 1km 150 m 10m
Number of images for
job / Total Number of | 8/23,703 2143426 1/63,657
jobs
Total input data files size | ~1.6 TB ~15.7TB ~736TB
:’i(;gal output data files ~21TB ~60TB ~129TB
Percentage of the archive = 20%

=~ 0, ~ 0
that has been processed 9% 76.7% | (October 2014

- July 2017)

Averaged processing 9.18 2.39 2.69
time (seconds/MB)
Aggregated elapsed time
including SLURM | ~35days | = 15days ~ 22 days
queueing
Theoretical ~ estimated ~ 167 > 1 year > 1 year
elapsed time using only 1 days
node

Part of the Sentinel-1 image stack has also been pre-
processed, almost 20 % of the all images acquired between
October 2014 to July 2017 (case-3 of Table 1). All data were
hosted on the EODC archive. Table 1 shows the detailed
results of the processing including respective run-time
estimates and measurements. S1 A/B data processing has
been performed processing each time only the new incoming
images, the aggregated time is referring to a rough estimation
of the total time considering all these different runs. The
processing was conducted by consecutively transferring data
from the EODC archive to the RAM disk created on the VSC-
3 computing nodes, performing the necessary computation
steps and saving the results either i) on VSC-3 storage and
then moving data back to EODC archive, ii) or directly to the
EODC volume. Our tests showed that both are almost
equivalent in terms of computational performance as the
VSC-3 internal storage and the EODC volume are very
similar concerning 1/0 access. Indeed, the writing rate
towards the VSC-3 BeeGFsS distributed volume is around 1.2
GB/sec and 450 MB/sec while for the IBM ESS storage is
about 1.4 GB/sec and 500 MB/sec for respectively
simultaneously running 1 and 5 jobs (See Table 2). However,

Proc. of the 2017 conference on

Big Data from Space (BiDS’17) doi: |10.2760/383579

10

Toulouse, France
28-30 November 2017


http://dx.doi.org/10.2760/383579

Big Data Processing |

these values have been experimentally evaluated computing
the average between the processing time that have been
computed running the test many times; the infrastructure is
employed by many users and a clear benchmark evaluation is
not practically feasible.

In all the three cases as shown in Table 1, the large number
of files (for instance more than a million in the case of ASAR
GM when also intermediate files and results are considered)
makes it burdensome to save the output directly in the storage
distributed volume (both VSC-3 and EODC). The storage
devices were not capable to efficiently handle the multiple
1/0 operations that were simultaneously requested from all
the computing nodes. All attempts for storing the output data
directly on distributed hard disk failed due to fatal crashes of
the nodes. This also occurs because distributed storage
volumes are designed to have an optimal performance for
files with the size of around 1-2 GB, and the usage of small
files increase the chances of crashing. Thus, the images were
divided into small groups of 8 and 2 images per job for ASAR
GM and WS, respectively, only 1 image for S1, and copied
in the RAM disk of the selected VSC-3 computing node.
Also, the output was temporarily cached in the RAM disk of
the node and only at the end of the processing the output was
copied on the hard disk (persistent BeeGFS or ESS storage
volumes). This computational strategy has minimized the
number of 1/O operations which result in reducing the stress
for the storage system. The maximum number of images (i.e.,
8 ASAR GM, 2 ASAR WS and 1 S1A/B) that a single node
can process was constraint based on the available RAM on
each node.

By exploiting the I/O and CPU processing times, the
maximum number of simultaneously running nodes can be
easily determined in order to fully utilize the available
bandwidth without risking to saturate the network and disk.
As shown in Table 2 the writing/reading rate for the VSC-3
and EODC storage is about 1.2 and 1.4 GB/sec respectively.
This means that the time required to read and copy a S1A
image (of size around 2 GB) on the RAM disk of the
computing node is approximately 2 seconds. This occurs only
if no other nodes are performing 1/O operations (Table 2
shows that when 5 CPUs are simultaneously writing, the 1/0
rate drops to 500 MB/sec). The output (4 GB) of the
processing chain is doubled the size of the input (2 GB),
which will double the time to transfer and write this processed
data from the node RAM disk to the storage.

To fully utilize the available resources in an optimal way and
avoid the fatal breakdown of network and storage, a new
strategy of calculating the maximum number of nodes that
can be ran in a sustainable manner, is defined. Where, when
one node is finished with reading or writing task the another
node can immediately follow to start reading or writing.

Figure 2 shows a graphical abstract of the proposed strategy;
when node 1 has finished to read data (block horizontal
dashed), node 2 can start to perform its data reading and so
on for node 3 until node n. Same evaluation is also valid for

the writing operation, and therefore the ratio between CPU
processing time and the total 1/O time provides the number of
nodes such as when a node has finished its own I/O operations
another can start without 1/0 overlapping.

time

El Reading time
[] Processing time
@ Writing time

Figure 2. Logic to evaluate the optimal number of nodes

Taking into account that the S1 single-scene average pre-
processing time is around 40 minutes, the optimal number of
nodes for processing S1 images in terms of using the full
bandwidth without the risk of saturation can be approximated
by the following formula:

Processing time
1/0 time

40 = 60 sec

~ Read + Writing time ~ 2 sec + 4 sec

Optimal number of nodes =

Processing time
= 400 nodes

If less than 400 nodes are used, the bandwidth is not fully
exploited while if more than 400 nodes are used the
bandwidth will be saturated and computing nodes will
automatically be put in a queue by the operative system
increasing the chances of a system crash. The same procedure
has been employed to ASAR GM and ASAR WS datasets for
optimal number of processing nodes evaluation. For ASAR
GM the average processing times were less than 1 minute.
Groups of 8 images were sent to the computing node for a
total of maximum 8 minutes of processing times. Reading and
writing operations were performed in less than a second,;
therefore the optimal number of nodes roughly are:

Processing time
Read + Writing time

Optimal number of nodes =

_ 8x* 160 sec

=—— =~ 480 nod
.5sec + .5 sec noaes

For ASAR WS the average processing times were about 5
minutes. As groups of 2 images were sent to a single
computing node, 10 minutes of processing times were
needed. Reading and writing were performed in less than a
second; the optimal number of nodes is therefore:
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Processing time

Optimal b des = N
ptimal number of nodes Read + Writing time

_2*5*605ec

=——— = 300 nod
1sec + 1 sec nodes

It is important to note that for ASAR GM and ASAR WS, the
strategy to send groups of images has increased the
processing time and consequently the number of optimal
nodes that are possible to employ.

Table 2. Performance VSC-3 / EODC storage, average
experimental values

Performance VSC-3 BeeGFS EODC storage
distributed storage IBM ESS
1/0 rate of 1 CPU writing 1 file 1.2 GB/s 1.4 GB/s
of 2.7 GB
Average I/O rate of 5 CPUs 450 MB/s 500 MB/s
each writing 1 file of 2.7 GB

All storage parts are accessible from the supercomputer, as
well as from the cloud infrastruct