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9th ESA-EUSC-JRC Conference on Image Information Mining

Preface

The Image Information Mining 2014 conference (5th–7th of March 2014) is the 9th in the series
jointly organised by the European Space Agency (ESA), the European Union Satellite Centre (SatCen1),
and the Joint Research Centre (JRC) of the European Commission since 2009. It has been hosted for
the first time in Romania, at the University Politehnica of Bucharest with support from the Romanian
Space Agency (ROSA).

The main topics addressed by the conference are: image information mining and indexing models,
multi-sensor and multi-temporal information extraction, automatic semantic annotation, ontologies and
semantic web, database management systems and visualisation tools, learning paradigms for very large
and big data sets, spatio-temporal search engines, human-machine communication, knowledge discov-
ery in databases. The main target audience includes the European space agencies and organisations,
aerospace industry and research centres, research and academic institutions, commercial companies,
value adders or service providers involved in any of above areas.

A total of 42 papers were submitted for presentation at the conference. Following the peer-review
process by members of the conference programme committee, 18 papers were selected for oral and
20 for poster presentations (for a total of 110 distinct co-authors with affiliations originating from 17
different countries). Together, these papers provide a snapshot of the on-going applied and theoretical
developments as well as projects related to image information mining from EO data.

This year’s programme mirrors the evolution of Earth Observation (EO) towards the increasing
availability of open data and the challenges posed by big data from space. It anticipates the forthcom-
ing Copernicus programme that will further change our view over data availability ensuring up to 2020
the long-term, regular observation and monitoring of the atmosphere, oceans, and continental surfaces,
providing reliable, validated and guaranteed information to support a broad range of environmental and
security applications and decisions. The Sentinels missions will not only be a driver for economic
growth, encouraging small and medium-sized enterprises to develop user-driven services they will as
well set the challenge for research and development activities on how to augment the usability of the
millions of images and EO products being collected to a larger and larger group of end user applica-
tions. The programme also reflects the engagement of Romanian research, academic, governmental,
and private sectors in playing an increasing active role in Earth Observation and IIM in particular.

These proceedings include all contributions that have been accepted for oral and poster presenta-
tions. They are organised in topics following the sequence of conference oral sessions and terminate
with contributions that were presented as regular and project posters:

1. Content Based Image Retrieval;

2. Feature Extraction I;

3. Data Mining;

4. Feature Extraction II;

5. Applications;

6. Big Data and Analytics;

7. Use Cases and Applications;

8. Regular Posters;

1The acronym SatCen supersedes the former EUSC acronym.

i

http://www.esa.int
http://eusc.europa.eu
http://jrc.ec.europa.eu


9th ESA-EUSC-JRC Conference on Image Information Mining

9. Project Posters.

Further to the oral and poster contributions, the above oral session were enriched by the following
respective enlightening introductory keynote lectures:

1. Heterogeneous Document Management and Search for Earth Observation
by Marco Quartulli (Vicomtech, Spain)

2. Direct Processing of Compressed SIFT Feature Vectors
by Dana Shapira (Ashkelon Academic College, Israel)

3. Things and Stuff: A Computer Vision Perspective
by Nicu Sebe (University of Trento, Italy)

4. Real-Time Interactive Learning: from Low Level Descriptions to Structures and Objects in EO
Data
by Marin Ferecatu (Conservatoire National des Arts et Métiers, France)

5. Reprocessing Archived EO Data for Mapping Urban Sprawl: Efficiency Versus Accuracy
by Paolo Gamba (University of Pavia, Italy)

6. Unleashing Big Data - but what is Big, and what is Data?
by Peter Baumann (Jacobs University, Germany).

In addition, the following agency talks were delivered in an initial session following the conference
opening by the rector of the University Politehnica of Bucharest:

• Romanian Space Agency (ROSA) activities
by Marius-Ioan Piso (ROSA Director)

• European Union Satellite Centre (SatCen) activities
by Pascal Legai (Deputy Director)

• European Space Agency (ESA) activities
by Pier Giorgio Marchetti (ESA-ESRIN)

A series of life demonstrations was also presented during the poster session. The morning of the
third and last conference day was devoted to a special Session for Romanian institutes and companies
(with demonstrations) followed by discussions and general conclusions.

Additional conference materials such as electronic version of the slides presented at the conference,
including those regarding keynote lectures, will be added on the conference website upon availability,
please check http://rssportal.esa.int/tiki-index.php?page=ESA-EUSC-JRC-2014 for updates.

We would like to thank all authors and presenters of ESA-EUSC-JRC 2014 Image Information
Mining conference as well as the numerous participants (about 100 coming from more than 20 different
countries). Together, they have ensured the success of the 9th edition of the conference. A special
thank goes to the Programme Committee members and the additional reviewers for 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. We are also grateful to the Romanian Space Agency and the
University Politehnica of Bucharest for their support.

The Editors of the IIM 2014 conference proceedings
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Supervised Incremental Feature Coding for SAR Image Classification . . . . . . . . . . . . . . . . . . . . . . . . . . 85
Shiyong Cui and Mihai Datcu

A Taxonomy for High Resolution SAR Images . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
Octavian Dumitru, Shiyong Cui, Gottfried Schwarz and Mihai Datcu

A Case Study for User Evaluation of a CBIR Tool: an Application of Open-Ended Feedback
with Comment Clustering and Inductive Categorization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

Ambar Murillo, Nicolae Nistor and Mihai Datcu

Accelerated Knowledge-Driven Image Mining System for Data Fusion in Big Data . . . . . . . . . . . . . . 97
Kevin Alonso and Mihai Datcu

Analyzing and Retrieving Remote Sensing Images from Large Data Archives . . . . . . . . . . . . . . . . . . . 101
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Alejandro Cristo, Rosa Maria Pérez, Pablo Martinez and Luz M. Hernández

Semantic Integration of Coastal Buoys Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
Rakesh Gourineni, Surya Durbha, Nicolas Younan and Roger King

vi



9th ESA-EUSC-JRC Conference on Image Information Mining

With the Eyes of a Human: Combining IIM Solutions of Inland (Interscale Landscape Diversity
Modelling Methodology) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

Györk Fülöp
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A COMPARATIVE STUDY OF SAMPLE SELECTION STRATEGIES BASED ON OPTIMUM
EXPERIMENTAL DESIGN FOR SAR IMAGE CLASSIFICATION

Shiyong Cui, Mihai Datcu

Remote Sensing Technology Institute (IMF)
German Aerospace Center (DLR)
Oberpfaffenhofen, 82234 Weßling

Email: shiyong.cui, mihai.datcu@dlr.de

ABSTRACT

In this paper, we evaluate sample selection strategies based
on optimum experimental design for SAR image classifica-
tion. Traditionally, support vector machine active learning is
widely used by selecting the samples close to the decision sur-
face. Recently, new methods based on optimum experimental
design have been developed. To gain a complete understand-
ing of these selection strategies, a comparative study on three
approaches, transductive experimental design, manifold adap-
tive experimental design and locally linear reconstruction, has
been performed for SAR image classification using different
features. Among the three approaches,we show that mani-
fold adaptive experimental design performs best and stably in
terms of both accuracy and computational complexity.

Index Terms— Synthetic aperture radar (SAR), SAR im-
age classification, Optimum experimental design (OED), Ac-
tive learning, Support vector machine (SVM).

1. INTRODUCTION

Traditionally, support vector machine active learning [1] is
widely used by selecting the samples close to the decision
surface. Recently, new methods based on optimum experi-
mental design have been developed. In [2], Transductive ex-
perimental design (TED) has been propose for text classifica-
tion and achieved promising results. A convex relaxation of
the optimization was introduced in [3]. Based on the observa-
tion that TED does not consider the local manifold structure,
manifold adaptive experimental design (MAED) and sample
selection based on locally linear reconstruction (LLR) have
been proposed respectively in [4] and [5] to incorporate man-
ifold structure. Both approaches shows promising improve-
ment for classification. Therefore, in this paper, a compar-
ative study to evaluate and compare these sample selection
based on optimum experimental design is carried out for SAR
image classification.

2. OPTIMUM EXPERIMENTAL DESIGN

Consider the following linear regression

y = wTx + ε ε ∼ N (0, σ) (1)

where w is the parameter to be estimated andX = (x1, x2, ..., xn)
and y = (y1, y2, ..., yn) are the observation, ε is the Gaus-
sian noise with zero mean and variance σ2. According to
least square estimation, the optimal estimation and the error
covariance are

ŵ = (XXT )−1Xy (2)

C(ŵ) = σXXT (3)

The error covariance matrix represents the informative-
ness of the selected data from all the measurements V =
(v1, v2, ..., vm),m > n. The objective of OED is to select the
most representative samples for estimation such that the error
is minimized. Let mj ,mj ∈ Z, j = 1, 2, ...,m denote the
times of vj being selected, so we have

∑m
j=1mj = n. The

error covariance matrix can be written as

E =

( n∑

i=1

xix
T
i

)−1

=

( m∑

j=1

mjvjv
T
j

)−1

(4)

Because of the integer constraints on mj , it can be relaxed
by replacing mj with its fraction τj = mj/n. Therefore,
OED can be formulated as minimization of some scalars of
the covariance matrix. For instance, the E-optimal design
minimizes the norm of C(ŵ), formulated as:

minimize
∥∥∥∥
( m∑

j=1

τjvjv
T
j

)−1∥∥∥∥ (5)

subject to τj > 0, τ1 + τ2 + ·+ τm = 1

This optimization can be solved by convex optimization. Af-
ter solving the optimization, the data points associated with
the n largest τ are selected as training set. Another two com-
mon scalars of the covariance matrix to be minimized are de-
terminant and trace, corresponding to D-optimal design and
A-optimal design.
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3. SAMPLE SELECTION STRATEGIES

In this section, we briefly recall three recent developed sample
selection strategies: transductive experimental design, mani-
fold adaptive experimental design, and selection based on lo-
cally linear reconstruction.

3.1. Transductive experimental design

To overcome the shortcomings of classical experimental de-
sign, TED proposed recently in [2] considers the regularized
least square for the estimation in (1) by minimizing the fol-
lowing equation.

ŵr = argmin
n∑

i=1

(yi −wTxi + ε) + γ‖w‖ (6)

It is know that the optimal solution and the covariance can be
written as follows:

ŵr = (XXT + γI)−1Xy (7)

C(ŵr) = σ2(XXT + γI) (8)

Different from the classical experimental design, TED selects
the data points by minimizing the average predictive error on
all the available data V .

Ēt =
σ2

m
Tr(V T (XXT + γI)−1V ) (9)

After mathematical derivation, this optimization can be for-
mulated as

minimize
m∑

i=1

‖vi −Xαi‖2 + γ‖αi‖2 (10)

subject to X ⊂ V, αi ∈ Zn

However, this optimization is NP-hard. A greedy sequential
algorithm is proposed to seek for a suboptimal solution by
selecting one data after another. Recently, a convex relaxation
of (12) was introduced by introducing auxiliary variables β =
(β1, ..., βn).

minimize
m∑

i=1

(
‖vi − V αi‖2 +

m∑

j=1

α2
i,j

βj

)
+ γ‖β‖1 (11)

subject to βi > 0, α, β ∈ Rn

It has been shown that this objective function is convex, which
can be solved for a global optimum.

3.2. Locally linear reconstruction

Inspired by Locally Linear Embedding (LLE) [6], a selection
strategy based on local reconstruction was introduced in [5].
Based on the assumption that the data point can be linearly

reconstructed from its k nearest neighbors, the optimal recon-
struction coefficient can be solved by minimizing

minimize
m∑

i=1

‖xi −
m∑

j=1

Wijxj‖2 (12)

subject to
m∑

j=1

Wij = 1,Wij = 0 if xj /∈ Nk(xi)

where Wij is the contribution of the jth data point to the re-
construction of ith data point, and Nk(xi) is the k nearest
neighbors of data point xi. To select representative points,
all the reconstructed points should be represented by the se-
lected data points, which can be achieved by minimizing the
following cost function

E(q1, ..., qm) =

n∑

i=1

‖qsi − xsi‖2 + µ

m∑

i=1

‖qi −
m∑

j=1

Wijqj‖2

(13)
After taking the derivative, the reconstructed points can be
represented by the selected points as follows

Q = (µM + Λ)−1ΛV (14)

With the selected data points and the reconstructed data
points, the reconstruction error should be minimized as fol-
lows.

e(x1, ..., xn) = ‖V −Q‖2 = ‖(µM + Λ)−1µMV ‖2 (15)

A sequential optimization and convex relaxation were pro-
posed to find the solution. while the sequential optimization
can find a suboptimal solution, the convex relaxation algorith-
m guarantee a global optimized solution at the cost of com-
putational expense.

3.3. Manifold adaptive experimental design

Based on the observation that TED does not consider the man-
ifold structure, the manifold structure has been incorporated
into the reproducing kernel Hilbert space (RKHS), leading to
a manifold adaptive kernel space. Given all the data points V ,
the reproducing kernel in Hilbert space is

Kr(x, z) = K(x, z)− λKx
T (I +MK)−1Mkz (16)

where K is the kernel function and K is the kernel matrix

kx =
(
K(x,v1), ...,K(x,vm)

)T
(17)

The key point is to select the matrix M . To incorporate the
manifold structure, a nearest neighbor graph is constructed,
resulting in a weight matrix, the entry of which is 1 only when
the two data points are the mutual neighbors of each other. By
replacing the matrix M by the graph Laplacian L = D −W ,
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Fig. 1. Example images in the database.

D is a diagonal matrix given by Dii =
∑
j = 1mWij , the

manifold adaptive kernel is defined as

Km(x, z) = K(x, z)− λKx
T (I + LK)−1Mkz (18)

It is worth to note that any kernel functions can be converted
to manifold adaptive kernel. Therefore, the convex TED can
be performed in manifold adaptive kernel space. The objec-
tive function in (11) is converted to

m∑

i=1

(
φ(xi)

Tφ(xi)− 2αT
i φ(X)Tφ(xi)+ (19)

αT
i φ(X)Tφ(X)αi + αT

i diag(β)αi

)
+ γ‖β‖1

Setting the derivative of the objective function with respect to
αi, we can obtain

αi =
(
diag(β +KM )−1

)
φ(X)Tφ(xi) (20)

After obtaining α, we take the derivative with respect to β by
fixing α and solution is given by

βj =

√√√√ 1

γ

m∑

i=1

α2
ij (21)

Therefore, iterative optimization can be adopted to solve the
optimization.

4. EXPERIMENTS AND EVALUATION

4.1. Evaluation on SAR image data

A toy example is given first using synthetic data to evaluate
visually the three sample selection strategies. In this example,
46 points are generated in two circles. Three approaches are
applied to this data set to selection 8 points. The selected
points as shown in Fig.2 are marked using red color and are
quite representative in terms of the manifold structure.

We compare the three selection strategies presented in
section 3 for SAR image classification. The database we
used has 10 classes and each class has 100 images with size
200 × 200. Example images from all classes are shown in

Fig.1. The database is created buy cutting several TerraSAR-
X images acquired in Spotlight mode.

Different features are used for assessment. The feature we
used are Gabor textures, Bag-of-Words features (BoW), and
adapted SIFT features. We used 4 scales and 6 orientations for
Gabor texture extraction. In our previous work [7], we have
demonstrated that Ratio of Mean Difference (RMD) based on
ratio operator is important for SAR images. Based on the
RMD, we proposed BoW feature using only mean, variance,
and RMD. We adapt the SIFT feature to SAR images using
RMD. Adapted SIFT features are extracted densely from 20×
20 patches with no shift in two directions. The gradient of the
image is replaced by the RMD image computed with window
size 9 × 9. Both BoW feature and SIFT-BoW are extracted
by counting the word frequency histogram and the words are
obtained by clustering the dense features into 100 words using
Enhanced Linde-Buzo-Gray (ELBG) algorithm [8].

4.2. Evaluation and comparison

All the three kinds features are used for evaluation. 10
datasets are created based on the database, each of which is
created by random selecting 80 images from each class for
evaluation. Therefore, each data set has 10× 80 images. The
three sample selection strategies are applied to each data set
using different features. The selected data points are used as
training data and the remaining ones are used as test data. The
classifier we used is Support Vector Machine (SVM). The ac-
curacies of each selection approach versus the sample size are
plot in Fig.3. For the sake of comparison, random sampling
(RS) is included as a baseline. The accuracy increases as
the sample size n increases. It is worth noting that sample
selection approach is not always helpful. This is demonstrat-
ed by the green curve in Fig.3(b) and (c) Generally, MAED
performs better than other two approaches especially when
the sample size becomes large. However, all three selection
approaches depend on the features. It seems that MAED and
convex TED performs quite well for powerful features. In the
case of Gabor texture features, they both converge to 100%
after the sample size becomes larger than 20. Compared
with the other two approaches, the performance of MAED
is much stabler for difference features. For BoW features
and SIFT-BoW features, convex TED performs as worse as
random sampling. Compared to the conclusion in [5] that
LLR performs better than TED, it seems that convex TED
improves significantly and performs better than LLR in the
case of strong feature (Gabor) as seen from the figure.

5. CONCLUSION

In this paper, a comparative evaluation is carried out to assess
the performances of three sample selection strategies based
on optimum experimental design for SAR image classifica-
tion using different features. Manifold Adaptive Experimen-

Content Based Image Retrieval

Proceedings of ESA-EUSC-JRC 9th Conference on
Image Information Mining doi: 10.2788/25852

3 University Politehnica of Bucharest (Romania)
5–7 March 2014

http://dx.doi.org/10.2788/25852


2 4 6 8

2

4

6

8

  1
  2

  3

  4

  5

  6

  7

  8

TED

(c)

2 4 6 8

2

4

6

8
  1

  2

  3   4

  5

  6

  7

  8

LLR

(a)

2 4 6 8

2

4

6

8

  1

  2

  3

  4
  5

  6

  7

  8

MAED

(b)

Fig. 2. Comparison of three sample selection strategies using synthetic data.
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Fig. 3. Performance evaluation of three sample selection strategies for SAR image classification using different features.

tal Design (MAED) performs well and stably compared with
Locally Linear Reconstruction and convex Transductive Ex-
perimental design (TED). Convex TED is quite sensitive to
features. In the case of strong features, convex TED per-
forms quite well, however it performs as similar as random
sampling in the case of weak features. However, there is not
always profit from sample selection strategy. Computational
complexity of LLR is higher than MAED and Convex TED,
especially in the case of large data set. It is worth to note
that all these three approaches do not consider the label in-
formation. This gives us a hint to consider both the manifold
structure and the label information in the process of selection,
which might be able to improve the accuracy.
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ABSTRACT

We introduce a multiresolution analysis for detecting modes
in distributions of lower dimensionality. The analysis gen-
erates a (non-parametric) density estimate for a range of
bandwidths (kernel widths), thus creating a spatial-bandwidth
(density) space. In this space one can detect modes by care-
fully analyzing the density ’consistency’ along the bandwidth
axis. We show how the analysis can detect modes in complex,
multimodal distributions, such as the ones encountered in im-
age analysis. Together with our classification system reported
earlier, we obtain a classification performance of 79.2% on
the land-use satellite image collection containing 21 classes.

Index Terms— non-parametric density estimation, Parzen
window, multiresolution analysis, mode finding

1. INTRODUCTION

Non-parameteric kernel density estimation is used frequently
in image analysis. A major challenge of this type of densi-
ty estimation is the choice of a suitable bandwidth h [1, 2].
While there exist good choices for univariate and unimodal
distributions [3], where typically a single, global h is select-
ed, the proper choice remains a challenge for multivariate and
multimodal distributions [4] - as frequently encountered im-
age analysis. It is then obvious to vary the bandwidth and
that idea has spurred two notable directions. One is the use of
variable bandwidths for single points, that is h is made adap-
tive for different dimensions and points [5]; this approach can
provide better performance sometimes than if only a single h
is chosen, but it remains somewhat unsatisfactory for multi-
modal distributions. The other direction is the use of a mul-
tiresolution space as explored by [6, 7], but this direction has
been discontinued as it was concluded that there is not the de-
sired improvement. We here continue along the latter direc-
tion with a crucial improvement, namely a systematic analysis
of the space along the bandwidth axis.

2. METHOD

The analysis starts by generating the space, namely by gen-
erating an individual density estimate for a range of band-
widths. The density estimate for a given bandwidth is now
called signature. For each signature we determine its major
modes (maxima), which we now term clots. We then apply
a consistency measure, that estimates how consistent a clot
appears across bandwidths: only consistent clots correspond
to actual ’densities’, which would correspond to the modes
(or cluster centers) that we desire to detect in the data. This
consistency measure is in analogy to the consistency measure
that we had applied for the problem of curve partitioning [8]:
detecting smooth arcs in a curve is the same type of signal-
detection challenge as detecting density modes in a point dis-
tribution. We then select the dominant clots, which corre-
spond to modes.

Generating the Space: Given is a data distribution xt
with N points (t = 1, .., N ). The density signature d(t) is
generated with a Parzen kernel window K(·) placed at each
query (sample) point xq:

d(xq) =
1

N

N∑

t=1

1

VDh
K
(‖ xq − xt ‖

h

)
, (1)

where h is the kernel width and VDh is the volume encom-
passed by K(·). To generate the density space we simply
generate signatures for a range of values of h and denote the
space as D(h, xq): the space has a bandwidth axis h and a
spatial axis spanned by xt. The minimal bandwidth is set to
be the standard deviation σ of the distribution xt multiplied
by
√
2; the bandwidth is stepwise increased by squaring the

previous bandwidth until half the data range is covered:

D(h, xq) h = [
√
2σ, 2σ, ..., range(xt)/2] (2)

To determine later the consistency measure for clots, we cre-
ate a consistency space G(h, xq), where each entry measures
the local density similarity along the bandwidth axis by taking
the density-normalized, squared difference across signature
points. If we shortnote dhx = D(h, xq) for an entry of the s-
pace, as well as dh−1x = D(h−1, xq) and dh+1

x = D(h+1, xq)
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for the corresponding smaller and higher bandwidth entries,
we can write

G(h, xq) =

(
dhx − |dhx − dh−1x |

dhx

)2(
dhx − |dhx − dh+1

x |
dhx

)2

.

(3)
Put differently, we turn the deviation of the density measure
along the bandwidth axis into a similarity measure ranging
from 0 to 1. Squaring the difference terms penalizes large
deviations.

Clotting: For each signature, we determine its clots (lo-
cal modes) by a repeated two-step procedure of maximum s-
election and neighborhood suppression. For a selected maxi-
mum with location q̂ at bandwidth ĥ, a spatial neighborhood
x∩ = [xa, xb] proportional to the bandwidth is suppressed,
(xb − xa) ∝ ĥ, with q̂ at center: d(x∩) = 0. This contin-
ues until the entire signature has been suppressed. For each
selected clot range x∩ two values are determined, the densi-
ty range and the integrated consistency. We multiply the two
values and call the product the ’clotness’ measure:

cĥ,q̂ = range
(
Dĥ(x∩)

) ∫

x∩

Gq̂(xq)dx. (4)

We can think of the selected clots cĥ,q̂ as a list of points or as
a sparse clotness space C(h, x) with positive clotness values
only where a clot was identified.

Mode Selection: Selecting modes occurs similar to de-
termining clots, namely by a two-step procedure of maximum
selection and neighborhood suppression. Here in contrast,
maxiumum selection occurs for the entire space and suppres-
sion occurs for a region within the space. For a selected max-
imum with location q̂ at bandwidth ĥ, a spatial-bandwidth
neighborhood in the clotness space C(he, xe) is suppressed,
with the size of xe again proportional to ĥ (and q̂ at center)
and he = [ĥ−a, ĥ+a]. The selection-suppression procedure
continues until the entire space is suppressed; it results in a list
of modes mĥ,q̂ and a mode space M(h, xq), respectively.

Global Mode Selection: If data were free of irregular-
ites (’noise’) then mode selection as just described would be
sufficient. In practice however, irregularites can exhibit large
densities and thus modes, which appear as more dominan-
t than the actual global modes. A further selection, in which
we favor global modes over local modes could be pursued.
But that strategy may ignore cases in which the pattern may
indeed exhibit only many local modes, without possessing a
globally relevant cluster. Thus, one can not escape to specify
a selection strategy and we chose here to test a global-to-local
strategy. The selection is based again on a two-step selection-
suppression procedure.

Implementation: Figure 1 shows an example of an im-
plementation. Parameter a for mode selection was set to 3
(discretized) bandwidths.
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Fig. 1. Density analysis for a univariate distribution. Each
graph contains a density signature for a given bandwidth; the
widths are numbered 1 to 7 (top to bottom) and their actual
value are given in parentheses, ranging from 0.75 to 5.87 for
this data distribution. The data distribution is shown in each
subplot at y=0 with black dots; the signature Dh(xq) is shown
in dark gray; the consistency Gh(xq) in light gray. Note that
the density is taken at sample points only - no inter-sample
estimation has taken place. Filled circles: detected clots C;
circle size is proportional to clotness value c. Triangles: de-
tected modes M.

3. EVALUATION

We show two types of evaluations, one for synthetic data (fig-
ures 2-5) and one example for a real-data distribution (figure
6).

One set of synthetic data consisted of 6 different sets of
patterns, each one undergoing a gradual change. Figure 2
shows the patterns in one dimension. The first set is gener-
ated with random points selected from a uniform distribution,
whereby the number of drawn points increases (from bottom
to top, within the top graph). Another set of patterns consist of
two random point sources: initially they strongly overlap and
then gradually separate (2nd graph from top). The same sep-
aration is done for three and four sources (3rd and 4th graph,
respectively). Another set of patterns was a density embedded
in a noisy background, whereby only the number of points
for the dense region in the center increased (5th graph; 2nd
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Fig. 2. Test patterns in one dimension. 6 types of patterns
undergoing gradual changes (the change occurs from bottom
to top). Top graph: 12 patterns of uniformly drawn random
samples ∈ [0, 1] for increasing N . 2nd-4th graph: 2,3 and
4 ’sources’ increasingly separated. 2nd from bottom: one
source with increasing N , embedded in uniform noise’. Bot-
tom graph: 2 sources increasingly separated, embedded in
uniform noise.

from bottom). The last set of patterns contained two densities
embedded in a random background, gradually separating and
with increasing number of points (bottom graph). We test-
ed these patterns also in 2 dimensions, where the sources are
square; in 3 dimensions, where they are cubes; etc. Up to 6
dimensions were tested.

The number of correctly spotted modes was determined.
We use the term spotting as it is only a coarse localization.
50 repetitions were carried out in total, see figure 3 for the
mean and standard error. The mode count for the first type
of pattern, consisting of uniform random points, is shown for
reference only. The count for dimensions 3 and 5 is not shown
for clarity.

For the 2nd set of patterns, consisting of 2 sources sep-
arating, the average count is initially overestimated for one
and two dimensions, for 4 dimensions it appears steady, for 6
dimensions it is underestimated; but for all dimensions there
is convergence to the correct count. For higher dimensions
however, the overall count starts to decrease. The same can

be observed for 3 and 4 sources separating, see center row in
figure 3. But for higher dimensionality the underestimation is
severe, which however does not occur for one and two sources
in noise (bottom row).
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Fig. 3. Estimating the number of modes for the 6 patterns
shown in figure 2 for 1,2,4 and 6 dimensions (black solid to
gray stippled). The x-axis corresponds to y-axis of figure 2.

In a second set of synthetic data, we used 4 two-dimensional
patterns as shown in figure 4. Figure 5 shows that the modes
were correctly spotted.

Finally, we show one example of a real-data analysis,
namely for a two-dimensional distribution of segment lengths
and segment orientation taken from a gray-scale image (fig-
ure 6). There are many points at the same spatial location
along horizontal lines, see for instance orientation values at
0.2, 0.45, 0.79, which makes it difficult for the observer to
obtain a visual grasp of the densities. 9 modes were spotted,
often centered around those lines.

The density estimation method was used in an elaborate
image classification system, which we reported already in [8].

Content Based Image Retrieval

Proceedings of ESA-EUSC-JRC 9th Conference on
Image Information Mining doi: 10.2788/25852

7 University Politehnica of Bucharest (Romania)
5–7 March 2014

http://dx.doi.org/10.2788/25852


0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
Adjacent

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
Touching

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
1 Embedded

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
2 Embedded

Fig. 4. Two-dimensional test patterns. Upper left: Two ad-
jacent clusters (two horizontal ’bands’). Upper right: two
touching clusters. Lower left: a cluster embedded in ’noise’.
Bottom right: two clusters embedded in noise.
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Fig. 5. Mode spotting results; compare with previous figure.
The mode locations were correctly spotted; the surrounding
region is highlighted.

On the land-use satellite image database [9], we obtain a clas-
sification performance of 79.2 %, which is in the ballpark of
the benchmark (81.19%).

4. DISCUSSION & SUMMARY

It was shown that the density space analysis allows to spot
modes in complex distributions. For higher dimensionality (5
and more) the method appears to break down, possibly caused
by the curse of dimensionality and the kernel choice [4].
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ABSTRACT

Lots of Earth Observation data has become available at no
charge in Europe and the US recently and there is a strong
push for more open EO data. Open EO data that are currently
made available by space agencies are not following the linked
data paradigm. Therefore, from the perspective of a user, the
EO data and other kinds of geospatial data necessary to sat-
isfy his or her information need can only be found in different
data silos, where each silo may contain only part of the needed
data. Opening up these silos by publishing their contents as
RDF and interlinking them with semantic connections will al-
low the development of data analytics applications with great
environmental and financial value. This is the goal of the new
European project LEO which we introduce in this paper.

1. INTRODUCTION

Lots of Earth Observation (EO) data has become available at
no charge in Europe and the US recently and there is a strong
push for more open EO data. For example, a recent paper on
Landsat data use and charges by the US National Geospatial
Advisory Committee - Landsat Advisory Group starts with
the following overarching recommendation: “Landsat data
must continue to be distributed at no cost”. Similarly, the five
ESA Sentinel satellites that would soon go into orbit have al-
ready adopted a fully open and free data access policy.

Linked data is a new data paradigm which studies how one
can make RDF data available on the Web, and interconnect it
with other data with the aim of increasing its value [1]. In
the last few years, linked geospatial data has received atten-
tion as researchers and practitioners have started tapping the
wealth of geospatial information available on the Web [2]. As
a result, the linked open data (LOD) cloud has been rapidly
populated with geospatial data some of it describing EO prod-
ucts (e.g., CORINE Land Cover and Urban Atlas published
by project TELEIOS). The abundance of this data can prove
useful to the new missions (e.g., Sentinels) as a means to in-
crease the usability of the millions of images and EO products
that are expected to be produced by these missions.

This work has been funded by the FP7 project LEO (611141).

However, open EO data that are currently made available
by space agencies such as ESA and NASA are not following
the linked data paradigm. Therefore, from the perspective of
a user, the EO data and other kinds of geospatial data neces-
sary to satisfy his or her information need can only be found
in different data silos, where each silo may contain only part
of the needed data. Opening up these silos by publishing their
contents as RDF and interlinking them with semantic connec-
tions will allow the development of data analytics applications
with great environmental and financial value.

The European project TELEIOS1 is the first project in-
ternationally that has introduced the linked data paradigm to
the EO domain, and developed prototype applications that
are based on transforming EO products into RDF, and com-
bining them with linked geospatial data. Examples of such
applications include wildfire monitoring and burnt scar map-
ping, semantic catalogues for EO archives, and rapid map-
ping. The wildfire monitoring application is available on the
Web2 and has been used operationally by government agen-
cies in Greece in the summer fires of 2012. Recently, it has
also been awarded 3rd place in the Semantic Web Challenge.

TELEIOS concentrated on developing data models, query
languages, scalable query evaluation techniques, and efficient
data management systems that can be used to prototype appli-
cations of linked EO data. However, developing a methodol-
ogy and related software tools that support the whole lifecy-
cle of linked open EO data (e.g., publishing, interlinking etc.)
has not been tackled by TELEIOS. The main objective of the
new European project “Linked Open Earth Observation Data
for Precision Farming” (LEO) presented in this paper is to go
beyond TELEIOS by designing and implementing software
supporting the whole life cycle of linked open EO data and its
combination with linked geospatial data, and by developing a
precision farming application that heavily utilizes such data.

LEO brings together the two core academic partners of
TELEIOS (National and Kapodistrian University of Athens
and Stichting Centrum voor Wiskunde en Informatica), two
SMEs with lots of experience with EO data and their appli-
cations (Space Application Services and VISTA) and and one

1http://www.earthobservatory.eu/
2http://papos.space.noa.gr/fend_static/
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industrial partner with strong Farm Management Information
Systems experience (PC-Agrar). LEO has started on October
1st, 2013 and will last for two years.

The rest of the paper is organized as follows. Section 2
presents the scientific and technical objectives of LEO. Sec-
tion 3 presents in more detail some of the research to be car-
ried out in the project. Finally, Section 4 concludes the paper.

2. SCIENTIFIC AND TECHNICAL OBJECTIVES OF
LEO

The detailed scientific and technical objectives of LEO are the
following:

1. To capture, as precisely as possible, the life cycle of
linked open EO data.

2. To develop publishing tools that transform open EO
data and metadata, made available by space agencies
such as ESA and NASA, from their standard formats
into RDF and make it available on the LOD cloud.

3. To develop publishing tools that transform open geospa-
tial data and metadata from their standard formats into
RDF and make it available on the LOD cloud. Open
geospatial data (e.g., digital maps, administrative data,
environmental data, etc.) are typically used together
with EO data in applications such as precision farming
and are made available by public agencies as well (e.g.,
the Bavarian Topographical Survey for our precision
farming application).

4. To develop tools that interlink open EO data sources
and geospatial data sources published as RDF.

5. To develop tools for cross-platform searching, brows-
ing and visualization of linked EO data and linked
geospatial data.

6. To demonstrate the value of the developed tools by:

(a) Performing large-scale publication and linking of
open EO data from the GMES Space Component
Data Access warehouse managed by ESA, and
relevant geospatial datasets made available by
other public bodies in Europe.

(b) Developing a precision farming application that
shows how geo-information services based on
linked open EO data, linked geospatial data and
specialized algorithms can contribute to an envi-
ronmentally friendly increase in the efficiency of
agricultural production.

The next section discusses the first of these objectives in
more detail. Because this objective refers to the whole life
cycle of linked open EO data, our discussion covers most of
the other objectives as well; therefore, it serves as a short in-
troduction to the whole research agenda of LEO.

Fig. 1: The life cycle of linked open EO data

3. THE LIFE CYCLE OF LINKED OPEN EO DATA

Developing a methodology and related software tools that
support the whole life cycle of linked open EO data has not
been tackled by any research project in the past, although
there is plenty of such work for linked data e.g., by project
LOD2 and others [3, 4]. Capturing the life cycle of open EO
data and the associated entities, roles and processes of public
bodies making available this data is the first step in achieving
LEO’s main objective of bringing the linked data paradigm to
EO data centers, and re-engineering the life cycle of open EO
data based on this paradigm.

The life of EO data starts with its generation in the ground
segment of a satellite mission. The management of this so-
called payload data is an important activity of the ground seg-
ments of satellite missions. Figure 1 gives a high-level view
of the life cycle of linked EO data as we envision it at this
moment in project LEO (this is a preliminary version which
will be further refined in the course of the project).

Let us now briefly discuss each one of these phases:

• Ingestion, processing, cataloguing and archiving. Raw
data, often from multiple satellite missions, is ingested,
processed, cataloged and archived. Processing results
in the creation of various standard products (Level 1,
2, etc., in EO jargon; raw data is Level 0) together
with extensive metadata describing them. For exam-
ple, in the fire monitoring application developed in
project TELEIOS, images from the SEVIRI sensor are
processed (cropped, georeferenced and run through
a pixel classification algorithm) to detect pixels that
are hotspots. Then these pixels are stored as standard
products in the form of shapefiles. Raw data and de-
rived products are complemented by auxiliary data,
e.g., various kinds of geospatial data such as maps,
land use/land cover data, etc.

Raw data, derived products, metadata and auxiliary
data are stored in various storage systems and are made
available using a variety of policies depending on their
volume and expected future use. For example, in the
TerraSAR-X archive of DLR, long term archiving is
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done using a hierarchy of storage systems (including
a robotic tape library), which offers batch to near-line
access, while product metadata are available on-line by
utilizing a relational DBMS and an object-based query
language.

TELEIOS has developed two technologies that are im-
portant for the first two of the phases (ingestion and
processing): the SciQL data model and query language
[5] and data vaults [6]. SciQL is an SQL-based query
language for scientific applications with arrays as first
class citizens [5]. It allows stating complex satellite im-
age processing functions as declarative SciQL queries,
thus it eases substantially the development of process-
ing chains run by EO data centers today. The data vault
is a mechanism that provides a true symbiosis between
a DBMS and existing (remote) file-based repositories
such as the ones used in EO applications [6]. The data
vault keeps the data in its original format and place,
while at the same time enables transparent data and
metadata access and analysis using the SciQL query
language. SciQL and the data vault mechanism are im-
plemented in the well-known column store MonetDB3.

• Content extraction, knowledge discovery and data min-
ing, and semantic annotation. In the DLR knowledge
discovery and data mining framework developed in
TELEIOS [7], traditional raw data processing has been
augmented with content extraction methods that deal
with the specificities of satellite images and derive
image descriptors (e.g., texture features, spectral char-
acteristics of the image). Knowledge discovery tech-
niques combine image descriptors, image metadata and
auxiliary data (e.g., GIS data) to determine concepts
from a domain ontology (e.g., forest, lake, fire, burned
area) that characterize the content of an image. Hier-
archies of domain concepts are formalized using OWL
ontologies and are used to annotate standard products.
Annotations are expressed in RDF and are made avail-
able as linked data so that they can be easily combined
with other publicly available linked data sources (e.g.,
GeoNames, OpenStreetMap, DBpedia) to allow for the
expression of rich user queries.

In TELEIOS we have experimented with implementing
content extraction and KDD algorithms using SciQL
instead of specialized algorithms coded in an appropri-
ate programming language (e.g., C++ or Java).

• Tranformation into RDF. This phase transforms vector
or raster EO data from their standard formats (e.g.,
shapefiles or GeoTIFF) into RDF. In LEO we will ad-
vance the state of the art in transforming EO data and
geospatial data into RDF by first developing a generic

3http://www.monetdb.org/

stand-alone tool that will be able to deal with vec-
tor data and their metadata, and to support natively
all popular geospatial data formats (shape files, KML
and GeoJSON initially). The tool will produce RDF
data modelled as in the recent works on stSPARQL
and GeoSPARQL where new data types to encode the
geometry of features have been defined. Since the
transformation of raster data (e.g., raw satellite im-
ages) into RDF does not appear to be reasonable, this
stand-alone tool will allow the transformation of the
accompanying metadata only in such cases. As an ad-
vanced alternative, we will also integrate the extraction
and transformation functionality of the stand-alone
tool into MonetDB, a DBMS that supports both RDF
(via relational mapping using the Strabon front-end de-
veloped in TELEIOS) and arrays (natively via SciQL).
This approach allows the use of SciQL during the
mapping process, e.g., to extract features from the
raw raster data that can then be transformed into and
published as RDF. Also, it opens up possibilities for
on-demand extraction and transformation when query-
ing the RDF data using the data vault machinery of
MonetDB.

• Storage/Querying. This phase deals with storing all
relevant EO data and metadata on persistent storage so
they can be readily available for querying in subsequent
phases. In TELEIOS, MonetDB (with SciQL and the
data vault) is used for the storage of raw image data
and metadata [6] while the spatiotemporal RDF store
system Strabon4 and the query language stSPARQL
is used for storing/querying semantic annotations and
other kinds of linked geospatial data originating from
transforming EO products into RDF [8].

• Data cleaning. Before linked EO data is ready for pub-
lication, this step is used to clean the data by e.g., re-
moving duplicates etc. An important issue in this phase
is entity resolution which we discuss in more detail in
the “linking” phase below.

• Publication. This phase makes linked EO data pub-
licly available in the LOD cloud using well-known data
repository technologies such as CKAN. In this way,
others can discover and share this data and duplication
of effort is avoided.

• Interlinking. This is a very important phase in the
linked EO data life cycle since a lot of the value of
linked comes through connecting seemingly disparate
data sources to each other. Up to now, there has not
been much research or tools for interlinking linked
EO data. If one considers other published linked data
sets that are not from the EO domain, but have similar

4http://strabon.di.uoa.gr
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temporal and geospatial characteristics, the situation
is the same. These data sets are typically linked only
with owl:sameAs links and only to core datasets
such as DBpedia or Geonames. In addition, these links
are often created manually since existing tools such as
Google Refine and Silk have not been found to perform
satisfactorily for these datasets [9].

In LEO we will advance the state of the art in the area
of interlinking of linked open data by concentrating on
the geospatial, temporal and measurement characteris-
tics of EO data. The first problem to be studied will
be entity resolution. For geospatial data, entity resolu-
tion has been studied only for location (point) datasets
in [10]. We will extend the relevant techniques to the
case of more complex geometries captured by the spa-
tial literal data types of stSPARQL and GeoSPARQL
that will be utilized in the data published by LEO as
discussed above. If needed, we might also use ontology
alignment techniques to deal with situations where the
techniques of [8] would fail (e.g., when the types of fea-
tures considered are synonyms or one type is a subclass
of the other etc.). Finally, we will consider geospatial
entity resolution among EO datasets published by LEO
and already existing geospatial datasets that do not fol-
low the stSPARQL/GeoSPARQL modelling paradigm
and use different vocabularies such as W3C Geo (e.g.,
OpenStreetMap data published by the LinkedGeoData
project). This will result in the development of tech-
niques for geospatial entity resolution in datasets that
use heterogeneous geospatial vocabularies.

We will also study the problem of discovering other
kinds of semantic links that are geospatial or temporal
in nature. For example, in linked EO datasets, it will of-
ten be important to discover links involving topological
relationships e.g., A geo:sfContains F where A
is the area covered by a remotely sensed multispectral
image I, F is a geographical feature of interest (field,
lake, city etc.) and geo:sfContains is a topolog-
ical relationship from the topology vocabulary exten-
sion of GeoSPARQL. The existence of this link might
indicate that I is an appropriate image for studying cer-
tain properties of F.

• Search/Browse/Explore/Visualize. This is also a very
important phase since it enables users to find and ex-
plore the data they need, and start developing inter-
esting applications. For this phase in LEO, we plan
to extend the tools developed in ESA project RARE5

and the tool Sextant [11] developed in TELEIOS with
additional functionalities. Finally, we plan to make
these tools available for mobile devices (tablets, smart-

5http://deepenandlearn.esa.int/tiki-index.php?
page=RARE\%20Project

phones) to enable the use of EO data by ordinary users
and application specialists alike.

4. CONCLUSIONS

We discussed the vision of the new European project LEO
which intends to bring the linked open data paradigm to Earth
Observation by extending the results of project TELEIOS.
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ABSTRACT
Detection of heterogeneous objects that cannot be delineated
as a single region through image segmentation is a difficult
task in the analysis of very high spatial resolution images.
We describe an approach that uses individual region occur-
rence and pairwise co-occurrence histograms in image win-
dows using logistic regression classifiers that simultaneously
perform feature selection and learn classification models from
a small number of examples. The proposed generic method
is used to learn a sparse discriminative model to localize dif-
ferent compound objects in large image scenes. Experiments
using WorldView-2 data show that the method can success-
fully detect objects like school, retail, park, and residential
areas using similar parameter settings.

Index Terms— Object detection, facility detection, re-
gion co-occurrence, logistic regression, regularization

1. INTRODUCTION

Increasing spatial and spectral resolution in the new genera-
tion optical sensors has enabled the acquisition of new details
that were not previously visible in satellite images. How-
ever, these details have also limited the application of conven-
tional object detection techniques that are based on traditional
image segmentation and classification algorithms which ex-
pect the objects of interest to appear as homogeneous regions.
Even though some objects such as buildings, roads and trees
that have relatively homogeneous spectral content and consis-
tent shape can be recognized with a certain accuracy in these
images, detection of more complex objects such as schools,
power plants, shopping malls, recreational grounds is still
very difficult due to their heterogeneous content.

Previous work on the detection of heterogeneous struc-
tures in very high spatial resolution images involves the de-
tection of specific structures such as airports [1] and orchards
[2]. However, these methods are not generalizable because
they rely on the specific characteristics of these objects. More
generic methods include Gaussian mixture density estimation

This work was supported by DigitalGlobe, Inc. S. Aksoy was also sup-
ported in part by a Fulbright Visiting Scholar Grant.

using histogram of Gabor texture features for the detection
of golf courses and harbors [3], two-level classification where
the outputs of pixel-based classifiers in the first level are given
as input to the classifier in the second level for the detection of
high schools [4], and clustering of histograms of visual words
obtained using spectral, texture, and edge-based features for
the detection of nuclear plants, coal power plants, and airports
[5]. Nevertheless, these methods do not explicitly model the
spatial structures that comprise the objects of interest. An
alternative is described in [6] where signatures based on the
spatial relationships of pairs of regions were used for latent
topic discovery. Yet, such methods tend to capture very spe-
cific information, and may need very careful adjustment of
the parameter settings for different applications.

This paper describes our work on the detection of com-
pound heterogeneous objects that are modeled using combi-
nations of simpler homogeneous regions. After obtaining the
regions using image segmentation (Section 3), we represent
each image window using the frequencies of the occurrence
of individual region classes (Section 4) as well as their pair-
wise co-occurrence frequencies (Section 5). Then, we use
logistic regression with a sparsity constraint to train a binary
classifier that also identifies important features for each ob-
ject type (Section 6). We illustrate the proposed method in
the detection of school, retail, park, and residential area ob-
jects (Section 7) using a WorldView-2 image of King County
in the Washington State, USA (Section 2).

2. DATA SET

The data set used in this paper consists of a multispectral
WorldView-2 image with a size of 28, 920×9, 804 pixels and
2 m spatial resolution covering the King County, including
Seattle, in the Washington State, USA. Figure 1(a) shows the
true-color image. The reference data for object detection were
obtained from the Open Street Map by querying the shape
database using the tags “school”, “retail”, “residential”, and
“park”. Table 1 shows the summary of the reference data.
The Open Street Map data are known to have some inconsis-
tencies and errors, but were used in the experiments because
of the unavailability of any other GIS data.
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(a) (b)

Fig. 1. Seattle data (King County) from a WorldView-2 image
with a size of 28, 920 × 9, 804 pixels. (a) True-color image.
(b) Land cover classification and segmentation.

3. REGION SEGMENTATION

Our image segmentation method is based on pixel classifi-
cation. Feature vectors that included spectral values, ratios
between spectral bands, mean values in 3× 3 pixel neighbor-
hoods, Gabor texture, and histograms of 20 spectral clusters
within the 9-pixel neighborhood were used with a random for-
est classifier with 20 trees to classify each pixel into one of
16 classes: water, swimming pool, shrub, barren, sand, tidal
flat, wetland, dry grass, pasture hay, cultivated crop, green
grass, roof, road, shadow, tree, clearcut. The results of initial
land cover classification were post-processed using a mixture
of minimum mapping unit processing, topological rules, and
majority analysis, and were converted into a region segmen-
tation. We also added another class consisting of buildings
obtained from the City of Seattle GIS database. The building
shape layer was converted to a binary mask, the pixels corre-
sponding to the mask were set to a new class called building,
and the corresponding regions (connected components) were
treated like the rest of the classes. The 17-class region seg-
mentation and classification result is shown in Figure 1(b).

Table 1. Summary of the reference data. The number of posi-
tive examples (N ) and the sizes (height×width) of the small-
est, average, and largest reference object bounding boxes are
shown.

Object N Smallest Average Largest
School 148 11× 10 123× 103 256× 245
Retail 144 7× 10 117× 112 372× 471
Park 491 5× 1 154× 171 1, 044× 1, 346

Residential 344 6× 4 201× 200 1, 653× 2, 272

4. REGION OCCURRENCE HISTOGRAM

After the regions are obtained, the first set of features consists
of region occurrence histograms. These histograms are com-
puted for a given window where each bin in the histogram
stores the number of regions that are in that window and be-
long to a particular land cover class.

In order to capture the size information and differentiate
between regions that belong to the same land cover class but
have significantly different sizes, we further divided each land
cover class into several sub-categories. First, we computed
the distribution of size values using all regions in the data.
This distribution was approximated in a parametric form us-
ing a Gamma density whose parameters were computed using
maximum likelihood estimation. The Gamma density was se-
lected on the basis of empirical evaluation of the size distribu-
tion that showed an exponential behavior. After the paramet-
ric density was obtained, a non-uniform quantizer was con-
structed using levels that were selected according to the cu-
mulative probabilities (e.g., 0.25, 0.50, 0.75, 0.90, etc.) com-
puted from the estimated Gamma density, and the size values
were quantized using these levels. Thus, the length of the
region occurrence histogram as a feature vector that incor-
porates both land cover and size information becomes c × q
where c is the number of land cover classes and q is the num-
ber of size quantization levels.

5. REGION CO-OCCURRENCE HISTOGRAM

The region occurrence histograms described above ignore the
spatial arrangements of the regions inside the window. We
chose to model the spatial relationships of the regions using
their co-occurrence statistics. Our choice of this second-order
model was motivated by the success of the co-occurrence fea-
tures in texture modeling and the combinatorial growth of the
number of possible relationships for higher-order models.

Given c land cover classes and q size quantization lev-
els, each bin (i, j), i, j ∈ {1, . . . , c × q}, in the region co-
occurrence matrix stores the frequency of pairs of regions oc-
curring in a window, one with land cover class and size level
combination i and the other with land cover class and size
level combination j. We assume that the regions that are close
enough are related, and count only the pairs whose distances
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are less than a maximum distance threshold. The distance
between two regions is computed as the smallest distance be-
tween their boundary pixels. Since the co-occurrence matri-
ces are symmetric, we only use the main diagonal and the
upper triangular parts, and append them into a feature vector
with length (c× q)(c× q + 1)/2. Finally, we append the re-
gion occurrence histogram and the region co-occurrence his-
togram together, and normalize each histogram component to
zero mean and unit variance to construct the feature vector
given as input to the learning and classification process.

6. LEARNING AND CLASSIFICATION

In this paper, we pose the object detection task in a binary set-
ting where a given image window is classified as containing a
target object of interest or not along with an associated prob-
ability of this decision. The binary classification is performed
using logistic regression that is a popular discriminative clas-
sifier that assumes a parametric form for the posterior proba-
bility and directly estimates its parameters from the training
data without any need for the assumption or the estimation of
the class conditional probability distributions.

Let x ∈ Rd denote the feature vector and y ∈ {−1, 1}
denote the corresponding binary class variable where 1 rep-
resents the target object class and −1 represents the back-
ground. The logistic model has the form

p(y = 1|x;w, w0) =
1

1 + exp(−wTx− w0)
(1)

where w is the weight vector and w0 is the intercept [7].
Given labeled data {(xi, yi)}ni=1, the maximum likelihood es-
timates of w and w0 can be found by solving

min
w,w0

n∑

i=1

log
(
1 + exp

(
− yi(wTxi + w0)

))
. (2)

When the number of training examples (n) is not large
enough compared to the number of features (d), as in our
case, the logistic regression classifier tends to suffer from the
over-fitting problem in which the resulting model has many
features with relatively large weights that memorize the pe-
culiarities of the training data. A standard method to prevent
over-fitting is regularization where an extra term that penal-
izes large weights is added to the cost function used in esti-
mation. The l1-regularization has shown great empirical suc-
cess in the literature, particularly due to its sparsity-inducing
property that leads to solutions with fewer nonzero parameter
values [8]. Thus, the learning process implicitly performs fea-
ture selection while optimizing the cost function to estimate
the parameters. The l1-regularized formulation corresponds
to the solution of

min
w,w0

n∑

i=1

log
(
1 + exp

(
− yi(wTxi + w0)

))
+ λ‖w‖1 (3)

Table 2. Summary of the classification results. The number
of size quantization levels (SQL) and the maximum distance
threshold (MDT) that resulted in the best performance are
shown together with the corresponding area under the ROC
curve (AUC, as mean± std).

Object SQL MDT AUC
School 5 20 0.9639± 0.0157
Retail 5 20 0.9691± 0.0161
Park 5 20 0.9436± 0.0137

Residential 5 50 0.8975± 0.0186

where λ is the regularization parameter. We use the l1-ball
constrained smooth convex optimization formulation [9] to
obtain the weight vector w and the intercept w0 as the so-
lution of (3). Then, given a test window x, the discrimina-
tive logistic regression classifier chooses the target class 1 if
p(y = 1|x;w, w0) > 0.5, or equivalently, wTx+ w0 > 0.

7. EXPERIMENTS

We used 5-fold cross-validation to train the classifier and eval-
uate its accuracy. The training stage consisted of the estima-
tion of the logistic regression parameters w, w0, and λ. We
considered three different numbers of size quantization levels
(1, 5, 10) and three different maximum distance thresholds
(5, 20, 50). In addition to the positive examples correspond-
ing to the reference object masks summarized in Table 1, for
each object class, we randomly sampled 2, 000 windows of
100× 100 pixels from the image to construct the set of nega-
tive examples.

Quantitative performance evaluation was done by using
true positive and false positive rates computed from confusion
matrices to construct ROC curves based on different thresh-
olds on the posterior in (1). The area under the ROC curve
was used as the criterion to compare different parameter set-
tings. Qualitative performance evaluation was performed via
visual inspection of the classification maps computed using
100× 100 pixel sliding windows with 10 pixel increments.

Table 2 summarizes the classification results using 5-fold
cross-validation. Figure 2 presents the resulting ROC curves.
We observed that the best performing number of size quan-
tization levels was the same (5) for all object classes. The
best performing maximum distance threshold was obtained
as 20 pixels for school, retail, and park, while 50 pixels gave
the best results for residential due to the large neighborhoods
required for the co-occurrence context in larger residential ar-
eas. The areas under the ROC curves were considerably high
on the small number of examples obtained from the Open
Street Map. We observed that the false positive rates at high
levels of true positive rates can be higher in practice when the
classifiers are applied to the whole satellite scene. Detection
examples for schools are shown in Figure 3.
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Fig. 2. ROC curves for different object classes. y-axis is the
true positive rate and x-axis is the false positive rate. The red
bands around the curves show the confidence intervals com-
puted from the cross-validation folds.

8. CONCLUSIONS

We described an algorithm for the detection of heterogeneous
objects in very high spatial resolution images using occur-
rence and co-occurrence histograms of regions in image win-
dows as features for a logistic regression classifier. Experi-
ments were performed using shape data from the Open Street
Map. Future work includes more detailed evaluation of dif-
ferent parameters and object classes.
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ABSTRACT

This paper presents SAR patch categorization based on fea-
ture descriptors within the dual tree complex wavelet trans-
form using non-parametric features, which were estimated
for each wavelet based subband, which was additionally
transformed using a Fourier transform. Spectral properties
of wavelet transform were characterized using thefirst and
second moments, Kolmogorov Sinai entropy and coding
gainwithin an oriented dual tree complex wavelet transform
(2D ODTCWT). A database with 2000 images representing
20 different classes with 100 images per class was used for
estimation of classification efficiency. A window size for
estimation feature parameters was estimated. A supervised
learning stage was implemented with support vector machine
using 10 % and 20% of the test images per class. The ex-
perimental results showed that the non-parametric features
achieved 94.3 % accuracy, when 20 % of database was used
for supervised training.

1. INTRODUCTION

A Synthetic Aperture Radar (SAR) system is an imaging sys-
tem, providing data in all weather conditions, night and day
imaging system. The SAR data are two dimensional data, the
properties of which within the azimuth and range directions
depend on SAR system parameters [1]. Nowadays, there exist
many scientific missions for research data usage, as for exam-
ple Tandem mission, which is able to provide high resolution
interferometric data. The data analysis of satellite data is very
challenging, since there is only small amount of processed
satellite data.

In the literature there exist two main approached to the
patch categorization. The parametric approach is based on
a model-based estimation, where model parameters are es-
timated and classified [2]. The non-parametric approaches
present some feature parameters which are estimated using
a feature space and usually they do not depend on a model
parameters, but the characterize data using a statistical ap-
proaches [3], [4].

This paper proposes patch-scene classification using non-
parametric feature descriptors within discrete wavelet trans-

formation and parametric feature descriptors within image
domain. The first and second moments, Kolmogorov Sinai
entropy and coding gain, were used for the non-parametric
features within an oriented dual tree complex wavelet trans-
form (2D ODTCWT). Methods were tested using a database
with 2000 images representing 20 different classes with 100
images per class was used for estimation of classification ef-
ficiency. A supervised learning stage was implemented using
a support vector machine.

2. DUAL TREE COMPLEX WAVELET TRANSFORM

Wavelets constructed using complex filter banks during image
processing were originally proposed in [5] within the frame-
work of the Daubechies orthogonal filters banks and later gen-
eralized to complex wavelet transform (CWT) [6]. CWT is a
complex-valued extension to the standard real-valued discrete
wavelet transform (DWT). CWT has an analytical wavelet
function, by which the imaginary part is the Hilbert transform
of real part. By the implementation of CWT with FIR-filters,
this condition is fulfilled approximately. In contradiction to
classical DWT it does not suffer from aliasing and oscilla-
tions, purveys a high degree of shift-invariance magnitude and
orientation in two and higher dimensions, which are the prop-
erties desired for pattern and texture classification and recog-
nition. It exhibits redundancy 2d (where d is the dimension
of the signal being transformed), which is significantly lower
than undecimated DWT.

This paper uses the dual-tree approach for complex
wavelet transform (DTCWT), which calculates the com-
plex transform of a signal using two separate real DWT-
decompositions (tree a and tree b). If the filters used in tree
a are specifically designed differently from those in tree b
then it is possible for one DWT to produce the real coeffi-
cients and the other the imaginary. The details regarding the
implementing a DTCWT can be found in [6].

The idea wavelet subband transformation using Fourier
transform was presented for character recognition. The
wavelet transform filters subbands, which correspond to
some frequency bands. Those frequency bands could be
further exploited by applying Fourier transform and then
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the Wavelet-Fourier descriptors were computed within the
proposed wavelet-Fourier domain.

3. A NON-PARAMETRIC FEATURES WITHIN
ODTCWT

Scene classes from SAR-image patches can be determined us-
ing different descriptors (feature vectors). Descriptors within
wavelet domain are very appropriate and a natural choice due
to the multi-resolution properties of wavelet transform and
on the other hand deterministic or stochastic self-similarity
properties of many natural and urban amplitude SAR-image’s
scenes. Different wavelet transforms can be used from con-
tinuous (CWT) to discrete wavelet transform (DWT) [7]
and discrete wavelet packets transform (DWPT) [8]. DWPT
can be considered as the generalization of DWT, where also
the detail wavelet coefficients are further decomposed with
low pass and high pass filters. It was found in [9] that the
DWPT tree for amplitude SAR-images reduces to a DWT
(Laplacian pyramid) using Shannon’s Entropy criteria for any
decision on further decomposition. As it will be shown later,
TerraSAR-X images with their high resolution properties
enable classification of scenes which on bigger regions and
globally look similar or almost equal. The classification effi-
ciency is improved by using feature vectors with descriptors
within DWT-domain.

Feature vector within wavelet transform consists of sub-
bands variances δ2j,i, mean values µj,i, L2-norm ‖Sj,i‖2 and
L1-norm ‖Sj,i‖1, entropy, coding gain and fractal dimension.

4. WINDOW SIZE ESTIMATION

The problem within all esitmation algorithms is determina-
tion of a window size, which is used for parameter estima-
tion. The problem is well-known in a model based estimation,
where model’s parameters are estimated within a window site
[10]. Different approaches to the estimation of a window size
have been proposed. The Cramer Rao lower bound is a lower
bound based on a variance of any unbiased estimator. The
Cramer Rao lower bound is given by

V ar(θ) ≥ 1

I(θ)
(1)

where the parameter θ represents the estimated texture param-
eter and I(θ) represents the Fisher information matrix given
by

I(θ) = −E
{
∂2 ln p(y|x; θ)

∂θ2

}
(2)

The CRLB in (2) represents the second gradient of a likeli-
hood pdf. The estimated pixel represented by a MAP estimate
requires the prior and likelihood pdf. The Fisher information
Matrix notation can be extended to a MAP estimate, where

the fisher information consists of a sum of information con-
tributions given by

IM = IL + IP (3)

where IP and IM are prior and likelihood information con-
tributions, respectively. Another approach to the window size
estimation is an model based approach using a characteris-
tic function, which K-distribution was derived in [11], and is
given by

p(z ≥ τ) ≤ e−sτE [esz] = e−sτ+log(E[esz ]) (4)

The moment generating function is given by

φX(ω) =
1

(1 + σ2 (ω2 + γ2))
ν+1 (5)

The characteristic function can be used for moment com-
putation [12].

E [Xn] =
1

jn
dnφX(ω)

dωn
|ω=0 (6)

If we assume that ω = 2πn
M . The parameter M can be

determined using probability bounds [13] from moments of
X and φX(ω,θ). The minimization of characteristic function
(4) is given by

F (s) = −sτ + log(x−2L+2LL−2) + log(1 +
1

σ2s2
) (7)

where γ = 0. The function (7) is minimized with respect to s

F (ŝ) = 1 (8)

5. EXPERIMENTAL RESULTS

5.1. Database

A database of 2000 patches was generated within an image
size of 200×200 pixels using SLC VHR Spotlight TerraSAR-
X images. Each patch covered approximately 200 m2 of
ground. This size can be generally used to define a particular
category, as it is large enough to contain the contextual in-
formation needed to define an objects structure in the case of
HR yet also suitable for texture computation of homogeneous
areas. The presented experimental database was comprised
20 well-defined object/texture categories with 100 patches in
each category. Care was taken to generate a database with
diverse textures. Examples of one patch from each category
are shown in Fig. 5.2. These categories include land-cover
topologies (C01-Grassland, C02- Forest, C03-Mixed vege-
tation, C04-Vegetation and a water channel, and C18-Sandy
plains), urban areas with a particular texture (C05-Urban-01,
C06-Urban-02, C07-Urban-03, and C08-Urban-04), urban
and natural water channels (C09-Urban water-channel and
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C10-Natural water-channel), regions with strong scatterers
along with the surfaces exhibiting specular reflection (C11-
Urban coastline and C12-Aircraft stands), regions with very
strong scatterers with multiple bounces (C13-Skyscrapers
and C14-Industrial complex), and other special categories
like C15-Airstrip, C16-Highway, and C17-Train tracks. Two
categories from the sea-water region (C19-Buoy in Sea and
C20-Ambiguities) were also considered. This database was
generated manually, thus, it could be used as a ground truth
for the assessment of various algorithms.

5.2. Assessment

Non-parametric features (??)-(??) and(??) were ordered into
a descriptor d given by

dj =
[
δ2j,i, µj,i, ‖Sj,i‖2, ‖Sj,i‖1, Ej,i,KK−S,j

]
(9)

where j represented the decomposition level and i belonged
to the horizontal, vertical or diagonal details of wavelet de-
composition. The coding gain was estimated for a whole im-
age and was added as a single parameter at the end of a feature
vector. 3 levels of dyadic decomposition were used (j = 3),
therefore, d 3 · ((6 ·12))+1 = 217 features for for ODTCWT
transform.

The proposed non-parametric features were compared to
the GLCM features The second-order statistics of the ampli-
tude SAR image patches were computed using GLCMs, ex-
tracting 12 textural features and used for a comparative as-
sessment. This implementation allowed four options for the
orientation (0., 45., 90., and 135.). Each GLCM feature de-
scriptor was formed with 12 parameters computed based on
the normalized matrix: mean, variance, entropy, angular sec-
ond moment, energy, correlation, maximum probability, con-
trast, homogeneity, dissimilarity, cluster shade, and cluster
prominence. This provided a GLCM feature descriptor of
length 48. A spectral descriptor based on a Fractional Fourier
transform and log comulants was applied to this database [4],
where 27 features were used.

Table 5.2 shows the efficiency of the proposed methods
using non-parametric feature extraction. The efficiency of the
class recognition is measured as a in percentage of the rec-
ognized images within a specific class using 10 % and 20 %
images for the learning stages. A supervised learning using a
Support Vector machine using a multiclass classifier was used
for all experiments in this paper. Table 5.2 reports the results
for non-parametric features obtained using oriented dual tree
complex wavelet transform (ODTCWT). The average recog-
nition rates for the wavelet transform based methods were
generally better comparing to the GLCM method and log co-
mulants [4] of the Fractional Fourier transform methods. The
DWT-based patch categorization achieved 83.8 % of recogni-
tion rate for the used database, when 10 % of data were used
at the learning stage and 93.4 % when 20 % of data were used
at the learning stage. All classes had very similar recognition

Fig. 1. Examples of the SAR image patches (of size 200 ×
200 pixels) in different object/texture categories. The im-
age patches have been obtained from SLC VHR Spotlight
TerraSAR-X images from different areas in order to include
the diversity of objects/textures when analyzing feature de-
scriptors.
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Table 1. Accuracy of class recognition in % for non-
parametric features using 10 % and 20 % of images for learn-
ing stage.

Class

ODTCWT WT+DFT GM LC [4]
10 % 20 % 10 % 20 % 20% 20 %

C1 85.2 94.2 86.1 4.6 39.8 92.5
C2 86.9 90.8 86.4 91.5 60.6 90.7
C3 84.0 88.6 84.1 89.6 34.1 81.9
C4 92.3 96.1 93.2 96.2 49.2 95.4
C5 90.1 98.0 90.9 98.1 58.9 95.4
C6 78.5 86.4 78.4 86.4 44.5 95.7
C7 87.4 95.3 87.4 95.4 37.3 80.8
C8 90.1 95.3 90.4 95.6 53.8 89.7
C9 87.4 95.6 88.2 96.3 50.8 87.5
C10 93.8 100 93.9 100 65.4 87.0
C11 85.3 95.1 86.5 96.9 71.1 94.5
C12 86.7 95.5 88.5 96.5 70.7 78.0
C13 87.7 94.9 88.2 95.4 36.6 79.8
C14 84.4 93.0 85.6 93.5 30.4 67.5
C15 82.8 87.9 82.9 88.4 43.4 63.2
C16 86.8 94.2 87.9 95.1 40.9 93.2
C17 93.7 95.7 94.3 96.8 47.3 76.4
C18 87.3 90.8 88.3 92.2 50.83 89.0
C19 92.5 95.3 93.2 95.1 89.3 94.3
C20 75.9 85.5 78.4 86.5 47.96 96.9
total 83.8 93.4 84.2 94.3 51.4 86.2

rates (approx. between 80 and 90 %). Classes C6, C15 and
C20 had lower recognition rates. The GLCM features gave
very low recognition rate, which varied between 30 and 90 %
and the average recognition rate was 51.4 %. The log comu-
lants of Fractional Fourier transform gave accuracy between
60 and 97 % and in average 86.2 %. The LC method did
not well recognized categories C14, C15, 17. The proposed
features within the Fourier transformed ODTCWT showed
improvement of feature extraction compared to the classical
ODTCWT. The improvement is minor: 0.4 % and 0.9% com-
pared to the same features applied to the ODTCWT.

6. CONCLUSION

This paper presented a comparison between the parametric
and non-parametric approaches for SAR image categoriza-
tion using oriented dual tree complex wavelet transform and
Fourier transformed oriented dual tree complex wavelet trans-
form. Each subband of oriented dual tree complex wavelet
transform was transformed using a Fourier transformation.
The oriented dual tree complex wavelet transform provided
subbands, sensitive to the orientations and Fourier transform
provided spectral features. By applying the same features to
wavelet and Fourier transformed wavelet transformation, the
improvement is around 1 %.
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ABSTRACT 

 
This paper proposes a model for unsupervised change 
detection in time series of multispectral remote sensing 
imagery based on a Bayes selection of pseudo-training 
sample set combined with a Concurrent Self-Organizing 
Maps (CSOM) classifier. The proposed algorithm has the 
following steps: (a) computation of difference image (DI); 
(b) unsupervised selection of the pseudo-training sample set 
(USPS) using the Bayes decision theory approach for 
threshold optimization; (c) CSOM classification. The model 
is evaluated using Landsat TM images acquired on a 
Mexico area before and after two wildfires. 
The CSOM classifier performance has been compared with 
those of several benchmark techniques. The results obtained 
confirmed the effectiveness of the proposed approach.  
 

Index Terms— Unsupervised change detection, 
multispectral remote sensing imagery, Bayes decision 
theory, Concurrent Self-Organizing Maps (CSOM) 
 

1. INTRODUCTION 
 
Change detection aims to identify land cover changes 
between two registered multispectral remote sensing images 
acquired on the same geographical area at two different 
times [7], [12]. In the last years, automatic change detection 
in digital images has become an increasingly important topic 
in the field of satellite image processing. Its applications 
play a relevant role in environmental studies, which require 
the analysis of large areas. Examples of applications are: 
crop monitoring; detecting shifts in vegetation coverage, 
areas of deforestation, patterns of urban growth; flood and 
fire control [3], [7], [12]. Unsupervised change detection 
approaches perform a direct comparison of the two 
multispectral images and do not require any prior 
information about land-cover classes [3], [5]. 
Some examples of unsupervised methods can be found in 
[2], [3], [4], [7], [12]. The performance of such methods is 
limited due to differences in the environmental conditions at 
the image acquisition time. Many of such methods rely on a 

thresholding of the difference between the two images, 
which can be done manually, empirically or by using 
automatic techniques. An effective approach for 
unsupervised change detection is presented in [4]. 
The approach selects automatically and in an unsupervised 
way the threshold for discriminating between the changed 
and unchanged pixels by using the Bayesian decision rule 
and the expectation-maximization algorithm. This approach 
can be used to obtain a pseudo-training set with samples 
useful for initializing a next stage analysis based on a semi-
supervised technique [2]. 

Among the change detection approaches proposed in the 
literature in the recent years, we can find several techniques 
based on artificial neural networks (ANN) [9], [10], [11], 
which have been previously successfully applied for image 
analysis and segmentation tasks. Starting from the idea to 
consider the Self-Organizing Map (SOM) [6] as a cell 
characterizing a specific class only, Neagoe et al proposed 
and evaluated a neural supervised classification model called 
Concurrent Self-Organizing Maps (CSOM), representing a 
collection of small SOM modules, which use a global winner-
takes-all strategy [8]. This is equivalent to neurally generate an 
improved training set and to use this virtual training set as 
reference for a Nearest Neighbor (NN) classifier. The CSOM 
model has been previously applied for static multispectral 
image classification [8], and recently it has been used for 
supervised change detection in Earth Observation imagery [9]. 
 

2. PROPOSED UNSUPERVISED CHANGE 
DETECTION MODEL  

 
The proposed unsupervised change detection method has three 
steps: (a) generation of the Difference Image (DI); 
(b) unsupervised selection of the pseudo-training set (USPS); 
(c) CSOM classification. 
 
2.1. Difference Image (DI) 
 
Let us consider a generic pixel of the two considered n-band 
images. Let [ ]1

TT
nA a a= L  and [ ]1

TT
nB b b= L  be the 
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spectral vectors of the images acquired at time 1 and 2, 
respectively. The magnitude of the Spectral Change Vectors 
(SCV) is derived according the standard change vector 
analysis (CVA) approach [3] 

2
1
( )n
i ii

d a b
=

= −∑  

 
2.2. Unsupervised Selection of the Pseudo-Training Set 
 
This stage addresses the unsupervised selection of the pseudo-
training set (USPS) needed as input for the next step of 
classification. We have used the unsupervised approach for 
threshold selection proposed in [2] and [4]. The method 
exploits the Bayes decision theory to derive the threshold T 
that separates changed from unchanged pixel [4]. The desired 
set of pixels with a high probability to be assigned to one of 
the two classes (changed or unchanged) can be obtained by 
defining an uncertainty region containing unlabeled pixels 
according to [2]. This is done by applying a threshold T and a 
margin δ to define the “change”, “no change” and 
“uncertainty” regions. T is estimated from the statistical 
distribution p(x) of the magnitude of the spectral change 
vectors (SCVs) (see Fig. 1). Thus, we have an unsupervised 
rule for selecting and labeling the pixels (samples) of the 
pseudo-training set useful for the classifier of the next stage 

 ( ),   
( )

( ),   
u unchanged if x T

y x
c changed if x T

δ

δ

≤ −⎧
= ⎨

≥ +⎩
 

 

 
x = magnitude of the SCVs in the difference image 

 

Fig. 1. Distribution of the magnitude of SCVs p(x)  
(graphic inspired from [ 2 ]). 

 
2.3. CSOM Classification 
 
The two vectors [ ]1

TT
nA a a= L  and [ ]1

TT
nB b b= L  are 

stacked in [ ]1 1[ ] TT T T
n nV A B a a b b= = L L  and given as input 

to the classifier. The unsupervised change detection is 
carried out by using a Concurrent Self-Organizing Maps 
(CSOM) neural classifier [8], [9]. 

Concurrent Self-Organizing Maps (CSOMs) combine 
SOM modules in a new complex network, which uses a 
winner-takes-all strategy for assigning the output class [8]. 
The global training algorithm is supervised, but each SOM uses 
an unsupervised training technique. The number of SOM 
modules equals the number of classes (for change detection, 
one has two classes). Each SOM is trained to correctly classify 
the patterns of one class only (“change” or “no change”) and 
consequently, each SOM is trained with the subset of samples 
having the same class label as SOM label (Fig. 2). 
 

 
Fig. 2. The CSOM training model. 

 
The CSOM technique is equivalent to substitute the real 

training samples by SOM generated virtual samples and 
then to apply the nearest neighbor (NN) classifier using as 
reference all the virtual training samples. 
 

3. EXPERIMENTS AND RESULTS 
 
To evaluate CSOM classifier performances, we have 
considered the following benchmark classifiers: Nearest 
Neighbor (NN), Bayes Maximum Likelihood classifier, 
Multilayer Perceptron (MLP), Radial Basis Function (RBF) 
neural network, and the semi-supervised support vector 
machine (S3VM) [1], [2]. 

The performance have been evaluated in terms of overall 
accuracy (OA), false alarm rate (FAR) and missed alarm rate 
(MAR) in (%). 

The considered data set is made up of a section of two 
multispectral images acquired by the Thematic Mapper (TM) 
sensor of the Landsat-5 satellite. The two images (512x360 
pixels) were acquired in April 2000 and May 2002 (Fig. 3 (a) 
and (b)) over a Mexico area [2]. Between the two acquisition 
dates a forest fire destroyed a large part of the forest. 
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The burned area (29506 pixels) represents the changed area in 
our dataset (coded with black color in Fig. 3 (b)). 
The remaining 154814 pixels represent the unchanged area. 
The reference map (ground truth) included in Fig. 4 (b) has 
the same size as the multispectral images. We have used 
spectral channels 4 and 5 for our experiments (n=2). 

 

  
 (a) (b) 

Fig. 3. Band 4 of the Landsat-5 TM image  
on the Mexico area. (a) April 2000. (b) May 2002. 

 
The Bayesian algorithm of automatic threshold 

selection (see [4], [2]) selected 19798 changed pixels, 
106484 unchanged pixels, and 58038 unlabeled pixels. 
The selected changed and unchanged pixels represent the 
pseudo-training set. The test set contains all the image 
pixels, labeled according to the truth reference map. 

The experimental results of the proposed CSOM based 
method are given in Tables 1-3. The change map obtained 
by the best CSOM network (rectangular cylinder 11 x 19) is 
shown in Fig. 4. 

 
Table 1. Best overall accuracy and best missed alarm rate 

 as functions of classifier type 
Method Parameters FAR (%) MAR (%) OA (%) 

1–NN – 1.98 13.01 96.24 

Bayes – 2.40 5.04 97.17 

S3VM – 0.83 9.96 97.70 

MLP 1 hidden layer 
8 neurons 1.33 10.56 97.18 

RBF spread=150 1.27 7.72 97.69 

CSOM rect. cylinder 
11x19 1.31 6.92 97.78 

MLP 1 hidden layer 
6 neurons 3.21 6.06 96.32 

RBF spread=120 1.88 7.66 97.19 

CSOM rect. toroid 
25x25 3.20 3.83 96.69 

 
From Table 1, one can deduce that CSOM leads to 

best performances by comparison to the considered 
benchmark classifiers. The best overall accuracy result of 
97.78% has been obtained for a CSOM neural system with 

a rectangular cylinder topology (SOM module size of 
11x19). The best missed alarm rate is of 3.83%, 
corresponding to a CSOM with rectangular-neighborhood 
toroid modules of size 25x25.  

 
Table 2. Best overall accuracy as a function of  

CSOM architecture 
Topology Size FAR (%) MAR (%) OA (%) 

Rect. Sheet 11x21 1.50 6.09 97.76 

Rect. Toroid 15x24 2.19 4.97 97.35 

Rect. Cylinder 11x19 1.31 6.92 97.78 

Hex. Sheet 11x19 1.57 5.80 97.75 

Hex. Toroid 17x21 2.13 5.04 97.39 

Hex. Cylinder 13x25 1.47 6.28 97.75 

 
Table 3. Best missed alarm rate as a function of 

CSOM architecture 
Topology Size FAR (%) MAR (%) OA (%) 

Rect. Sheet 11x25 1.69 5.52 97.69 

Rect. Toroid 25x25 3.20 3.83 96.69 

Rect. Cylinder 11x25 1.47 6.31 97.74 

Hex. Sheet 11x21 1.58 5.75 97.74 

Hex. Toroid 11x25 2.65 4.48 97.05 

Hex. Cylinder 11x25 1.72 5.69 97.63 

 

  
 (a) (b) 
Fig. 4. (a) Change detection map obtained by using CSOM 
(rectangular cylinder with 11x19 size). (b) Reference map 
(black pixels are changed; white pixels are unchanged). 

 
Tables 2 and 3 give the best results for the tested 

CSOM topologies. Figure 4 shows as an example the change 
detection map obtained by using the CSOM classifier that 
resulted in the best overall accuracy. 

It is worth to note that the computational time taken by 
the proposed CSOM change detection classifier directly 
depends on the number of SOM module neurons. 
The CSOM computational time is significantly less than that 
taken by the S3VM classifier [2] and it is also less than that 
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of NN classifier (since the number of CSOM neurons is 
always less than the number of pseudo-labeled samples). 
The CSOM processing time is also usually less than that 
taken by MLP/RBF classifiers, but it is greater than that 
corresponding to Bayes maximum likelihood classifier. 

 
4. CONCLUSIONS 

 
The paper addresses a problem of high interest with large 
applications in Geomonitoring, namely change detection in 
multispectral Earth Observation (EO) image time series. 
The proposed model consists of the following processing 
stages: (i) computation of the difference image (DI); 
(ii) unsupervised selection of the pseudo-training set (USPS) 
using Bayes decision rule and EM algorithm; (iii) CSOM 
classifier. The proposed technique is evaluated using a 
Landsat TM data set (bands 4 and 5) acquired over a 
Mexico region before and after a significant deforestation by 
two wildfires. The CSOM-based model performances have 
been compared with those obtained by several benchmark 
classifiers: NN, Bayes, MLP, RBF, and the semi-supervised 
S3VM. The results have confirmed the improvements 
brought by the new model from the point of view of its 
overall accuracy (OA) and missing rate (MAR) 
performances. There are highlighted the CSOM 
performances as a function of its architecture. The proposed 
technique has also proved its effectiveness by taking into 
account the computational time. 
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ABSTRACT 
 
This paper presents a simplified approach for evaluating 
the information content of Earth Observation products 
archives, in particular in a context of a federation of 
different EO datasets. 
Due to the potential exploitation growth of EO dataset 
repositories, decision and policy makers actually need 
support from evidence and  from information and analysis 
tools to position EO federated datasets within the wider 
context of the so-called Big Data and the Web 2.0 wealth 
of information and opportunities. 
 

Index Terms— Earth Observation, Federated EO 
datasets, Information Theory, Big Data 
 

1. INTRODUCTION 
 
During the last two decades, the imaging satellite sensors 
have acquired huge quantities of data, that have been 
systematically collected, processed and stored as EO 
products. The number and volume of such derived EO 
datasets continues to grow at high rates, making more and 
more difficult and challenging for the end-user evaluating 
their relative value, in terms of their information content 
and with respect of user’s application needs. 
Considering the very large number of datasets made 
nowadays available by different institutions, agencies and 
commercial providers, it could be worth considering them 
in a scenario of a federation of EO datasets (see section 4 
below). An example of such scenario is represented in 
Figure 1, where data from receiving station, archiving 
centers and scientific centers are interconnected. 
From the point of view of their exploitation, we could 
make the assumption that EO datasets to be federated can 
be considered as nodes of a communication network, and 
that the concept of potential exploitation growth can be 
assimilated to the vague concept of dataset value. In this 
context, the value of a communication network and its 
growth potential when two or more networks are joined 
have been generalized as the Metcalf’s law [1], i.e. the 
value grows as a quadratic function (n2) with the number 
of network nodes n. In this case, the value quickly surpass 

the cost, which grows linearly; at the crossover point, the 
critical mass (of nodes) is identified. Replacing the 
network nodes with the users, the same law has been used 
to claim growth and value of internet companies, social 
networks and so on.  

 

Figure 1. Representation of a federation of EO datasets. 

But when referring to the generic concept of value, a 
different law seems to be more appropriate. It is known as 
the Zipf’s law, as it is derived from the observations of the 
psycholinguist George Zipf [2]. Zipf’s law states that, in 
an English text, the product of the frequency of words and 
their ranked order is roughly a constant. Then the k-th 
ranked word will have 1/k of the frequency of the first 
one. The law was found applying not only to word 
occurrences, but as well to a wide range of natural 
phenomena. E.g. if we want to assess the value of ranked 
items by their size – e.g. the population of cities - the 
second ranked item has a size (i.e. a value) of  half of the 
first one, and that in general the k-th ranked item will have 
a size (value) of about 1/k of the first one. The total value 
will be the sum of decreasing 1/k values over all the items 
(the sizes of cities in our example). Therefore for n items, 
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the value will be � �1
𝑘

 �
𝑛

𝑘=1
, which approaches log(n) at 

best by the Euler’s constant [3]. In a network context, the 
same reasoning can be applied for all the n nodes of the 
network, leading to a total value of nlog(n). As a matter of 
fact, it has been argued that the value of a network could 
be considered growing according to a nlog(n) law [4], [5]. 
In Figure 2 we report the plot of the nlog(n) growing 
function, compared with the linear and quadratic one. 
According to the Zipf’s law, it is clear that the crossover 
point, where the value of the network surpass its cost, is 
obtained for larger n with respect to the Metcalf’s law. 

Figure 2. Plot of nlog(n) growing function, compared with the linear and 
quadratic one. The origin is set on n=1. 

In order to extend the concepts explained above to the 
domain of EO datasets, we should verify the applicability 
and validity of Zipf’s law for assessing the value of a 
federation (i.e. a network) of EO datasets. In such a 
context, it is of paramount importance to assess their 
value, neither from a growth potential point of view nor 
from a (market) value point of view, but from an 
information content one. This is particularly important 
considering that the actual exploitation of such federated 
datasets is mainly based on their information content, that 
could be extracted through time series analysis and image 
information mining techniques and analytics in general. It 
is assumed here that the relative value (i.e. the 
information content) of an EO dataset may be needed in 
order to estimate the number of EO products or samples to 
be used, or to select which datasets are particularly 
relevant for the analysis to be performed. 
The paper is organized as follows: Section 2 presents the 
theoretical framework for the assessment of the value, in 
terms of information content, of a federation of EO 
datasets, whilst Section 3 explains the results obtained by 
the analysis and how they could be used in the Earth 
Observation domain. In Section 4 we place our work in 
the more general context of Big Data and the Web 2.0, 
also addressing the economic and strategic research and 

development needs in the light of recent literature. Section 
5 reports on final conclusions and perspectives. 
 

2. REPRESENTATION CAPACITY 
 
Given a family of n non-overlapping datasets in a 
federation, D={D1,D2,…,Dn}, with N representing the total 
number of images or EO products contained in D, we 
could select from D a sample S={S1, S2, …, Sn}, where 
each Sh is contained in Dh (h=1,2,…,n). Our aim is here to 
assess and quantify how much S is representative of D, 
and how it can characterise the value of D. If we denote dh 
and sh the size - which we argue could be used as the 
value - of Dh and Sh respectively (with sh ≤ dh), the 
problem consists of determining the sizes s1,s2,…,sn in 
order to be representative of D, under the condition 
(s1+s2+…+sn = M), where M is the number of EO product 
samples (M ≤ N). It is important to consider M < N as M 
may represent the number of EO product samples a user 
(scientist) is ready to process to evaluate the 
quality/adequacy of the entire dataset D (and of each 
single Dh), to his processing/analysis needs. 
It is possible here to define a measure for the degree of 
arbitrariness in choosing the sample S from D. This 
measure K(D), called Representation Capacity in D, 
should be a non-decreasing function f(x) where x is the 
size of the set from which the images must be extracted. 
The choice of samples must be performed - of course - 
with the condition that all datasets Dh must be 
significantly represented in S. To comply with this 
requirement of representativeness, we define as 
Informative Units the vectors of EO product samples 
v={v1,v2,…,vn} with each vh belonging to the 
corresponding dataset Dh. It is important to notice that the 
Informative Unit is neither a single EO product in Dh nor 
an arbitrary n-tuple of EO products. 
Therefore, with respect to the Representation Capacity, 
the size x of the set from which the sample S is extracted 
is not the size of the union D1UD2U…Dn, but the size of 
their Cartesian product Г = D1xD2x…Dn. This size is 
denoted as |Г|=d1d2…dn. Consequently, the 
Representation Capacity in D can be written as K(D) = 
f(x) = f(d1d2…dn). If dh=1 for all h=(1,2,…,n), there is no 
freedom in representing D and K(D) = f(1) = 0. If at most 
one dh>1, the Representation Capacity in D coincides 
with the one in Dh, and K(D) = K(Dh). In other words, we 
have: 
 
K(D) = K(D1)+K(D2)+…+K(Dn)   (1) 
 
where at most one term K(Dh) is not zero. In general, 
K(D) should be the sum of Representation Capacities into 
the individual datasets Dh. Therefore, we can derive that: 
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f(d1 d2 … dn) = f(d1)+f(d2)+…+f(dn)  (2) 
 
It follows that f has the form of a logarithmic function, i.e. 
f(x) = k log(x). Assuming sh proportional to K(Dh), we get 
 
sh = k log dh      (3) 
 

𝑘 = 𝑠1+𝑠2+⋯+𝑠𝑛
𝑙𝑜𝑔 (𝑑1𝑑2…𝑑𝑛)

= 𝑀
𝑙𝑜𝑔(𝑑1)+𝑙𝑜𝑔 (𝑑2)+⋯𝑙𝑜𝑔 (𝑑𝑛)

    (4)               

Equations (3) and (4) give a method for building the 
sample S from D, extracting a representative number of 
samples sh from the datasets Dh, in order to preserve the 
relative value (information content) of the corresponding 
datasets Dh. A practical example can clarify the approach. 
Assume having three EO federated datasets, with 102, 103 
and 105 products respectively. We want to extract and 
process M=100 products, which should be representative 
– in terms of informative content or value - of the various 
datasets. We can derive k=100/(2+3+5)=10, and then 
s1=20, s2=30 and s3=50. 
 

3. LOGARITHMIC SAMPLING AND SHANNON 
INFORMATION 

 
Putting Ih = log(dh), we obtain sh / Ih = k. It is very 
interesting to notice that this equation can be interpreted 
in the framework of the Shannon information theory [6].  
Since 𝑙𝑜𝑔(𝑥) = −� �1

𝑖
𝑙𝑜𝑔 ( 1

𝑖
) �

𝑥

𝑖=1
, it follows that 

Ih=𝑙𝑜𝑔(𝑑ℎ) = −� �1
𝑖
𝑙𝑜𝑔 ( 1

𝑖
) �

𝑑ℎ

𝑖=1
, i.e. Ih represents the 

average information associated to the random choice, 
with uniform probability 1/dh, of a single EO product 
from each dataset Dh. Summing sh over the sample S we 
obtain: 
 

�𝑠ℎ

𝑛

ℎ=1

= 𝑀 = 𝑘 𝑙𝑜𝑔(𝑑1𝑑2 … 𝑑𝑛) = 

                                                                                       (5) 

= 𝑘 [−��
1
𝑖 𝑙𝑜𝑔 (

1
𝑖 ) … �

𝑑1

𝑖=1

… −��
1
𝑖 𝑙𝑜𝑔 (

1
𝑖 ) … �

𝑑𝑛

𝑖=1

] 

Calling the term into square brackets I , i.e. the average 
Shannon information associated to the random choice, 
with probability 1/(d1d2…dn), of a vector of Informative 
Units v={v1,v2,…,vn} of EO products from the Cartesian 
product Г = D1xD2x…Dn, we can derive that:  
 
M = k I       (6) 

The number of EO product samples M is therefore 
proportional to the average Shannon information I of the 
Informative Units vector v, where I is the sum of the 
averages information Ih. Using the Shannon’s definition of 
entropy, we can also write H(v) = E[I] = E[-log p(v)]; the                                    
Shannon’s entropy, i.e. the average unpredictability in the 
random choice of the Informative Units vector, is 
equivalent to its information content. 
According to the analysis reported above, we can also 
claim that the Representation Capacity of an EO product 
dataset D is proportional to the log of the cardinality of 
the EO dataset. The consequences are twofold: on one 
side, the value of a federation of datasets should take into 
account the Representation Capacity, and therefore grows 
with the log of the size of the individual datasets. On the 
other side, if a user wants to evaluate and compare 
different datasets in a federation for further processing, he 
is here given with a general methodology to preserve the 
relative information content, by choosing the sample 
cardinality again on the basis of the log of the dataset 
sizes. Of course, it has to be noticed that additional 
constraints could be imposed by further processing, image 
mining, time series analysis and statistics/analytics 
objectives and requirements. The simplified approach 
presented in this paper could allow to assess the value a 
federation of EO dataset on the basis of their information 
content, according to the Shannon’s theoretical 
framework. In our view, this approach should 
complement the one derived from the Zipf’s law – 
described in the introduction – based on the number n of 
datasets in the federation, to help decision makers in 
evaluating the wealth of available information. 
 

4. R&D NEEDS IN RELATIONSHIP WITH BIG 
DATA AND WEB 2.0 

 
The evolution of the model for the scientific exploitation 
of Earth Observation missions, offering to scientists the 
possibility to run their algorithms on the data by means of 
scalable computing resources pioneered by the ESA 
Research and Service Support [7] relies on the resource 
virtualisation and distribution. 
The concept of an Earth observation federation of 
resources has been introduced some time ago [8], [9] 
mainly addressing the discovery, selection, visualization 
and ordering of Earth Observation products. 
As emerged in two recent workshops [10], [11], the 
success of the new model for research and service support 
[7] together with the data availability coming from 
forthcoming missions shows the need for a facility for EO 
dissemination and processing services geographically 
distributed in a federated domain largely scalable with 
reliable Quality of Services. The federated domain 
referred above, federates the computing and storage 
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resources. The federation is valued and sustained by the 
underpinning Earth Observation datasets. 
It is clear that if we want to value a federation of datasets 
in wider contexts and trends, like e.g. Big Data and the 
Web 2.0, we cannot ignore an analysis of the Research 
and Development (R&D) activities needed to exploit the 
highly valued information they contain, and an indication 
of the programmatic set-up in which such Research and 
Development activities should take place. The R&D still 
needed covers several areas, ranging from image 
information mining, time series analysis and in general 
EO analytics technologies to multi-dimensional databases, 
semantic web and visual analytics technologies.  Such a 
programme may span a time frame of 5-10 years, and it 
furthermore demands a strong user validation and 
(feature) tagging exercise, similarly to what done on other 
media by the MediaEval [12] initiative. Such initiative 
may need to involve hundreds or even thousands of EO 
users and laboratories.  
On the opportunity, need, benefits and the ways to fund a 
large, and strong support to a research programme 
addressing the image information mining, time series 
analysis and so on, comes the recent work of Mazzucato 
[13]. This work shows with economic data and examples 
how many times the venture capital and the market have 
been exploiting former investments made consistently and 
over long time by state funded institutions. In particular 
Mazzucato makes reference to Google and Apple, to show 
how much these companies have been exploiting public 
funded research. In particular, she indicates Google’s 
famous search algorithm as an example of state funded 
research further exploited by private companies[14]. 
It is easy to state that the scenario and analysis of the 
benefits of an entrepreneurial state proposed in [13] could 
be extended to the EO information mining and data 
analytics field, and that large investments shall be assured 
during coming years to finally reach the maturity for their 
market exploitation. 
 

5. CONCLUSIONS 
 
The work presented in this paper aims at providing a 
general approach for the assessment of the value – in 
terms of information content – of  EO datasets, namely of 
a federation of EO datasets. 
The analysis has been performed under the Shannon 
information theoretical framework. According to such 
analysis, the information content of a dataset is 
proportional to its cardinality. Moreover, considering a 
sample of data extracted from the whole dataset, we can 
say that the Representation Capacity of the dataset is 
proportional to the log of its cardinality. As a 
consequence, the value (i.e. the information content) of a 
federation of EO datasets grows with the log of the size of 

the individual datasets. This result can provide a general 
method for evaluating and comparing different datasets, 
and can help decision makers in evaluating the wealth of 
available information.  
However, to actually exploit such amounts of information, 
a new R&D programme should be established, bringing 
together research activities from diverse and 
complementary domains like image information mining, 
time series analysis, multi-dimensional databases and 
semantic web technologies and last but not least EO and 
visual analytics technologies. 
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ABSTRACT 

 

This note briefly proposes preliminary results of an original 

approach to create an image of stable features, from a 

MODIS time series over a given area. The method used here 

is derived from the non-motion detection techniques applied 

in digital video surveillance, therefore the principles and the 

purposes differ from those of the genuine MODIS 8 or 16 

days composite products. We introduce the notion of 

Statistic Earth Surface Appearance (SESA) in order to 

describe our results. SESA can be useful in all kind of 

monitoring or surveillance activities, where the interest is 

focused on the actual surface of the Earth and all the visual 

obstructing phenomena are unwanted. When applied, our 

method produces smooth, cloud free, shadow free, defects 

free statistical images. The high degree of smoothness and 

continuity allows making good quality animations, over long 

periods of time. 

 

Index Terms— MODIS Time Series, Non-Motion 

Detection Technique 

 

1. INTRODUCTION 

 

The high rate of image/scene acquisitions over a specific 

region, that MODIS can provide, opens up the possibility of 

using data mining techniques from different areas of image 

processing, as digital video surveillance or movie sequence 

analysis [4]. If it can be assumed that the background of a 

scene remains unchanged during the whole time series of 

images, then a Non-Motion Detection Technique (NMDT) 

can be applied, in order to extract the presumed background 

appearance. The result is not the image of the actual surface, 

but a statistical approach to it, that we call Statistic Earth 

Surface Appearance (SESA). 

In the case of MODIS Time Series, it is possible to 

download two daytime images per day, for mid-latitudes 

areas [2,3,6]. At this rate, it is plausible to believe that most 

of the surface features are static, for many scenes (which is 

the equivalent of days) in a row: roads, cities, anthropic 

structures, river courses (if no significant flow changes 

happens), seashore geometry, agricultural areas (geometry 

and vegetation state / maturity / spectral appearance) etc. 

When applying the NMDT to a MODIS time series, taken as 

a movie sequence, all fast changing details will be removed 

from the resulting product: real phenomena with fast 

dynamics (cloud coverage, shadows, vehicles in motion etc.) 

or even sensor-related defects (like corrupted pixels, stripes 

of no data, colour shifts of the whole image etc.) [1,5]. 

The NMDT can be applied to every individual scene of 

the Time Series. It consists in extracting the most plausible 

value of intensity for each pixel and for every spectral 

channel of the sensor, by taking into consideration a 

sandwich of information containing the scene itself and a 

number of scenes before and after it. If the thickness of the 

stack is too high, the resulting SESA might be too abstract 

(because the average is made over a too long period); on the 

contrary, if the thickness is too small, there might be large 

"unresolved" areas (i.e. zones where the actual image of the 

ground has not been revealed). 

 

2. DESCRIPTION OF THE METHOD 

 

Let us consider a time series of MODIS scenes, organized in 

a 4D stack of data: 

 

),,,( indexcolorjiS ,  (2.1) 

 

where 
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For every Nindex ,1 , 
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is a MODIS scene. All scenes must be of the same type (eg. 

raw data or processed data or one day product). The time 

interval between two consecutive scenes must be no longer 

then one day. 

An important parameter of the method is T, the interval 

of influential adjacent scenes, T << N. Each scene will be the 

center of a Mutually Influential Group (MIG): 

 

 ),min(),1max( ,...,,..., TINITII SSSG   (2.3) 

 

or, in more practical notation, 

 

 )),min(),...,,1max(:,:,(:, TINTISGI  . (2.3’) 

 

The NMDT acts like a statistical filter  

 

   CcollinMNIGNMDT I  ,,1: ,  (2.4) 

 

using the MIG of a scene to produce a SESA synthetic 

image,  by the following rule: 

 

  :,,,),,( colorjiGfcolorjiNMDT II   (2.5) 

 

where f may be any kind of statistical extractor of an 

average/appropriate/conditional value. 

In the example below, we applied the method on series 

of RGB images made of MODIS data, using a support 

function f  which enables cloud, shadow and snow removal 

[7,8]. Let us consider the notation 

 

   :,,,
,1

colorjiGXX IKkk 


  (2.6) 

 

and introduce the following family of X parts: 

 

  KkxyyyXyx kk ,1  ,,,~   . (2.7) 

 

For each k, kx~ collects all the values in X that are  –

close to kx . The parameters   and   are used to avoid the 

values with potential shadow, respectively cloud 

resemblance. 

By selecting mx~  as the largest set of the family (or one 

of the equally largest), we can define the support function f 

in the following way: 

 

 
 m

xy

xcard

y

Xf m

~

~



 .   (2.8) 

 

Because of the use of parameters   and  , there is a 

strong chance of extracting the correct cloud free average 

value, even if the pixel is more frequently covered by clouds 

than not. 

The thickness of the MIG, i.e. T, must be chosen 

depending on the problem we intent to solve. If one is 

interested in cleaning up the scenes for analyzing slow 

changing phenomena, as crops monitoring, the value of T 

can be quite high (8-14 days). If the dynamic of the process 

is fast, as for example in water quality monitoring, the value 

of T must be as small as possible (1-3 days). For a too fast 

evolving phenomena, like forest fires, we do not recommend 

the SESA method. 

The method can be further refined, by using the MODIS 

products quality layer. 

 

3. PRELIMINARY RESULTS 

 

We run tests on a daily time series of MODIS RGB data, 

Max = 2
16

 - 1, covering the first N = 200 days of 2012, over 

the  region of Romania and Hungary. 

The parameters were fixed through an empiric, trial and 

error process: 

 

T = 8,  = 0,  = 0.4*Max,  = 0.01*Max. (2.9) 

 

Bellow, in Fig.1, we presented the MIG of one 

randomly chosen scene and, in Fig.2, we introduce its 

corresponding SESA, calculated by our method. One can 

observe the strong cleaning effect of the algorithm and the 

smoothness of the result, which, in our opinion, are superior 

to those of the genuine MODIS 8 or 16 days composite 

products.  

 

 4. CONCLUSIONS 

 

SESA can be useful in all kind of monitoring or 

surveillance activities, where the interest is focused on the 

actual surface of the Earth and all the visual access 

obstructing phenomena are unwanted. Let us mention some 

particular domains of application: crop monitoring, forest 

monitoring, vegetation indexes calculation, environmental 

surveillance, disaster risk management, animated  maps, 

clouds & shadows removal, intelligent image enhancement, 

water quality monitoring (suspended sediments, chlorophyll 

concentrations etc.). 

The method can produce synthetic time series of SESA 

scenes with a high degree of continuity, suited for animation 

and very appropriate for commercial and general public 

dissemination purposes. 
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Fig.1. MODIS RGB scenes, from day 152 to day 168, 2012, over Romania and Hungary. 

Marked with an orange X is the day 160, right in the middle of the interval. 
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Fig.2. SESA extracted for the day 160, 2012, using the whole set of data in Fig.1. 

The small white areas are not clouds as it might look, but zones of no data 

(either permanent errors, or persistent snow, or constantly cloud covered pixels) 
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ABSTRACT
We introduce a map algebra based on a cochain extension of the Lin-
ear Algebraic Representation (LAR), used to efficiently represent
and query geometric and physical information through sparse ma-
trix algebra. LAR, based on standard algebraic topology methods,
supports all incidence structures, including enumerative (images),
decompositive (meshes) and boundary (CAD) representations, is
dimension-independent and not restricted to regular complexes.
This algebraic representation enjoys a neat mathematical format—
being based on chains, the domains of discrete integration, and
cochains, the discrete prototype of differential forms, so naturally
integrating the geometric shape with the supported physical prop-
erties, and provides a mechanism for strongly typed representation
of all physical quantities associated with images. It is easy to show
that k-cochains form a linear vector space over k-cells, which means
that they can used as basic objects in a rich and virtually unlimited
calculus of physical properties.

Index Terms— Map algebra, image information mining,
solid modelling, cochain complex, algebraic topology

1. INTRODUCTION

Computational problems in science and technology must deal
with increasingly complex geometric information and appli-
cations. The complexity of geometric information stems from
dramatic increase in size, diversity, and complexity of geo-
metric data, including digital images, point clouds, bound-
ary schemes, NURBs representations, finite element meshes,
3D medical images. This increasing complexity of geomet-
ric information and applications, and the goals of unification,
scalability, and support of massively parallel distributed com-
puting, strongly push for rethinking the foundations of geo-
metric and topological computing. In particular the emerging
applications from space, nano & bio technology, and medi-
cal 3D, require a novel convergence of shape synthesis and
analysis methods from computer imaging, computer graph-
ics, computer-aided geometric design, with meshing of com-
putational domains and physical simulations.

Objects and relations distributed in time and space are
all cell complexes. Examples: digital images, finite element

C.P. performed the work while on sabbatical from consulting at Thales
Alenia Space S.p.A, Rome.

The research of A.P and F.F. was supported by a POC grant 2012/13 by
SOGEI, the ICT company of the Italian Ministry of Economy and Finance.

meshes, B-reps of solids, assemblies, networks, and so on,
are all cell complexes of various dimension [1]. Such decom-
positions of space into k-cells (0 ≤ k ≤ d) may generate
k-chain spaces, linear spaces constituted by any combination
of k-cells, where (a) singletons of k-cells give a basis, i.e. a
minimal set of generators, and (b) linear boundary operators
compute the boundary chain of any given chain, by mean of a
single SpMV (sparse matrix-vector) multiplication.

Basically, k-cochains are discrete densities of quantities
contained in the k-cells of a cell complex (such as a digi-
tal image or a finite element mesh), k being the dimension.
The LAR (Linear Algebraic Representation) scheme [1] is
a simple, general and effective representation of (co)chain
complexes [2], based on a CSR (Compressed Sparse Row)
representation [3] for characteristic matrices of linear spaces
of (co)chains. LAR supports all topological incidence struc-
tures, is dimension-independent and not restricted to regular,
i.e., dimensionally uniform complexes. It allows for fast va-
lidity checks of the topology of geometric models, possibly
generated from 3D scanner data or extracted from 3D images,
using only elementary linear algebra, namely, sparse matrix-
vector multiplication. Any query about incidence relations
between chains or cochains of same or different dimensions
are answered by a single SpMV product.

2. LINEAR ALGEBRAIC REPRESENTATION (LAR)

2.1. Cellular Complexes

All geometrical objects considered in this paper are chains
in a cellular complex Λ(X) partitioning a (topological) space
X ⊂ Ed. Informally, a cellular complex is made of basic
building blocks called cells, suitably glued together [4].

More formally, a cellular complex is a Hausdorff spaceX ,
i.e. a topological space in which distinct points have disjoint
neighbourhoods, together with a partition Λ = Λ0∪· · ·∪Λd of
X into open cells (of varying dimension) that satisfies some
additional properties. Some definitions useful in the remain-
der follow.

A compact topological subspace is a convex cell if it is the
set of solutions of affine equalities and inequalities. A face
of a cell is the convex cell obtained by replacing some of the
inequalities by equalities. A facet of a cell is a face defined
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by just one equality. The dimension n of a n-cell is that of
its affine hull, the smallest affine subspace that contains it. A
convex-cell complex or polytopal complex P is a finite union
of convex cells such that: (i) if A is a cell of P , so are the
faces of A; (ii) the intersection of two cells of P is a common
face of each of them. A simplicial (respectively, cuboidal)
complex is a polytopal complex where all cells are simplices
(respectively, cuboids). The dimension of P is the maximal
cell dimension of P . The r-skeleton Pr is the subcomplex
formed by the cells of dimension ≤ r. The 0-skeleton coin-
cides with the set V (P ) of vertices of P .

2.2. LAR definition

The Linear Algebraic Representation (LAR) scheme supports
all topological constructions and queries that arise in typi-
cal cellular decomposition of space (image, mesh, boundary,
etc.). Formally, LAR relies on standard definitions [4, 5]: in
the mod 2 cellular complexes, d-chains are sets of d-cells; the
standard basis of the Z2-linear space Cd of d-chains is pro-
vided by singletons of d-cells; each d-cell is represented by
a map Cd → Z2 C0, i.e. by a row of a binary characteristic
matrix Md. Of course, every d-chain in Cd may be generated
by a (Z2)-linear combination of Md rows. The formulation
may be extended to d-cochains that represent any possible
field over the chains. In this context, the boundary is a lin-
ear operator and the coboundary is its dual. Boundary and
coboundary operators provide the computational tools needed
by the discrete version of the generalized Stokes theorem for
integration of fields over d-dimensional domains [6].

The characteristic matrices of a chain complex, i.e. the
binary matrices that encode the incidence of d-cells with 0-
cells, provide a convenient tool for computing boundary (and
coboundary) operators and answering queries concerning the
topological relations between cells [1]. Characteristic matri-
ces are very sparse for actual chain complexes used in applica-
tions, and can be represented in a standard CSR (Compressed
Sparse Row) format. The product and transposition of CSR
matrices [7, 3], needed to compute the boundary, adjacency
and incidence operators between such linear spaces, are in-
trinsically efficient, since the sparse matrix-vector (SpMV)
multiplication is linear in the size of the (sparse) output.

Fig. 1. Chain and cochain complex as a sequence of linear
spaces of chains (Cd), i.e. domain subsets, and cochains (Cd),
i.e. discrete fields, with linear boundary (∂) and coboundary
(δ) operators, under constraints ∂d−1 ◦ ∂d = δd ◦ δd−1 = 0.

2.3. Chains and cochains

Given a space partition into kd connected d-cells, we are
mainly interested to d-chains, sets of d-cells, members of the
linear space Cd with scalars in Z2 = {0, 1}. Accordingly, the
coordinate representation of a cell λ ∈ Cd is a binary vector
of length kd with only one unit element.

d-Cochains are the elements of the dual space Cd :=
C∗

d = {f : Cd → R} of real-valued linear functions of
chains. By definition, a d-cochain is (a functional representa-
tion of) a discrete field over a cellular d-complex partitioning
a given space. The standard basis of C2 is given by the char-
acteristic functions χi : C2 → R such that χi(λj) = δij , with
δij =1 (i=j), and δij =0 (i 6=j). A 2-cochain is represented
as f =

∑
i f

iχi, where f i(λi) 6= 0 gives the value of f on
λi, and f i(µ) = 0 elsewhere. The evaluation of a cochain f
over a chain λ is given by f(λ) := 〈λ, f〉 =

∑
λif

i, and is
the discrete prototype of domain integration.

3. EXTRACTION OF (CO)CHAINS FROM IMAGES

LAR takes advantage of the data-parallel many-core com-
putational model supported by the graphic processing units,
designed to rapidly manipulate memory to accelerate the
creation of images for output display. GPUs are present
in embedded systems, mobile phones, personal computers,
workstations, and game consoles. Of course, modern GPUs
are extremely efficient for producing computer graphics, and
their highly parallel structure is more effective than general-
purpose CPUs for algorithms where processing of large data
blocks may be performed in parallel.

Fig. 2. Since the bottleneck of GPGPU is moving data from
global to local memory, the extraction of model portions is
done in parallel using the same [∂3] matrix for a n3 subimage.

The extraction of a solid model from an image was imple-
mented using a divide-et-impera approach (see Figure 2). The
cell complex taken into account is a n3 set of image voxel,
with n ∈ {64, 128} depending on the size of the GPU stor-
age. The matrix [∂3] = [δ2]t of the (co)boundary operator de-
fined on the (co)chain complex supported by such subimage
is computed once and for all, and stored in GPU’s constant
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Fig. 3. (a) A random polygon in the unit circle; (b) the bound-
ary of the total chain, computed by a single SpMV multipli-
cation. The same [∂2] matrix is used to extract the boundary
of any polygon subset.

memory, so that the boundary models of several image por-
tions can be extracted in parallel, by sending to device’s work
groups a set of coordinate representations (proper strings of
bits) of the chains to be extracted. The coordinate representa-
tions of their boundaries are computed in parallel using local
memory to perform several parallel SpMV operations.

LAR is being developed [8] as a service in a web-based
computational environment, using some Khronos’s APIs for
industry standard heterogeneous computing. The power of
GPU to perform accelerated topological computation has
been capitalised via OpenCL, the open general-purpose GPU
computing language [9]. By accelerating the topological op-
erators we show the LAR native data-parallel nature and ver-
satility, further endorsed by the recent WebCL specification
(a way to use OpenCL through browser-based technologies)
exposed as a computational service to be accessed by clients
that do not have access to silicon accelerated solutions.

In particular, LAR is being used in biomedical applica-
tions which require fast performances with big geometric data
for topological tasks such as model extraction from 3D im-
ages (see Figure 4). Density values in medical images repre-
sent scalar fields (cochains) over cubical cellular complexes,
and LAR is used to guarantee topologically correct 3D image
segmentation as well as to extract (enumerative) solid model
from the image1, which is subsequently smoothed out (see
Figure 4). A nice feature of this approach is that the whole
image is partitioned into a set of cochains associated to field
intervals, including the interstitial space, so providing a well-
defined meshing of both the features and their outer space.

The main operation we have implemented [8] in OpenCL
is of course the SpMV multiplication, where three kernels are
run on a set of chain vectors to build the result of SpMV prod-
uct in CSR format: the first kernel computes the number of
non-zero elements per row; the second computes a prefix scan

1This work is carried out within the framework of the IEEE-SA Project
P3333.2 - Standard for “Three-Dimensional Model Creation Using Unpro-
cessed 3D Medical Data”.

on such elements. It is implemented via the prefix sum pro-
posed in [10], with local cache and blocks to divide the work
shares among work-items, in a divide-et-impera fashion; then
the partial results are merged and propagated globally. The
third kernel builds and returns the output of the operation.

Although being the core part of the LAR library, the
OpenCL kernels for SpMV and SpMM (sparse matrix-vector
and sparse matrix-matrix multiplication) are not the only
software components; to make them work smoothly, other
computations are needed on the host side, that must be able
to receive and manipulate the input, send it to the GPU, ver-
ify the execution state and return the output. Furthermore,
the library must be able to empower calculations either on
accelerated hosts or not. To achieve this goal, besides the
kernel modules, two different architectures have been de-
vised: a REST computational service and a pipelined single
host system. These architectures were implemented in differ-
ent languages (javascript, java and C++) and using (various
combination of) different technologies [8].

Fig. 4. The solid model of a sample of spongy bone extracted
from a 3D image (µNMR).

4. MAPPING IMAGES TO GEOMETRIC MODELS

We are currently working to the smoothing and transforma-
tion of the models extracted from images into discrete meshes
of quotient cochains, i.e. into a discrete set decomposition of
the mined models. The resulting output is a cell complex
with a strongly reduced number of cells, characterised by a
constant density of some physical quantity in each cell. The
goal of this mapping is to transform the extracted model from
a big collection of small simplices to a greatly reduced num-
ber of discrete cells with simple topology and possibly curved
boundaries. Notice that the output of the mining step, de-
scribed in the previous section, is either a big set of line inter-
sections between adjacent pixels for 2D images, or a big set of
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triangles defined by the intersection of adjacent voxels in the
3D case. In particular, we are making experiments with a set
of linear sparse matrix algorithms derived from the Taubin fil-
ter [11] and from the Morse-Smale topology decompositions
methods derived from [12].

5. APPLICATIONS

Space products like satellite imagery and global positioning
systems (GPS) are entered into common public everyday use.
Another space technology, GPR (ground penetrating radar or
undersurface radar), is now getting on the stage. In particular,
GPR was already used to map large archaeological sites and
ruins, and to study underground geologic formations, like
water reservoirs under the surface of Mars planet [13, 14].
The depth penetration of micro and radio waves is greater,
and their use is easier and more economic, than conventional
geological investigation methods. Some new technology, like
atomic dielectric resonance (ADS), already provides geo-
physical services for the location, identification, mapping,
and exploration of undersurface natural resources, without
relying upon interpretation or probability.

Even more promising than the previous generation of
satellite imagery of the Earth surface, scanning via remote
sensors the top layers of the planet crust is going to produce
very-large amounts of digital data, that can be employed
for a range of useful products and services to the public,
including integration of outdoor and indoor mapping, recon-
struction of 3D building models, discovery of archeological
sites, underground utility mapping, road and bridge inspec-
tion, monitoring and early-alarming of high-risk geological
areas, disaster prevention and recovery, geodynamical mod-
els, control of unauthorized construction, security operations
in densely built environments, and military operations.

In our view such a computational environment, enriched
with proper spatial indexing, will be able to efficiently man-
age huge cell decompositions of Earth crust parts of variable
depths, by integrating grids, maps and images with 3D static
and time-varying FEM meshes. E.g., geologists well under-
stand that fully 3D geodynamic models, incorporating hetero-
geneity in boundary conditions and lithospheric properties,
are required to describe more accurately the development of
collisional orogens [15].
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ABSTRACT

α-trees provide a hierarchical representation of an image
into partitions of regions with increasing heterogeneity. This
model, inspired from the single-linkage paradigm, has re-
cently been revisited for grayscale images and has been
successfully used in the field of remote sensing. This article
shows how this representation can be adapted to more com-
plex data here hyperspectral images, according to different
strategies. We know that the measure of distance between
two neighbouring pixels is a key element for the quality of
the underlying tree, but usual metrics are not satisfying. We
show here that a relevant solution to understand hyperspectral
data relies on the prior learning of the metric to be used and
the exploitation of domain knowledge.

Index Terms— Hyperspectral Images, Metric Learning,
Hierarchical Representations, α-Trees

1. INTRODUCTION

With the continuous growth of high and very high spatial res-
olution sensors, standard pixel-based methods for image un-
derstanding are not adapted anymore. Indeed, it is mandatory
to rely on image representation of higher level, for instance
through regions produced by a segmentation process. This ap-
proach is known as object-based image analysis [1] in remote
sensing. To face the challenging issue of building a relevant
segmentation from satellite imagery, different multiscale rep-
resentations have been proposed in the literature and we focus
here on the α-tree model recently revisited by Ouzounis and
Soille [2, 3], inspired by the well-known principle of single
linkage in pattern recognition [4]. Describing a panchromatic
(greyscale) image through its α-tree is useful to identify dam-
aged buildings after natural hazards [2] or to select interest
zones in an image (or a feature space) [5], while dealing with
multispectral images (e.g. [6]) remains mainly unexplored.

In this article, we propose to extend α-trees to deal with
more complex data, and particularly hyperspectral images.
This issue has been tackled recently in [7] where the authors
have proposed to use a mutual information criterion. We sug-
gest here another strategy using prior knowledge, brought by
an expert through labeling of learning samples. We show how,
in an unsupervised context, metric learning can help to elabo-

rate a more relevant dissimilarity measure and then to improve
the quality of the subsequent hierarchical representation.

This paper is organized as follows. We recall in section
2 the concept of α-tree through introducing required nota-
tions. Section 3 deals specifically with extending α-trees to
hyperspectral images. The interest of the proposed method
is illustrated through experimental results in section 4 before
concluding and suggesting directions for future work.

2. α-TREES AND HIERARCHIES

We recall here the definition of an α-tree, which is a multi-
scale representation of an image through its α-zones, using
notations from [2]. Let I be an image defined on a domain E.
The segmentation of an image is a partition P ofE, or projec-
tion x → P(x) of E in P(E) such as ∀x ∈ E ⇒ x ∈ P(x)
and ∀x, y ∈ E ⇒ P(x) = P(y) or P(x) ∩ P(y) = ∅ with
P(x) representing a cell of P containing a point x ∈ E. We
have thus

⋃
x∈E P(x) = E.

We also write π(x  y) a path of length N between two
elements x, y ∈ E, i.e. a chain of adjacent elements 〈x =
x0, x1, . . . , xN−1 = y〉. Π 6= ∅ is the set of all paths linking
x to y. Minimal dissimilarity between x and y is defined by

d̂(x, y) =
∧

π∈Π





∨

i∈[0,...,N−1]

{
d(xi, xi+1) | xi, xi+1 ∈ Π

}




where d(x, y) is a measure of dissimilarity between attributes
from pixels x and y (e.g. their intensities or grey values). For
a given pixel x, its α-zone written α-Z(x) is composed of all
pixels linked to x by a path with local steps not higher than α:

α-Z(x) = {x} ∪ {y | ∃π(x y) : ∀xi ∈ π(x y)

∧ xi 6= y ⇒ d(xi, xi+1) ≤ α}

α-tree is then a pyramid of partitions of E into α-zones,
or projections ∆A : E → ΠA(E) defined by

∀α, α′ ∈ A, α′ < α,

∆A =
{
Pα=0,Pα=1, . . . ,Pα=αmax

}
| Pα′ � Pα
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with ΠA(E) and A = [0, 1, . . . , αmax] denoting respectively
the sets of all α partitions of E and of α values. The relation
� corresponds to the ordering w.r.t. α ∈ A:

∀x ∈ E,α′ < α⇒ α′-Z(x) ⊆ α-Z(x)⇒ Pα′ � Pα

A level of the pyramid ∆A
α ∈ ∆A is a partition Pα of E,

with α ∈ A. Let j ∈ Jα, in which Jα ⊆ Z is a set of
indices, used to access α-zones composing Pα. The hierarchy
of partitions α written ΛA is a familly of ordered projections
ΛA
α : Jα → Kα with Kα ⊆ Jα, i.e.

∀α, α′ ∈ A, α′ < α,

ΛA =
{
ΛA
α=0,Λ

A
α=1, . . . ,Λ

A
α=αmax

}
|ΛA

α′ ≺ ΛA
α

and

∀α ∈ A \ 0,∀j ∈ Jα,
ΛA
α =

{
αj-Z|(αj-Z ∈ ∆A

α ) ∧ (αj-Z 6∈ ∆A
α−1)

}

Different hierarchical models for image representation
have been proposed in the literature [8], e.g. min-/max-tree or
binary partition tree. The former requires to impose an order-
ing relation on the input data, which is a serious issue when
dealing with vectorial data such as multi- or hyperspectral
images [9]. The latter, while offering a richer representation
than α-trees, requires a much higher computation time and
assumes the existence of predefined criteria to merge nodes
[10, 11]. Wavelets and Gaussian pyramids belong to another
set of multiscale representations which do not intrinsically
provide image partitions at different scales.

Thanks to their simplicity, α-trees also offer the advantage
of being possibly built efficiently with adapted algorithms
(ca. one minute for a satellite image of 20 millions pixels)
[12]. Once these representations have been built, it is pos-
sible to analyse the underlying image in an interactive (i.e.
real-time) framework. Interactive segmentation of color video
sequences have been addressed with this model in [13]. How-
ever, extending these tree models to complex data is still an
open problem. We propose here to address this issue by re-
lying on a machine learning technique recently introduced in
image processing but in a different context [14].

3. EXTENSION TO THE HYPERSPECTRAL CASE

Computing an α-tree requires to define a similarity measure
between attributes of any pair of adjacent pixels x and y. This
dissimilarity can be simply written as a difference of grey lev-
els in the panchromatic case, or more generally as any norm
Lq (with q = 1, 2 or even∞). Let us note however that such
a measure is very sensible to the chaining effect observed with
edge discretization in digital images [15]: it is then possible
to enrich this measure by taking into account correlations be-
tween values of neighbouring pixels [7].

Relying on more complex metrics is necessary as soon as
multi- or hyperspectral images are considered, since pixels
are then embedded in high and even very high dimensional
spaces. Thus, it has been proposed in [13] to use the Cheby-
shev distance (or L∞ norm) to build the α-tree, in order to
deal with color video sequences. In the hyperspectral case,
it has been however shown in [16] that angular distance or
spectral angle mapper (SAM)

d(a,b) = arccos

(
a · b
‖a‖ ‖b‖

)

with ‖·‖ the Euclidean norm and · the scalar product, provides
better results than Euclidean distance.

The various distances discussed previously are computed
without relying on any prior knowledge provided with the
data. In the case of hyperspectral satellite images, it is possi-
ble to exploit learning sets provided by an expert as training
samples (pixels). This correspond to the general setting of
supervised classification very commonly addressed in remote
sensing. We can then rely on a distance built from a learning
process, or in other words driven by prior knowledge, such as
for instance the Euclidean norm using a Mahalanobis metric
learnt from data [17], i.e.

d(a,b) =
(

(a− b)
t
M (a− b)

)0.5

Learning theM = WWT metric is here driven by data labels,
and more particularly by a set S of must-link constraints and
a set D of cannot-link constraints:

S = {(a,b) | a and b belong to the same class}
D = {(a,b) | a and b belong to different classes}

Matrix W is then built such as the sum of squared distances
of points from S is minimal, and the sum of points from D is
maximal. In other words, we have the following problem:

W ∗ = arg max
WTW=I

trace(WT ŜSW )

trace(WT ŜDW )
,

where ŜS and ŜD are covariance matrices of sets S and D,
solved here using [14]. The final Mahalanobis metric is then
built such as M = W ∗(W ∗)T .

4. EXPERIMENTS

We evaluate here the benefit of learning the metric required to
build an α-tree when this tree is representing an hyperspectral
satellite image. In this context, the goal is to perform a semi-
supervised clustering of the image, where each region (or α-
zone) is associated with a land cover class.
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Fig. 1. Pavia center dataset and results. From left to right: false color composition, ground truth, and maps of relative
F1-measure obtained with SAM and learnt metrics. For these two maps, the color code for the difference between pixel F1-
measure and the best value among all the metrics is the following: 0 (red), less than 0.01 (orange-red), less than 0.05 (orange),
less than 0.10 (yellow), higher than 0.10 (white).

4.1. Evaluation procedure

Contrary to [11], we have not introduced here any heuristic
to select an optimal segmentation or partition from the hier-
archical image representation. Defining such an heuristic is
an open and topical problem [18]. It is thus not possible to
use a quality measure based on the precision of a supervised
classification applied on regions extracted from this partition.

In order to counter the lack of an optimal segmentation
criterion, we exploit the ground truth available as in the con-
text of supervised classification, as proposed in [19]. Thus
we can perform an exhaustive evaluation of all tree nodes, by
measuring for each of the node a local quality score using F1-
measure (inspired from modified Jaccard index J ′ of [19]).
This measure is a trade-off between recall and precision, and
is given by F1 = 2×TP/(2×TP +FN +FP ) where TP ,
FN , and FP denote respectively the numbers of correctly
classified pixels, false negatives and false positives. These
quantities are evaluated through a comparison with reference
regions provided by ground truth.

Each pixel for which the reference label is known is then
assigned a best theoretical score, computed as the highest F1-
measure among all nodes it is included in. These pixel scores
are averaged over the whole image to provide a mean to assess
the tree quality w.r.t. the available ground truth.

4.2. Data and results

Dataset considered here is a part of Pavia center hyperspectral
image (Fig. 1), made of 102 spectral bands and acquired with
ROSIS sensor. Image size is 492×492 pixels and 8 classes of
interest have been defined. Ground truth is partially known:
27, 019 pixels are labelled. Metrics under evaluation are Lq
(with q = 1, 2,∞), SAM and the learnt metric. In order to
learn the distance metric from the data, 1% of pixels in each
class have been randomly integrated into sets of must-link and
cannot-link constraints. The F1-measure provided here is av-
eraged on 10 repetitions.

Tab. 1 and Fig. 1 provide an overview of the obtained re-
sults. We can make the following observations:

• benefit of using SAM angular distance over standard
metrics such as Lq is still to be demonstrated when
these distances are used to build α-trees from hyper-
spectral images. As shown in the figure, some large
areas have a rather low F1-measure in comparison to
the other metrics;

• learning a Mahalanobis metric, and more generally tak-
ing into account expert knowledge as early as possible,
is a promising approach to build α-trees adapted to hy-
perspectral image analysis and classification.

Metric Average F1 (%)
SAM 68.44
L1 83.79
L2 87.49
L∞ 84.21
Learnt metric 93.02

Table 1. Average F1-measures for trees built with different
metrics and considering a part of Pavia center dataset.
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6. CONCLUSION

Hierarchical representation of an image through its α-zones
or α-connected components offers several advantages: com-
pact description, low computational cost, and promising ap-
plications in remote sensing (mostly for panchromatic im-
ages). Extending these representations to more complex im-
ages, such as hyperspectral images, is however not trivial.

We have here underlined the limitations of standard met-
rics, such as Lq distance [13] or angular distance [16]. We
have also shown the benefits brought by metrics driven by
prior knowledge, in a semi-supervised learning framework.
These first results, while promising, require a deeper vali-
dation on a larger dataset and considering a wider range of
metrics (especially the local information criterion used very
recently in this context [7]). Finally, a more general study of
hierarchical image representations is also needed to evaluate
the interest of α-trees over the other existing models in the
context of hyperspectral images considered in this work.
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4 Hyperspectral Computing Laboratory, Department of Technology of Computers and Communications,

University of Extremadura, E-10071 Caceres, Spain
5 Department Earth and Environmental Sciences, Division Forest, Nature and Landscape,

Katholieke Universiteit Leuven, Celestijnenlaan 200E - bus 2411, B-3001 Leuven, Belgium

ABSTRACT
Hyperspectral images pose many challenges in endmember extrac-
tion applied to urban environments. The heterogeneity of the scenes
and the relative high spatial resolution of the acquisition sensors lead
to difficulties in the inference of the correct number of endmembers
in the scene and possibly to the existence of a large number of pure
pixels for one class of materials (e.g., grass, tree, roof). Classical
approaches, based on iterative schemes, aim mainly at selecting a
set of distinct signatures from the image, which introduces a relative
high instability of the solutions in the subsequent abundance estima-
tion (unmixing) process. This paper introduces a method to build a
large mixing matrix accounting for the variability of the endmem-
bers in urban environments. The method, inspired from the multi-
measurement vector problem, does not impose a fixed number of
endmembers in the mixing matrix. Our experiments with a hyper-
spectral urban image acquired over Berlin, Germany, indicate that
the method is able to select with high accuracy validated endmember
spectra on the ground and ensures a high variability of the extracted
signatures.

Index Terms— Hyperspectral, endmember extraction, urban,
convex optimization, sparse regression

1. INTRODUCTION

The potential of hyperspectral remote sensing in support of urban
management has been amply demonstrated [1]. Yet, the perfor-
mance of image classification algorithms within heterogeneous en-
vironments is often impaired by mixed pixels [2, 3]. Urban areas
are generally very diverse in terms of the number and extent of man-
made and natural materials and the different materials are intimately
mixed. Spectral unmixing then becomes an alternative processing
step (and necessary when mixing complexity in the image is ampli-
fied) [3]. It amounts to estimating the abundance of pure spectral

This work has been supported by the European Community’s Marie
Curie Research Training Networks Programme under contract MRTN-CT-
2006-035927, Hyperspectral Imaging Network (HYPER-I-NET). Funding
from the Spanish Ministry of Science and Innovation (CEOS-SPAIN project,
reference AYA2011-29334-C02-02) is also gratefully acknowledged.

constituents (endmembers) in each (possibly mixed) pixel (a com-
prehensive review of available unmixing algorithms can be found in
[4]). In recent years, several endmember extraction algorithms have
been proposed for automated endmember extraction from hyper-
spectral data sets. Traditionally, endmember extraction algorithms
extract/select only one single standard endmember spectrum for each
of the presented endmember classes or scene components. The use
of fixed endmember spectra, however, is a simplification since in
many cases the conditions of the scene components are spatially and
temporally variable (e.g., due to ageing, physical/chemical composi-
tion, surface anisotropy effects). As a result, variation in endmember
spectral signatures is not always accounted for and, hence, spectral
unmixing can lead to poor accuracy of the estimated endmember
fractions [5]. Here, we address this issue by developing a simple
strategy to select multiple endmembers (or bundles) per scene com-
ponent. The methodology can be applied to update existing libraries
with new spectra, such that variability is taken into account, or to
build entirely new libraries by a posteriori refining the extracted
signatures, which are then used as input to existing unmixing al-
gorithms.

2. PROPOSED METHODOLOGY

The method we propose here is an adaptation of a recent sparse re-
gression approach to hyperspectral unmixing, which exploits the fact
that the observed data is generated by a relative small number of end-
members. This means that all the observed pixels can be expressed
as linear combinations of only a few endmembers, possibly available
in a spectral library (a large collection of pure spectra).

Let us assume that a spectral library A = [a1, · · · ,am], with m
spectral signatures and L spectral bands, is available, and the data set
contains n pixels organized in the matrix Y = [y1, . . . ,yn] (where
each column yi stores the observed spectrum of one pixel). We may
write then

Y = AX + N, (1)

where X = [x1, . . . ,xn] is the abundance fraction matrix and N =
[n1, . . . ,nn] is the noise matrix. The constraints x ≥ 0 and 1T x =
1 termed, in hyperspectral jargon, abundance non-negativity con-
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straint (ANC) and abundance sum-to-one constraint (ASC), respec-
tively, are often imposed into the model described in Eq. (1) [6].
When a spectral library is available, the unmixing problem can be
tackled via a Multiple-Measurement Vector approach [7, 8, 9, 10],
by solving the following optimization problem:

min
X

∥X∥row−0 (2)

subject to: AX = Y

X ≥ 0.

where ∥X∥row−0 represents the so-called row-ℓ0 norm of X, which
simply counts the non-zero rows of the matrix. In [11], the objective
function (2) was adapted for endmember extraction. The spectral
library A can replaced by the image itself [12], Y, it means that ev-
ery pixel in the image is treated as a potential endmember and the
solution of the optimization problem (2) should provide a reduced
set of pixels which explain with high accuracy the entire dataset,
i.e. the image endmembers. The work [11] proposes two greedy al-
gorithms (modifications of the Simultaneous Orthogonal Matching
Pursuit (SOMP) [7, 8] and the Reduce MMV and Boost (ReMBo)
[13], called SD-SOMP and SD-ReOMP, respectively, where ”SD”
stands for ”Self Dictionary”) to solve the optimization problem (2),
and provides theoretical guarantees for the correct recovery of the
endmember set in the noiseless case, for any number of distinct end-
members.

However, the greedy algorithms like the aforementioned ones
update iteratively the set of endmembers and select, at each iteration,
an endmember which is orthogonal to the previously selected ones.
This means that the extracted endmembers are ideally orthogonal,
so no variability is ensured. This might be a drawback in the con-
sequent unmixing process, in which the extracted spectra can only
approximate the ones on the ground. In this work, we propose a
method which allows variability of endmembers as shown further.

By employing the image Y as a self-dictionary, the optimization
problem (2) can be rewritten in an equivalent form as follows:

min
C

∥YC − Y∥2
F + λ

n∑

k=1

∥ck∥2 (3)

subject to: C ≥ 0,

where λ is a regularization parameter weighting the two terms of
the objective function, ck denotes the k-th line of the coefficients
matrix C and C ≥ 0 is to be understood componentwise. The con-
vex term

∑n
k=1 ∥ck∥2 is the so-called ℓ2,1 mixed norm which pro-

motes sparsity among the lines of C, i.e., it promotes solutions of (3)
with small number of nonzero lines of C. We use the Collaborative
Sparse Unmixing via variable Splitting and Augmented Lagrangian
(CLSUnSAL) [14], based on the Alternating Direction Method of
Multipliers (ADMM) [15] , to solve the optimization problem (3).
CLSUnSAL was originally designed to solve an unmixing problem
when spectral libraries are available. Here, we use it in a similar
fashion, the only difference being that the observed image is em-
ployed as a self-dictionary. By solving the optimization problem
(3), CLSUnSAL provides a coefficients matrix C with a set of non-
zero rows corresponding to the endmembers in the image. Note that,
while we do not enforce a fixed number of endmembers to be ex-
tracted, the value of λ can influence the number of extracted end-
members (higher lambda enforces more sparsity, thus less extracted
endmembers).

3. EXPERIMENTAL RESULTS

The dataset used in our experiments is a 516 × 514 subset of a hy-
perspectral image covering the city of Berlin, Germany (see Fig. 2
– left). The scene was acquired by the HyMap sensor in 125 spec-
tral bands, with a spatial resolution of 3.6m. A total number of 41
spectra from a comprehensive spectral library were selected as pure
signatures of endmembers on the ground. The spectral library was
developed from the image on the basis of expert knowledge and aux-
iliary information (field mapping data, Google Street View). The
library spectra are categorized into four spectrally complex and sim-
ilar urban land cover classes, i.e. roof and pavement as well as grass
and tree. An extensive overview of the characteristics of the image,
image-preprocessing and library development can be found in [16].
In the programming environment used for experimental tests (Mat-
lab 7.10), the use of the entire subset as input to the endmember
extraction algorithm was not possible due to memory usage issues.
The overall computational complexity of the algorithm is O(nL2).
Thus, we split the image in 100 sub-images of similar size (approxi-
matively 2500 pixels each). The endmember extraction is performed
in each of these sub-images and, at the end, the selected spectra from
all sub-images are put together to form the matrix of extracted end-
members. We expect to build large libraries, partly because the end-
members are likely to repeat themselves in several parts of the im-
age. This matrix can be further refined through different strategies
(e.g., pruning, clustering, sampling), which are out of the scope of
this paper. Firstly, we are interested to see if the extracted set of
endmembers contains spectra closely related to the reference ones,
which were selected manually using a priori information.

We use, in turn, two distinct values of the regularization parame-
ter λ: λ1 = 1 and λ2 = 5, for all cases. After building the extracted
spectral libraries, the total number of selected spectra was 2129 and
1472, respectively. For the two parameters and five example end-
members from the four classes, Fig. 1 shows the following features:
dashed red lines - the manually selected reference spectra, dashed
blue lines - the most similar extracted signatures to the reference
spectra, thick red line - mean of the reference spectra, thick blue line
- mean of the extracted signatures. The similarity is measured in
terms of spectral angle distance (SAD). Note, in Fig. 1 that the ex-
tracted libraries contain indeed very similar spectra to the reference
ones. The same behavior is observed when the spectra similarity is
measured by the Euclidean Distance (ED). It is also interesting to
see that the extracted endmembers for the pavement class seem to
be less accurate for λ = 1. However, in the previous work [16],
in which the same reference spectra were used for unmixing, it was
shown that the pavement class is unmixed with less accuracy than
other classes, due to spectral similarities to other classes, ambigui-
ties and shadowing.

We have seen, so far, that the method is able to identify with
good accuracy the reference spectra in the image. However, due to
the sub-image based processing employed, the number of identified
endmembers is high, as the same endmember is likely to appear in
distinct blocks (e.g., pavement spectra are extracted in most of the
sub-images). Although we do not investigate here optimal methods
for retaining the most useful extracted spectra, some possible options
are: library pruning, clustering, averaging, direct identification using
reference spectra, re-running CLSUnSAL using the extracted pixels
as input. In this paper, we make use of the available reference spectra
to retain, from the extracted set of pixels, the most similar five to
each reference spectrum, in terms of spectral angle. This way, we
build an extended library with 205 atoms.

The ground-truth abundance fractions corresponding to the ref-
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Regularization parameter: λ = λ1 = 1
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Regularization parameter: λ = λ2 = 5
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Fig. 1. Quality of the extracted endmembers when λ = λ1 = 1 (top) and λ = λ2 = 5 (bottom).

Fig. 2. HyMap subset and reference polygons for validation.

erence spectra are known in the considered image at a block level,
as shown in Fig. 2 (left – positioning of the polygons in the image;
right – dominant classes inside the polygons; for more details, see
[16]). Here, we are interested to evaluate the impact of using ex-
tracted spectra on the unmixing accuracy, as compared to the one
obtained using reference spectra.

To evaluate the impact of using the extracted spectra on the map-
ping accuracy, we used the reference library, denoted as Ar , and the
extracted libray, denoted as As, as input to a per-pixel sparse un-
mixing algorithm, from which CLSUnSAL is derived, called Sparse
Unmixing via variable Splitting and Augmented Lagrangian (SUn-
SAL) [17]. SUnSAL estimates the vector of fractional abundances
x by solving the following ℓ2 − ℓ1 norm optimization problem:
minx ∥Ax − y∥2

2 + λS

∑n
k=1 ∥x∥1 subject to: x ≥ 0, where y

is the current observed pixel, A is the spectral library and λS is a
regularization parameter which weights the two terms of the objec-
tive function. In our experiments, λS was manually tuned for near-
optimal performance. The accuracy of fraction maps was evaluated
by comparing modeled versus reference fractions using polygon-
wise averages (Fig. 3).Reference data is shown in Fig. 2. Refer-
ence fractions per polygon were available for 35 polygons, includ-

ing building blocks (black squares), streets (with triangles) and green
spaces (black triangles).

From Fig. 3, it can be seen that SUnSAL performance is slightly
degraded when the extracted library is used. This was expected, as
the performance of sparse regression algorithms is greatly influenced
by the library size. However, it is obvious that the results follow the
same trend and the abundances estimated using AS are closely re-
lated to the ones obtained using AR. We should also mention that
the accuracy assessment is performed in regions where the reference
spectra are known to exist, thus the superior performance of SUn-
SAL when using the reference library might not be so obvious in
other parts of the image, where the extracted spectra can be more
representative than the reference ones.

4. CONCLUSIONS

In this paper, we introduced a Multiple-Measurement Vector ap-
proach to endmember extraction for urban hyperspectral images.
The endmember extraction is formulated as a convex optimization
problem and a sparse regression algorithm is employed to retrieve
the endmembers. Our experimental results show that the method
is able to extract endmembers highly correlated to the ground-truth
ones and it is able to ensure a high variability of the extracted end-
members, which is useful in the subsequent unmixing procedure.
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PATTERN-BASED ROUGH SEGMENTATION OF SATELLITE IMAGES
USING EVOLUTIONARY ALGORITHMS
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ABSTRACT

Earth Observation applications are becoming more and more
spread, thus the automatic interpretation of satellite image
content is a key issue. Determining the characteristics of a
certain region allows for image segmentation, classification
and analysis or further interpretation of satellite image con-
tent. Given the very-high resolution of current satellite im-
ages, we propose a rapid and rough segmentation approach
based on object detection using extended Haar-like features
and evolutionary algorithms. The segmentation map is given
by the probability of finding a specified pattern and the dis-
tance to discovered solutions. We show the results we obtain
for satellite image segmentation of built-up areas based on
rectangle-shaped house roof detection.

Index Terms— segmentation, extended Haar-like fea-
tures, evolutionary algorithms, satellite images

1. INTRODUCTION

There exists a plethora of image segmentation approaches [1],
but only several frameworks are unanimously accepted by the
scientific community as generating good and predictable re-
sults. Watershed is the morphological approach, where the
image is viewed as a relief or landscape [2]. Pyramidal or
multi-scale approaches use a hierarchal structure for repre-
senting the image at different resolution levels [3]. Active
contours are based on variational calculus and are commonly
used to segment one region or a salient object with a priori
known characteristics [4]. Active contour implementations
are usually very time consuming. Graph-based approaches
use graph representations of images, which unfortunately
may explode in size with the increase of image spatial res-
olution [5]. Recently, there is a trend in over-segmenting
the image on purpose, then to proceed with fusion of simi-
lar regions [6]. Another set of approaches are based on the
local description of texture, e.g. Haralick texture features
[7]. However, all the aforementioned approaches aim at
determining regions with similar properties.

With the increase of image spatial and spectral resolu-
tion, all the approaches may become very time consuming.
In addition, some regions may exhibit a large variability of
the composing elements, making them difficult to segment.
In this article we embrace an image information mining ap-
proach which combines low level feature extraction with evo-
lutionary algorithms. We aim at determining the regions that
contain a certain pattern of interest. The hypothesis that we
make is the following: in very high resolution images, such as
satellite images, it may take a lot of time to explore the entire
image using a deterministic and exhaustive segmentation ap-
proach, therefore a probabilistic method that does not explore
the entire image and feature space will offer a rapid and rough
estimate of the regions of interest. In addition, purely deter-
ministic approaches may fail when applied to objects with a
high variability in shape, color or texture.

Genetic algorithms use the principles of evolution and se-
lection to search through a very large set of candidate solu-
tions. This may be an appropriate approach when a set of cri-
teria for the characterization of a convenient solution can be
aggregated in a fitness function, providing a numerical hierar-
chy with the most valuable elements on top. When it comes
to searching in an image a set of similar objects but with a
large variability, the genetic algorithms can be used in a seg-
mentation step. As a result, the areas with a high probability
of containing the objects will be highlighted.

Several approaches have been proposed for object de-
tection using genetic algorithms: in [8] distributed genetic
algorithms are used for the segmentation of video frames,
in order to extract moving objects in MPEG-4 sequences.
Genetic algorithms are used in [9] to create cascades of clas-
sifiers for object detection in noisy ultrasound images. The
authors of [10] integrate basic image processing algorithms
in a fuzzy-genetic framework in order to detect buildings
in high-resolution satellite images. For the same purpose,
there exist alternative approaches like the ones based on SIFT
(Scale-Invariant Feature Transform) keypoints and graph the-
ory [11] or texture-derived built-up presence index which is
an anisotropic textural co-occurrence measure [12]. In this
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paper we show results of rough segmentation of satellite im-
ages using an evolutionary method. By searching for simple
shapes like rectangles, we aim at quickly identifying image
regions with high probability of representing built-up areas.

2. OUR APPROACH

One approach from computational intelligence for object de-
tection in images is emitting hypotheses about the existence
and appearance of desired objects inside the analyzed images,
and then verifying the validity of those hypotheses. Further
on, the hypotheses are refined, thus leading to solutions that
best suit the image. One way of improving the discovered so-
lutions is through evolutionary processes, such as genetic al-
gorithms. Using such a method requires a way to encode hy-
potheses, quantify their fitness and select them accordingly,
then reproduce the fittest ones. This last step requires that
mutations of the encoding string will occur. Searching ob-
jects inside images through an evolutionary process is done
by randomly generating a number of hypothesized objects,
computing a measure of their fitness and differentially repro-
ducing them according to their fitness, repeating these steps
for an empirically-chosen number of generations.

2.1. Hypothesis encoding

The first step of the process requires a way of encoding a hy-
pothesis into strings or numbers. The encoded string of an
object is named genotype, while the resulting form is called
phenotype. The fields of the hypothesis are hereby named
chromosomes, which are further divided into smaller fields of
information, called genes. Each gene encodes for a trait, or
process of generating traits, while one of all possible forms of
a gene is called an allele.

Each hypothesis hi is of the following format: at position
(x, y) in the image there exists a rectangle of width w, height
h, orientation α and color c. Colors are represented as 24-
bit RGB. Therefore the encoding represents the concatenation
of all these fields into a single string hi = [x, y, w, h, α, c].
For the encoding of the hypothesis we use Haar-like features
defined by [13], presented in Fig. 1 where b is the size of the
border. Given the large variability of the searched pattern, one
can extend these features in order to match various application
purposes [14].

Fig. 1. Illustration of a hypothesis (extended Haar feature).

We do not specifically encode the color of the background
(the border surrounding the object), but in our implementation
we define an acceptance level for the contrast between the
color of the object and the color of the background.

In Figure 2 we show an ideal synthetic image I with white
background and four buildings represented by grey rectangles
and four possible hypotheses (h1, ...,h4), generated at a cer-
tain step of our approach, overlaid on the original image.

Fig. 2. Illustration of a phenotype overlaid on the image I.

2.2. Selection based on fitness

The second phase of the evolutionary process is analyzing the
phenotype and quantifying the correctness of the solution, i.e.
assessing the match between the hypothesis hi (searched pat-
tern) and the original image I, through the computation of the
fitness function f(hi, I):

f(hi, I) =

{ 1
d(hi,I)

, d(hi, I) ≤ T
0 , otherwise

(1)

where d is the distance between the hypothesis hi and
the corresponding (underlying) region of image I and T is a
configurable threshold for the acceptance level of matching.
Computing the distance d can be achieved through various
approaches: computing the mean squared error, projecting
a region of the analyzed image on a basis of functions rep-
resenting the searched pattern, applying a hit-or-miss trans-
form (e.g. the color hit-or-miss transform for simple patterns
[15]), etc. The computation of the mean squared error has
to take into account the local contrast between the color of
the object and the color of the background. In addition, the
information about the spatial arrangement of pixels is lost,
but fortunately the information is intrinsic to the definition
of the pattern. For our proof-of-concept approach we define
d(hi, I) =

∑
(u,v)∈Supp(hi)

|color(hi(u, v))− I(x+u, y+ v)|.

After measuring the fitness of all the existing hypotheses, the
selection phase takes place. The goal is the improvement of
the existing solutions, meaning that the fittest ones must re-
produce more often than the less fit solutions. This can be
done either through a deterministic process, or a stochastic
one. The former is as simple as greedily selecting the best N
solutions, while the latter requires randomly selecting solu-
tions based on their relative fitness, such that better hypothe-
ses have greater chances of reproducing, offering no guaran-
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tee of actually achieving the goal. This can even lead to good
hypotheses becoming extinct, but can also expand the pool of
solutions compared to the former method by allowing non-
greedy solutions to be selected. Statistically, better solutions
would reproduce more often for both methods. The following

overall function has to be maximized: argmax
i,f(hi,I)6=0

N∑
1
f(hi, I).

Selection can be tailored to specific application needs: for
instance, if we are looking for roofs of a certain color, a best
fit solution is marked as final solution and may not be further
used for reproduction, since in the near vicinity (a few pixels)
of the solution there cannot exist another best solution - how-
ever, further away, the probability of finding another roof is
high in a built-up area.

2.3. Evolution

Finally, reproducing solutions is only a matter of copying the
encoding string and modifying or mutating it, which means
altering the values of various fields of the hypothesis encod-
ing. The amount of mutation is an important parameter of
the approach, as few mutations per genotype can lead to a
longer, yet more stable, progression, while higher rates of
mutation preserve too little of the information for selection
to achieve its goal of generating a better batch of hypothe-
ses. One way of increasing the amount of variation, while
still preserving vital information is through the combination
of similar solutions, which is called sexual reproduction. This
serves to combine features of different hypotheses, yielding
solutions that would be unlikely to occur through simple mu-
tation of either of the combined hypotheses. Such combina-
tions of encoding strings are facilitated by the existence of
well-separated fields inside the strings, each one encoding
specific sets of traits of the phenotype, or processes of the
phenotype generator.

At the moment of reproduction, each parent solution do-
nates its chromosomes, resulting in an offspring which has
pairs of homologous chromosomes. Two problems arise: (i)
how to generate a single phenotype from two sets of strings
and (ii) how to select which chromosome from a pair to do-
nate to the offspring in the reproduction phase. The first prob-
lem is addressed by the existence of allele dominance: some
alleles are dominant (will get expressed in the phenotype),
while others are recessive. If two different homologous al-
leles have the same dominance, their resulting expression is
a mixture of the two. For the second problem, at the mo-
ment of reproduction, one of the homologous chromosomes
is selected randomly, without bias. Furthermore, each pair of
resulting homologous chromosomes can undergo a process of
recombination by splitting both chromosomes at one or more
locations and recombining the pieces to form new chromo-
somes that are different from any of the parent chromosomes.

At a first glance, the complexity of such an algorithm
might seem unnecessarily high, but these processes can prove

important when creating a suitable environment for the de-
velopment of effective solutions for such general problems as
object detection. Precisely what evolutionary processes can
achieve in the context of object detection is still an open ques-
tion and the recipe for an optimal implementation is currently
unknown.

3. EXPERIMENTAL RESULTS

We demonstrate the usefulness of our approach in the context
of an Earth Observation application: by searching rectangular
patterns, representing house roofs, we aim at identifying and
roughly segmenting the built-up areas within satellite images.
In Figures 3 and 4 we show the original images, the output
of the genetic algorithm (2D Gaussians in the positions of the
discovered solutions) and the final segmentation maps.

(a) original image

(b) run #1

(c) run #2

(d) built-up area rough segmentation

Fig. 3. Experimental results.
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For producing the final segmentation maps we compute at
each image location the distance to the closest solutions and if
the distance is smaller than a specified radius, then we include
the pixel in the region of interest. For the results presented in
Figs. 3 and 4 the radius was 150 and 100 pixels,, respectively.

Given the randomness intrinsic to our approach, some
runs will lead to better results. However, this method can
benefit from parallel runs and then determine statistically
which region is commonly present in all results. The av-
erage time of execution for the C++ implementation of our
approach on a color image of approximately 2 Mpixels, us-
ing 100 hypotheses for 100 generations is approximately 8
seconds on a single core CPU running at 2.2 GHz.

(a) original image (b) run #1

(c) run #2 (d) built-up area rough segmentation

Fig. 4. Experimental results (2).

4. CONCLUSIONS

In this article we present a proof-of-concept framework for
rough image segmentation based on Haar-like extended fea-
tures and evolutionary processes. We show how this approach
can be used for a preliminary analysis of built-up areas in
satellite images, by searching simple patterns, i.e. rectangles
of specified color range, based on the hypothesis that they
represent roofs of buildings. The results of this image infor-
mation mining approach are rough segmentation maps.

Given the probabilistic nature of our approach and the
way the evolutionary process works, there are two uncertain-
ties related to the solutions: (i) the absolute fitness between
the image and the searched pattern is not known and the rel-
atively best solutions are chosen at a certain moment; (ii) the
exact position of the best solution is not known, thus we are
looking at the closest solutions within a specified range. Once
the rapid and rough segmentation is performed by using our
approach, one may use dedicated tools for a better discovery
of the pattern of interest.
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[15] J. Weber and S. Lefévre, “Spatial and spectral morphological
template matching,” Image and Vision Computing, vol. 30, no.
12, pp. 934 – 945, 2012.

Feature Extraction II

Proceedings of ESA-EUSC-JRC 9th Conference on
Image Information Mining doi: 10.2788/25852

48 University Politehnica of Bucharest (Romania)
5–7 March 2014

http://dx.doi.org/10.2788/25852


MASH UP OF VHR IMAGE CORNER DENSITY WITH KILOMETRIC POPULATION
DENSITY FOR THE AUTOMATIC DETECTION OF BUILT-UP EXTENT

Lionel Gueguen

DigitalGlobe Inc., Image Mining Product Development & Labs
1601 Dry Creek Drive, Longmont, CO 80501, USA
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ABSTRACT
This paper describes the mash-up of very high resolution op-
tical images with kilometric population density to accurately
delineate urban extent at large scale. The method relies on
corner density measurements which are adaptively classi-
fied according to a statistical model driven by the population
counts. The method is implemented in a cloud computing
environment and it contributes to the High resolution Urban
Globe (HUG) capabilities developed at DigitalGlobe. An
illustration of the urban extent extraction is given for the
country of Japan.

1. INTRODUCTION

Information on human settlements is crucial for a wide range
of applications including emergency response, disaster risk
reduction, population estimation/analysis, and urban/regional
planning. Urbanization pressure generates environmental im-
pacts, indicates population growth, and relates to risk and dis-
aster vulnerability. Population growth is therefore becoming
largely an urban phenomenon concentrated in the developing
world resulting in major challenges to manage the urban de-
velopment in a sustainable manner. A central issue in this
respect is the availability of up-to-date information on the ex-
tent of urban settlements which is largely unavailable in de-
veloping countries.

This information can be collected and updated efficiently
at a global scale by the processing of satellite VHR optical
images. Many studies showed that image features extracted
from satellite VHR images (<5 meters resolution), such as
Pantex [1], can be used for the spatially precise (<10 me-
ters resolution) discrimination of built-up versus non-built-up
areas. Nevertheless, automating this built-up extraction over
large areas poses problems of consistency and of computa-
tional burden. In this paper, we describe in more details the
automatic and consistent extraction of built-up extent from
VHR images which is briefly tackled in [2]. It is well under-
stood that geographical local models must be built to perform
the mapping between the image features and the considered

classes in order to account for the variabilities of the measure-
ments and of the urban class [3]. Indeed, the image acquisi-
tion parameters impact the extracted features, and the class of
built-up vary regionally with the settlement architectures.

We propose in this paper a mash up of a globally consis-
tent kilometric population density layer [4] with textural im-
age features in order to adaptively detect built-up extent. We
exploit the correlation existing between population densities
and built-up densities to derive local models which discrimi-
nates optimally the built-up extents at a high spatial resolution
(≈ 10 meters). This combination of imagery and population
layer which exploits optimized algorithms and cloud com-
puting architectures contributes to the High resolution Urban
Globe (HUG) capabilities developed at DigitalGlobe.

The paper is organized as follows. Section 2 describes
the Pantex measurements extracted from satellite imagery and
the Landscan population density layer. Section 3 presents a
statistical model allowing the mash up of the described inputs.
Section 4 presents some results obtained over the country of
Japan.

2. INPUTS DESCRIPTION

2.1. Density of Corners from VHR Images

The textural image features used in this study are derived
from grey-level co-occurrence matrix (GLCM) contrast tex-
tural measurements. The GLCM matrix is a n×nmatrix con-
taining the relative frequencies with which two pixels linked
by a spatial relation (displacement vector) occur on a local
domain of the image, one with gray level i and the other with
gray level j, with i, j ∈ [0 . . . n − 1], where n is the num-
ber of gray-levels with which the image has been coded. The
contrast textural measurement is formalized as follow:

CON =
∑

i,j

(i− j)2Pi,j , (1)

where n is the number of gray levels present in the image,
and Pi,j is the (i, j)th entry of the co-occurrence matrix. The
contrast textural measures calculated using anisotropic dis-
placement vectors are combined in a rotation-invariant im-
age feature, called PanTex, by using extrema operators. Pan-
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Tex was demonstrated to be strongly correlated with the pres-
ence of buildings [1]. The capacity of PanTex to discriminate
BU/NBU areas is mainly linked to the fact that it is a corner
density detector [5]. However, this image measurement de-
pends highly on the image contrast and the density of build-
ings making it highly variable for the analysis of VHR optical
images which are affected by illumination, atmospheric con-
ditions and angles of acquisition.

2.2. Kilometric Density of Population

We propose in this section to make use of a third party source
of information about the population living in built areas. This
third party source of information is global and consistently
represents the density of population in kilometric cells. This
layer, called Landscan Population Density Layer [4], is de-
rived from spatial data and imagery analysis technologies and
a multi-variable dasymetric modeling approach to disaggre-
gate census counts within an administrative boundary. Since
no single population distribution model can account for the
differences in spatial data availability, quality, scale, and ac-
curacy as well as the differences in cultural settlement prac-
tices are tailored to match the data conditions and geographi-
cal nature of each individual country and region. We propose
in this paper to model the geographically localized statistical
links between population density and the corresponding im-
age textural features allowing to derive a binary classification
of built-up extent (BU) versus non built-up areas (NBU).

An illustration of the PanTex with the corresponding
Landscan Population density is given in Fig. 4. In addi-
tion the figure represents the Built-up extent which can be
extracted from the PanTex measurements by a thresholding
adapted to the current scene.

3. MASH UP MODEL

3.1. Statistical Link Between BU and Population Densi-
ties

A statistical link obviously exists between population densi-
ties and built-up densities. We investigate the nature of this
link in this section. Fo that aim, a built-up mask is produced
with a resolution of 10 meters, where each pixel represents
the land occupation as BU or NBU. For each kilometric cell,
we then compute the normalized BU density πBU , as the ra-
tio of the BU area over the full cell area. Then, the links
between built-up densities and population densities can be vi-
sualized and analyzed. An illustration of the data distribution
is given in Fig. 1, where it is clear that the BU density grows
linearly with the population until reaching a saturation point.
These observation can be explained by the urbanization pro-
cess, where the human settlements grow first spatially to ac-
commodate more and more people and then grows vertically
as the population keeps growing. We propose therefore to link

Fig. 1. The scatter plot of kilometric population densities and
Built-up densities is given for a scene covering urban and
agricultural areas. The fitted model linking the population
density to the normalized built-up density is represented in
red and it is expressed by (2).

the BU density πBU to the population density y by:

πBU (y | λ, s) = s(1− e−y/λ), (2)

where λ defines the break point along the population density
axis and s is the saturation level of the BU density. In the
most dense cities, the BU density cannot reach the maximum
occupation of 1 as many parks or river exist within the city
centers. The saturation s < 1 is thus set a priori for the full
globe.

3.2. Pantex Statistical Model

We investigate in this section the statistical distribution of the
Pantex measurements inside populated and unpopulated ar-
eas. Examples are given in Fig. 2. By the visual analysis of
the distributions, it appears that the distribution of the Pan-
Tex values is a mixture of two unimodal distributions defined
over positive real numbers. These two unimodal distributions
are linked to the PanTex values falling in the BU and NBU
areas, respectively. Therefore, the knowledge of these dis-
tributions allows to infer the optimal threshold of the Pantex
values which will separate optimally the BU from the NBU
class. We choose the Gamma distribution to fit to the Pantex
values histogram, because the model is designed for positive
values and it can capture a large range of unimodal distribu-
tions. The Gamma distribution is expressed by:

pΓ(x | k, θ) =
xk−1e−x/θ

θkΓ(k)
, (3)

where Γ is the gamma function, k controls the values spread
and θ controls the mode. We make the assumption that the
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Fig. 2. The normalized histograms of the Pantex values
falling inside populated and unpopulated areas are illustrated.
The two distributions suggest that a thresholding of the Pan-
Tex measurements can discriminate between the BU and the
NBU areas.

PanTex values are locally distributed by a mixture of two
Gamma distributions which is expressed by:

p(x | πBU , kBU , θBU , πNBU , kNBU , θNBU ) =

πBU .pΓ(x | kBU , θBU ) + πNBU .pΓ(x | kNBU , θNBU ),
(4)

where πBU = 1 − πNBU is the built-up normalized density
and (k−, θ−) = Θ− are the parameters of the gamma distri-
butions of the BU and NBU areas, respectively.

3.3. Mash Up: Joint Distribution Model

In this section, we propose a statistical model which merges
the Pantex measurements given at 10 meter resolution with
the kilometric population density values. Let the population
density image be denoted by y and the PanTex features exist-
ing in the bounding box of y be denoted by x. Both datasets
have different resolutions, such that one kilometric pixel q of
y encompasses many 10m pixels qx = {ri} of the PanTex
features x. As described above, the population densities and
the PanTex values are somehow linked to the built-up extent,
and can be merged in a single model by:

p(x, y | λ, s,Θq
BU ,Θ

q
NBU ) =

∏

q

p(y(q))
∏

r∈qx
p(x | y(q), λ, s,Θq

BU ,Θ
q
NBU ), (5)

where the posterior mixture of Gamma distribution depends
on the a priori knowledge of built-up densities given by the

link with the population density:

p(x | y(q), λ, s,Θq
BU ,Θ

q
NBU ) =

πBU (y(q) | λ, s).pΓ(x | Θq
BU )

+ πNBU (y(q) | λ, s).pΓ(x | Θq
NBU ). (6)

In that situation, the population density allows to constraint
the mixture proportions of BU and NBU in the considered
kilometric cell. In this model, the saturation and break point
parameter are estimated at the level of a city or at the level
of a region with a scale larger than 10 km. These parameters
determine, at the region level, how the BU density and pop-
ulation density are related. In each kilometric cell, a mixture
model of the Pantex values can be estimated while assuming
an a priori mixture ratio. These local models allow to in-
fer a threshold for each kilometric cell which will optimally
classify BU pixels from NBU pixels in the cell. This opti-
mal threshold ρq is given by the following error minimization
which finds the optimal point separating the two distributions:

ρq = arg min
z
|πBU (y(q) | λ, s).pΓ(x | Θq

BU )

− πNBU (y(q) | λ, s).pΓ(x | Θq
NBU )|. (7)

The locality of the threshold on the PanTex values enables
to adapt to the image acquisition variations and to the in-
herent built-up class variability. The parameters of this joint
model allows to fit the PanTex measurements to the popula-
tion density values while determining the optimal BU extent
at high resolution. These parameters can be computed with an
Expectation-Maximization algorithm which iteratively con-
verges to a solution.

3.4. Expectation-Maximization Algorithm

An Expectation-Maximization algorithm allows to iteratively
estimate the model parameters by minimizing the model like-
lihood. While the Expectation step remains quite standard,
the Maximization step, where the parameters are estimated,
causes some difficulties which are solved here. In particular,
we describe the estimation of built-up densities and of λ given
that the saturation is fixed. We assume that the E-step is run
and that we have for each PanTex value its corresponding Q
value:

Q(x(r) | t) =

πqBU (t)pΓ(x | Θq
BU (t))

πqBU (t)pΓ(x | Θq
BU (t)) + πqNBU (t)pΓ(x | Θq

NBU (t))
. (8)

The mixture priors falling in each kilometric cell are esti-
mated by the average of the Q values by:

ψq(t+ 1) =
1

|qx|
∑

r∈qx
Q(x(r) | t). (9)
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Then, these priors allow to estimate the break point value by
fitting the population values to the corresponding estimated
built-up densities with (2). Given that the saturation s is fixed
for the region, the break point is estimated by:

λ(t+ 1) = − 1

|y|
∑

q

y(q)

log (1− ψq(t+ 1)/s)
, (10)

where |y| is the number of pixels in the population density
image y. The other mixture parameters are inferred locally
from the local weighted averages and variances of the PanTex
values, where the weights are given by the Q values. In the
model described in (6), the built-up densities are hardly linked
to the population densities which might give to much rigidity
to the model which has to fuse kilometric measurements with
10 meter resolution data. To allow more flexibility, the built-
up density is estimated at each step by the combination of the
analytical and the empirical estimates:

πqBU (t+ 1) =
ψq(t+ 1) + πBU (y(q) | λ(t+ 1), s)

2
, (11)

where this value is injected into (6) during the evaluation of
the Q values in (8). This combination allows to jointly make
use of the population density while trusting at the same time
on the prior estimate coming from the data only.

3.5. Spatialization of the Joint Distribution

While the previous model assumes an independence between
the neighboring pixels, a further spatial and statistical con-
straint can be imposed between the neighboring kilometric
pixels. Indeed, the population density image y is spatially
smooth and we want that the parameters of the BU extent to
be equally smoothed spatially. This spatial smoothness can
be imposed by a Markov random field defined on the param-
eters Θq

BU and Θq
NBU , where neighboring pixels have close

parameters. However, Markov random fields brings a lot of
computational complexity. We thus propose to use a sim-
ple spatial smoothing technique, such as a 2d convolution,
to maintain a spatially smooth image of the parameters. The
2d convolution kernel generally covers 4 to 8 of the neigh-
boring kilometric pixels, and it ensures a subsequent spatial
smoothness of the built-up extent. This spatial smoothing can
be applied at each step of the Expectation-Maximization al-
gorithm.

4. EXPERIMENTS AND RESULTS

The described methodology has been tested for the produc-
tion of detailed urban extents over large areas while exploiting
VHR optical data collected by Quickbird and WorldView-2
sensors. This capability, named High-resolution Urban Globe
(HUG), has been implemented thanks to fast textural extrac-
tion algorithms deployed within a cloud computing environ-
ment scheduled by the Hadoop Map-Reduce paradigm [6].

Fig. 3. The population break points λ, where the break points
are estimated regionally in cells of 20×20km. The height and
color encodes the break point values, where yellow represents
small values and red represents high values.

This set-up allows to extract the built-up extent from 2m mul-
tispectral imagery over large areas at a rate of 17km2/min/cpu.

As a result, the country of Japan was HUGgified, and
its 377,944km2 were analyzed in 2h00 while exploiting 180
cpus spread over 18 compute nodes. A subset of the input
imagery with the corresponding BU detection result are de-
picted in Fig. 5. A close view of the built-up extraction is
provided in Fig. 6, where the built-up extent is fused on top of
the input imagery. During the global extraction process, the
population break points are estimated regionally in cells of
20×20km2. These break points intermediate results are rep-
resented in Fig. 3. This parameter has a smooth spatial varia-
tions, and we observe that the break point values decrease in
dense urban areas. This observation can be understood by the
fact that highly populated areas tend to saturate their spatial
built-up densities more rapidly than unpopulated areas.

The accuracy of the extraction has been assessed by com-
paring our 10m resolution classification to a global built-up
classification extracted from MODIS data at a resolution of
1km [7]. This layer is represented in Fig. 7 and it is compared
to our extraction. The comparison shows that the HUG out-
put reproduces the kilometric built-up extent, while detecting
more built-up areas since it is able to capture small clusters of
buildings. An analytical comparison shows that the kilometric
MODIS based classification misses 24% of the total built-up
extent captured by our extraction. In addition the kilometric
layer tends to overestimate by 20% the built-up coverage in
city centers because it tends to ignores the empty spaces gen-
erated by parks and rivers.

5. REFERENCES

[1] M. Pesaresi, D. Ehrlich, I. Caravaggi, M. Kauffmann, and C. Louvrier,
“Toward global automatic built-up area recognition using optical VHR

Applications

Proceedings of ESA-EUSC-JRC 9th Conference on
Image Information Mining doi: 10.2788/25852

52 University Politehnica of Bucharest (Romania)
5–7 March 2014

http://dx.doi.org/10.2788/25852


Fig. 4. Illustration of the input datasets which includes a WorldView-2 image (top-left), the Pantex measurements (bottom-
right) and the corresponding population density (bottom-left). The Built-Up extent derived from the Pantex measurements
is displayed on the top-right. Colormaps are employed to represent the gray levels of the PanTex measurements and of the
population density.

Fig. 6. A close look of the Japan mosaic is depicted on the left. The corresponding HUG Built-up extent is depicted on the
right, where the gray levels encode the confidence of the classification. This close view shows how local thresholding allows to
overcome the differences in image contrast.
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Fig. 7. Built-up classification derived from MODIS data [7] at a resolution of 500m. The corresponding HUG Built-up extent
is given at a resolution of 10 meters.

Fig. 5. A mosaic of Japan is depicted on the top. The mo-
saic covering 377,944km2 is a composition of Quickbird and
WorldView-2 images with a resolution of 0.5m. On the bot-
tom the HUG built-up extent is depicted with a colormap
which represents the confidence of the binary classification.
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ABSTRACT 

 

This study presents the morphologic evolution of the 

coastline of Sacalin Island by analyzing reliable satellite 

images, databases and comparative examination considering 

the temporal framework. The analysis within this paper takes 

into account also the extension of the turbid river water 

dissipating into the Black Sea. The evolution of the 

shoreline analyzed through its actual dynamic perspective is 

the outcome of the conjugate action of natural factors 

complex with the active and diversified human intervention. 

 In this low altitudinal sector, the morphodynamic processes 

are obvious through progression and regression that have 

direct consequences on the coastline. This paper intends to 

establish the degree of connection between the coastline 

(with the main processes erosion and sedimentation) and the 

turbid river water that flows into the sea. 

Index Terms— Sacalin Island, coastline, Black Sea, 

dynamic processes, turbid water. 

 

1. INTRODUCTION 

2.  

Sacalin Island is located in the south-east of Romania 

(Figure 1), at the mouth of the Sfantu Gheorghe Branch, on 

the Black Sea coastline. Sacalin island surface appearance 

dates from 1897, due to high quantity of sediments deposits 

after a catastrophic flood. From surveys made in 1856 by 

Hartley for establishing a maritime transportation route 

highlighted two sand banks submerged at 0.5 meters right at 

the mouth of St. Gheorghe branch which represented the 

starting point of its development. 

The relative stability of the coastline in the studied area 

reveals processes of erosion and/or deposits of sediments 

from Danube River corresponding to their historical periods. 

These processes were accelerated by the human 

pressure/activities (river damming, regulation and 

embankment). The main actors shaping this area are: the 

Danube River system that discharges an average 60 millions 

of tons of river deposits and 200 milliards of m
3
 of water per 

year, the Black Sea’s NE-SW currents, the position at 

45
o
 latitude in northern hemisphere that generates the 

alternation of temperatures, the climate change, sea level 

variation (Figure 2) and the omnipresence of the human 

pressures impact. Therefore coastal area of Danube Delta 

suffered major modifications in the past decades which lead 

to a morphodynamic imbalance.  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1 – Location of the study area 

 
Figure 2 – Sea level according to the Constanta maregraph 

(IGFCOT* Bucharest) 

 

2. MATERIALS AND METHOD 

 

The materials used for this study were satellite images and 

databases. The satellite images used are Landsat 5 with TM 

sensor acquired from United States Geological Survey 

(USGS) & Earth Resources Observation and Science 

(EROS) - http://glovis.usgs.gov/, collected for each year 

starting from 1983 till 2013 except 1998 due to lack of 
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visibility. In total there were 30 images that were used to 

extract the shoreline of the studied island. In addition, the 

database used for this analyze consists in historical map 

(“Carte du Danube et de ses embranchements entre Braila et 

la mer, 1870, 1:73000”), high resolution ortophotos of the 

Danube Delta (2013) and digital terrain model (2013) 

obtained through LiDAR procedure. All this datasets helped 

in extracting valuable data needed in this analyze through 

GIS software. In this regard, the coastline of the Sacalin 

Island was extracted according to the Landsat images, one 

per year starting from 1983 till 2013 (Figure 3).  

Also Landsat images provided vector data regarding the 

extension of the turbid river water in the Black Sea at the 

mouth of the St. Gheorghe branch (Figure 4). Having this 

data enabled to calculate the annual rate of main processes 

in coastal area (erosion and sedimentation) and to visualize 

the evolution trend of the island. Also the water surfaces 

polygons that represent the turbid river water were taken 

into account regarding the shape and extent to search for a 

link between this and the evolution of the island’s coast. 

This method uses mathematical tools. In this sense the turbid 

river water polygons (shape and surface) will be linked with 

the rate of sedimentation and erosion and evolution trend of 

the coastline. Having this, there are three working 

hypothesis: 

 If the surface in one year is bigger than the average 

per all years then the sedimentation process is 

higher than the erosion process; 

 If the shape of the turbid river water is elongated on 

latitude than on the longitude then in the northern 

part of the island the erosion process will be 

predominant and in the south sedimentation; 

 If the shape of the turbid river water is elongated on 

longitude than on the latitude then in the northern 

part of the island the sedimentation process will be 

predominant and in the south erosion. 

 
Figure 3 – Sacalin Island coastline, 30 years timeline 

 
Figure 4 – Extension of turbid river water 

 

3. RESULTS AND DISCUSSIONS 

 

Sf. Gheorghe branch correction that was completed in 1990 

seems to support the hypothesis that morphological changes 

of Sacalin peninsula and some erosion rate are high related 

to these works. These works produced changes in the flow of 

arms that led to change coastal currents near the mouth of 

the arm, and influence natural erosion processes [2]. 

After extracting the coastlines of the Sacalin Island from all 

30 Landsat images for each year, resulted 30 shapefiles that 

indicates the dynamic evolution of the island. Considering 

this, it was possible to calculate the processes rate from one 

year to another and also for the entire timeline in order to 

point out exceptional years related to these processes. For 

example the erosion process in the northern part of the 

island is 730 meters comparing 1983 and 2013 (in fact is a 

shifting process). Also in the south of the island the 

sedimentation process towards the south is about 2.8 km 

between 1983 and 2013. Grigoras I. (2012) mentioned that 

major change is the movement of Sacalin Island towards the 

west, with about 750 m, increasing by 3.8 km in length and 

in width up to 200 m in length. Length growth of the island 

in 1975-1990 according with remote sensing methodology is 

167 m / year, and is very close to the previously estimated 

rate of 150 m / year [1].  

 The shape and the extension of the turbid river water into 

Black Sea varies a lot within the studied timeline (1983-

2013) and is influenced by the following main factors: liquid 

and solid river discharge, sea currents (direction and 

intensity), winds, waves etc.  

Drawing transversal profiles on the digital terrain model 

(DTM) across the island there could be highlighted the dune 

waves that corresponds to the intermediary coastlines 

between 1983 and 2013 (Figure 5) 
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After all the calculations of the shape and extent of the 

turbid river water in the sea and rate of erosion and 

sedimentation processes that are present in the coastline 

resulted a close relation between them. 

 

. 

Figure 5 – DTM with transversal profile 

 

4. CONCLUSIONS 

 

Based on the results of this study certifies once again that 

the coastline is one of the most dynamic geographical 

feature.  

The island is fragile and continuously under natural 

pressures that it’s shape is constantly changing. This manner 

of evolution process of the island highlights the evolution of 

the succession of the marine levees south from St. Gheorghe 

branch. 

For a better accuracy and results regarding the correlation 

between the turbid river water and the main processes in the 

island there is a need for in depth studies that implies other 

driving factors. 

Data mining for studying the dynamics of the Sacalin Island 

coastline and its relation with the turbid river water proved 

to be very useful process in discovering the patterns of the 

changes.      
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ABSTRACT

An increasing number  of  recent  and  upcoming satellite
platforms  are  equipped  with  on-board  multispectral
sensors that are capable of recording reflected sunlight at
the  transition  from  visible  blue  to  violet  wavelength.
Those  sensor  capabilities  were  originally  developed  for
coastal  and  shallow  water  applications.  This  paper
presents a new application area of such sensor bands for
image  information  extraction.  According  to  our
observations the so called coastal  band of Worldview 2
imagery reflects strongly on bright coloured plastic. Such
material is widely used in form of plastic sheets provided
by relief agencies to roof temporary dwellings in refugee
or internally displaced person (IDP) camps. The excellent
reflection  within  this  band  allows  a  precise  automated
detection  of  dwellings  for  such  camps.  The  presented
method uses this band as input image for a morphological
processing to extract single dwelling.

Index  Terms—  coastal  band,  Worldview  2,
mathematical  morphology, refugee  camp,  dwelling
count

1. INTRODUCTION

Automated  image information extraction from very high
resolution spaceborne imagery  of  refugee  and  internally
displaced  person  (IDP)  camps  is  an  effective  tool  to
provide  essential  information  to  international  aid
organizations. Especially the extraction of single dwellings
and  the  estimation  of  their total  number  is  extremely
useful to manage relief operations. Relatively few authors
have worked  in the field  of  image information extraction
from refugee/IDP  camps.  The existing studies comprise
different approaches.  Basic methods use non-automatized
visual  image  interpretation  [1]  while  more  advanced
approaches make use of  multispectral characteristics for
automated image segmentation [2] and dwelling extraction
[3]. The method presented here uses a processing chain of
mathematical  morphology  operations  founding  on  the
dwelling detection methods described by [4] and [5].
A  general  problem of dwelling identification is that  the
dwellings in the image  do not always have a significant
contrast against background to be extracted correctly. Also

the  Kenyan  camps  in  the  area  of  Dadaab  show  image
characteristics,  which  make  the  separation  of  dwellings
from the background difficult  with common multispectral
band  combinations.  In  this  situation  the  reflection
characteristics of  the  so-called  'coastal'  band  of the
Worldview  2  sensor  proofed  to  facilitate  a precise
dwelling  detection  from the  image.  The  morphological
processing described in this study takes advantage of these
spectral characteristics.
The new usage of this band is of general  interest  since
until  now  it  has been  almost entirely  used  for  shallow
water applications or bathymetric mapping [6] [7]. Only
very few authors like [8] give rough indications that such
bands  might  be  useful  for  extracting  other  manmade
structures.  Further,  an increasing  number  of  satellite
platforms carry sensors which record sunlight reflections
in such spectral transition zone from violet to blue visible
light.  The Worldview 2 multispectral  sensor was the first
commercial system making such a band globally available
to the public  [7]. It  was  followed  by  Landsat  8  with its
Operational  Land  Imager  (OLI)  sensor in  2013  and a
slightly narrower band [6].  The MSI sensor on board the
upcoming pair  of Sentinel  2  satellites  will  also  offer  a
band in this spectral  domain  [9].  Its  resolution of 10 m
will be between Worldview 2 and Landsat 8 sensors. The
Worldview 3  system whose  launch  is  also  planned  for
2014 will  again  provide  such  band  with  even  higher
resolution  of 1.24  m  and  0.31  m for  the  panchromatic
band respectively.

2. TEST SITE AND DATA

As test area we chose the Hagadera refugee camp which
belongs  to  a  group  of  five  camps  close  to  the  city  of
Dadaab  in western Kenia.  The camp covers  an area  of
approximately 7.5 km² and is managed by the  UN High
Commissioner  for  Refugees  UNHCR.  UNHCR also
provided its typical plastic tarpaulins for proofing a large
part of the dwelling roofs.
As image data we used a Worldview 2 scene from 2012
which covers the complete camp. The scene was available
in a preprocessed version, which includes radiometric and
atmospheric  correction,  pansharpening  and
orthorectification. This provides a ground resolution of 0.5
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m for  all  spectral  bands.  This  resolution  is  necessary,
because  the  side  lengths  of  the  smallest  rectangular
dwellings are about 2 m.

3. COASTAL BAND CHARACTERISTICS

The limiting factor for dwelling extraction from satellite
imagery in settings such as in Hagadera is the low contrast
of grey values in the spectral ranges of the visible and near
infrared  (NIR)  light.  In  these  spectral  bands  the
appearance of roofs is often very similar to that of the bare
ground.  Figure  1a  shows a  subset  of  the  panchromatic
band of the Worldview 2 sensor.  It  can be seen that  in
several cases it is hardly possible to distinguish between
dwelling  and  ground  and  not  every  rectangular  shape
represents a dwelling.

Polyethylen  plastic  tarpaulins  from  UNHCR  are  a
common  material  to  proof  the  roofs  of  dwellings  in
Dadaab camps [10]. It is used in different variations which
are  for  example tents,  simple roofs  covered  with sheets
and  those  roofs additionally covered with other material
like brush-wood  but where plastic  sheets  shine through.
To proof our hypothesis we undertook measurements from

UNHCR tents as shown in Figure 2 which are made of that
specific  fabric.  Measurements  were  conducted  using an
ASD FieldSpec FR® spectroradiometer. The coastal band
of the Worldview 2 sensor covers  the spectral  range of
400 – 500 nm which is approximately the transition from
violet  to  blue  light.  Bands  of  visible  blue  light  are
normally sensitive for wavelengths of 450 nm and higher.
The wavelengths we are dealing with here are therefore
below  the  range  of  those  covered  by  traditional
multispectral  sensors.  The  most known characteristic  of
this band  which is normally made use of, is that it is least
absorbed  by  water  and  therefore  commonly  used  for
bathymetric studies.
Figure  3 plots  the  curves  of  two  colours  of  UNHCR
tarpaulin  against  the  measured  reflected  sunlight.  A
reflection of 1.0 refers to 100 % reflected sunlight within
the respective wavelength. Additionally curves from other
materials, typically appearing in the neighbourhood of the
dwellings,  are  plotted.  These curves  are  taken from the
spectral  libraries  of the John Hopkins University (JHU)
and  the  United  States  Geological  Survey  (USGS)  as
provided  with  the  ENVI® software  package.  It  can  be
easily  seen  that  the  UNHCR  tarpaulin  has  a  local
maximum in the questioned range of 400 – 450 nm. The
peak of the white is less pronounced than that of the blue
coloured  fabric  and  is  shifted  slightly  towards  smaller

Figure  1:  Comparison  of  a  subset  of  the  Worldview 2
scene  of  Hagadera.  Image  a)  shows the  pan  band  and
image b) the coastal band

Figure 2: Simple tent made of the same material which is
used by UNHCR to proof different type of dwelling roofs.
Spectral signature curves have been measured on such test
object.

Figure  3:  Spectral  signature  curves  which compare  two
kind  of  UNHCR tarpaulins  with  material  found  in  the
surroundings.
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wavelengths.  All  other  materials  listed  here,  which  are
silty  loam soil,  wood,  deciduous  trees  and  grass,  have
significantly  lower  reflections  within  this  range  of  the
spectrum. This explains the high grey values of tarpaulin
made roofs  in  the  coastal  band  and  in relation  to  their
surroundings.  In  Figure  1b  this effect  appears  as  bright
shining dwellings on a dark background when displaying
the coastal band image. From such image morphological
operations  allow to  separate  bright  dwelling  candidates
from the remaining area.

4. MORPHOLOGICAL PROCESSING

Morphological  extraction  of  single  dwellings  uses  the
coastal  band as single input image.  Figure 4 provides a
flowchart  of  the  complete  processing  which  has  been
implemented in Matlab® while partly using available in-
house  routines  written  in  C  programming language  for
increased performance.
Two parameters  have to be defined dependant from the
camp  characteristics.  These  are  the  minimum  and  the
maximum area  in  square  meters  of  potential  dwellings.
From our experience we considered a minimum size of 6
m² which refers to the smallest huts or tents hosting one or
two  people.  To  assure  that  even  the  biggest  building
structures  are  captured  we  chose  a  relatively  large
maximum  size  of  100  m².  The  parameters  minimum
brightness  and  square  size  have  also  been  set  but  are
assumed to be more stable. Their overall stability could be
tested on other test data in the future.
The  procedure  includes  both  area  and  shape  based
morphological operations. For the area based operations a
Max-Tree representation is used instead of a raster image.
Especially  for  the  grey  scale  operation  this  improves
performance since area is already included as a feature in
the tree structure. The conversion from raster to Max-Tree
representation is based on the description by [11].  First
step  in  the  processing  chain  is  a  grey  scale  tophat
computed from the Max-Tree of the original coastal band.
This  tophat  operation  uses  the  prior  defined  maximum
dwelling area. A subset of the intermediate result is shown
in Figure 5b. It displays the bright regions extracted up to
a specific size from the coastal band shown in image a) of
the  same  figure.  The  tophat  image  is  binarized  by
thresholding it with the minimum brightness value that is
given as percent from the total range of grey values. The
resulting image is shown in Figure 5c. It can be seen that
still  a lot  of erroneous objects are present in the image
referring to both area and shape criterea. Failures of shape
are eliminated by using a squarish structuring element for
binary opening. Too small objects in the meaning of total
area  are  finally  removed  using  an  area  opening  with
defined minimum size of the dwellings. The final result is
presented in Figure 5d which shows the extracted objects
as white regions. Parts e) and f) of  Figure 5 provide an
overview for the complete Hagadera camp. Part e) shows 

the camp on the original panchromatic band and part f) the
extracted dwellings.

5. DISCUSSION AND CONCLUSIONS

A  straight  forward  method  has  been  described  which
allows clear extraction of dwellings in Hagadera refugee
camp. The effectiveness of the method does not only rely
on  the  morphological  processing  chain  but  also  on  the
discovery  of  excellent  reflection  characteristics  of  the
coastal band with described plastic material. The proof of
this material – reflection interrelation has been provided
by  carrying  out  spectrometric  measurements.  They
indicate a strong contrast between the tarpaulin and other

Figure 4: Flowchart for the morphological
dwelling extraction
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materials typically existing in the close surrounding of the
dwellings.  This  new  and  until  now  unknown  field  of
application for the coastal band, expands its usage beyond
the currently dominating shallow water  and  bathymetric
studies. The usage with similar materials could even lead
to further applications.
The described method has been developed and tested on
one specific camp. However, since the method is based on
the reflection characteristics of the roof proofing material
generally  provided  by  UNHCR also  to  other  camps  at
different locations it can be concluded that it will work in
any such camps. The reflections within this band are so
strong  that  even  illumination  differences  do  not
significantly  lower  the  contrast  of  dwellings.  In  other
spectral  bands  the  effect  of  such  differences  on  the
appearance  of  the  dwellings  is  much  stronger.  For
proceeding  works  it  would  be  interesting  to  apply  the
approach  to  other  camps.  While  we already provided  a
proof for the reflection characteristics also a quantitative
accuracy  assessment  of  the  counted  dwellings  could  be
carried out in the future. This requires reliable reference
data to be available.
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ABSTRACT

In the last few years, thanks to projects like TELEIOS, the
linked open data cloud has been rapidly populated with
geospatial data some of it describing Earth Observation
products (e.g., CORINE Land Cover, Urban Atlas). The
abundance of this data can prove very useful to the new mis-
sions (e.g., Sentinels) as a means to increase the usability
of the millions of images and EO products that are expected
to be produced by these missions. In this paper, we explain
the relevant opportunities by demonstrating how the pro-
cess of knowledge discovery from TerraSAR-X images can
be improved using linked open data and Sextant, a tool for
browsing and exploration of linked geospatial data, as well as
the creation of thematic maps.

1. INTRODUCTION

Advances in remote sensing technologies have enabled pub-
lic and commercial organizations to send an ever-increasing
number of satellites in orbit around Earth. As a result, Earth
Observation (EO) data has been constantly increasing in
volume in the last few years, and it is currently reaching
petabytes (PBs) in many satellite archives. It is estimated that
up to 95% of the data present in existing archives has never
been accessed, so the potential for increasing exploitation is
very big.

Linked data is a new research area which studies how one
can make RDF data available on the Web, and interconnect
it with other data with the aim of increasing its value for
everybody [1]. In the last few years, linked geospatial data
has received attention as researchers and practitioners have
started tapping the wealth of geospatial information available
on the Web. As a result, the linked open data (LOD) cloud
has been rapidly populated with geospatial data (e.g., Open-
StreetMap) some of it describing EO products (e.g., CORINE

THIS WORK HAS BEEN FUNDED BY THE FP7 PROJECT
TELEIOS (257662).

Land Cover, Urban Atlas). The abundance of this data can
prove useful to the new missions (e.g., Sentinels) as a means
to increase the usability of the millions of images and EO
products that are expected to be produced by these missions.

TELEIOS1 is a recent European project that addressed
the need for scalable access to PBs of EO data and the ef-
fective discovery of knowledge hidden in them. TELEIOS
was the first project internationally that introduced the linked
data paradigm to the EO domain, and developed prototype
applications that are based on transforming EO products into
RDF, and combining them with linked geospatial data. Ex-
amples of such applications include wildfire monitoring and
burnt scar mapping, semantic catalogues for EO archives, as
well as rapid mapping.

TELEIOS advanced the state of the art in knowledge dis-
covery from satellite images by developing a novel knowl-
edge discovery framework and applying it to synthetic aper-
ture radar images obtained by the satellite TerraSAR-X of the
German Aerospace Center (DLR), a TELEIOS partner. In [2]
we outlined the knowledge discovery framework that is cur-
rently employed by DLR and discussed how it can be used
together with ontologies and linked geospatial data for the
development of a Virtual Earth Observatory for TerraSAR-X
data that goes beyond existing EO portals, such as EOWEB-
NG, and EO data management systems, such as DIMS by al-
lowing a user to express such complex queries as “Find all
satellite images with patches containing water limited on the
north by a port”.

In this paper, we turn our focus to the component of the
knowledge discovery framework that produces semantic an-
notations for TerraSAR-X images based on a domain ontol-
ogy. We show how we can validate the produced annotations
or improve their quality (e.g., elimination of false positive
or identification of false negative annotations) by combining
them with linked geospatial data and visualizing them in Sex-
tant2, a tool developed in TELEIOS for browsing and explo-

1http://www.earthobservatory.eu/
2http://sextant.di.uoa.gr/
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ration of linked geospatial data, as well as the creation of the-
matic maps.

The rest of the paper is organized as follows. Section 2
gives a brief description of the knowledge discovery frame-
work that was developed by DLR in the context of TELEIOS,
putting more emphasis on the component that is responsi-
ble for annotating TerraSAR-X images with semantic labels.
Then, Section 3 presents some linked geospatial datasets
and gives an overview of the tool Sextant, developed at the
National and Kapodistrian University of Athens. Section 4
demonstrates how Sextant can be employed by EO agencies
such as DLR to aid the process of semantic annotation using
linked geospatial datasets. Section 5 concludes the paper.

2. KNOWLEDGE DISCOVERY FROM EO IMAGES

In this section we briefly present the knowledge discovery
(KD) framework for EO images that is currently being em-
ployed by the TELEIOS partner DLR for SAR images ob-
tained by the satellite TerraSAR-X. The main steps of the pro-
cess for knowledge discovery are the following:

1. Tiling the image into patches. TerraSAR-X images are
divided into patches and descriptors are extracted for
each one. The size of the generated patches depends
on the resolution of the image and its pixel spacing.
Patches can be of varying size and they can be over-
lapping or non-overlapping [3]. In the literature of in-
formation extraction from satellite images, many meth-
ods are applied at the pixel level using a small analy-
sis window. This approach is suitable for low resolu-
tion images but it is not appropriate for high resolution
images such as SAR images from TerraSAR-X. Pixel-
based methods cannot capture the contextual informa-
tion available in images (e.g., complex structures are
usually a mixture of different smaller structures) and
the global features describing overall properties of im-
ages are not accurate enough.

2. Patch content analysis. This step takes as input the
image patches produced by the previous step and gen-
erates feature vectors for each patch. The feature ex-
traction methods that have been used together with the
number and kind of features they produce are presented
in detail in [3].

3. Patch annotation. In this step, a tool implementing a
support vector machine classifier with relevance feed-
back (SVM-RF) is used to classify feature vectors into
semantic classes in a semi-automatic manner [4]. The
tool is based on an iterative procedure involving a clas-
sification step (SVM) and then a training step (RF).
During the RF step the user may provide to the clas-
sifier (SVM) positive and negative examples of patches
with respect to a specific semantic class. Finally, the

Fig. 1: Two-level classification scheme of semantic categories

user is responsible for mapping a semantic class to a
semantic label. The semantic labels are organized in
a two-level classification scheme shown in Figure 1.
This scheme has been encoded as an RDFS ontology
in TELEIOS developed especially for the Virtual Earth
Observatory for TerraSAR-X data [2].

After the tiling and feature extraction procedures are fin-
ished, each patch is characterized by a feature vector and a
semantic annotation. In the context of TELEIOS, we ap-
plied the knowledge discovery framework described above to
data from the DLR TerraSAR-X archive, and demonstrated
the development of a semantic catalogue [5]. The dataset we
worked with contains 109 scenes (corresponding to 100,000
patches) from the TerraSAR-X archive, while its annotation
led to the identification of 850 semantic labels. The prime
target types for these scenes are urban areas, settlements, in-
frastructures (e.g., airports, ports/harbors, barrier lakes), in-
dustrial sites, and military facilities.

3. LINKED GEOSPATIAL DATA AND THE TOOL
SEXTANT

In this section we describe the EO products CORINE Land
Cover and Urban Atlas that the National and Kapodistrian
University of Athens group, leading TELEIOS, has made
available in RDF as linked geospatial data at the Datahub
portal3 and other useful publicly available linked geospatial
datasets, such as OpenStreetMap4. Such datasets are explored
and visualized in Section 4 using our web-based tool Sextant,
which we briefly present here as well.

CORINE Land Cover (CLC)
The CORINE Land Cover (CLC) project is an activity of the
European Environment Agency (EEA) that collects data re-
garding the land cover of 38 European countries. The project
uses a hierarchical scheme with three levels to describe land
cover with a mapping scale of 1:100,000. Level one is the

3http://datahub.io/organization/teleios
4http://openstreetmap.org/
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(a) Port areas identified by CLC, UA, and DLR (b) Buoys and water ways overlayed with a TerraSAR-X image

Fig. 2: Validating patch annotations in Sextant corresponding to (a) port areas and (b) buoys

most generic (e.g., artificial surfaces, agriculture areas) and
comprises 5 categories, level two (e.g., urban fabric, indus-
trial, transport units) comprises 15 categories, and the last
level is the most detailed one (e.g., continuous urban fabric,
discontinuous urban fabric) comprising around 45 categories.

Urban Atlas (UA)
Urban Atlas (UA) is also an activity of the EEA that provides
reliable, inter-comparable, high-resolution land use maps for
305 Large Urban Zones and their surroundings. Its geometric
resolution is higher (1:10,000) than that of CLC. The project
uses a 4-level hierarchical scheme based on the CLC nomen-
clature. The first and second levels comprise 4 categories,
the third level comprises 12 categories, while the fourth level
comprises 7 categories.

OpenStreetMap (OSM)
OpenStreetMap (OSM) maintains a global editable map
based on information provided by users, which is orga-
nized according to an ontology derived mainly from OSM
tags, i.e., attribute-value annotations of nodes, ways, and
relations. OSM data is transformed in RDF and published
as linked open data by the LinkedGeoData project (http:
//linkedgeodata.org/).

The above datasets are employed in the next section to
demonstrate the usefulness of our tool Sextant for the brows-
ing and visualization of such data as a means to aid and im-
prove the annotation process by DLR. We stress that this is
not possible given the current technology in GIS and EO data
centers, because these technologies cannot deal with emerg-
ing open sources of EO information such as the LOD cloud.

Sextant [6, 7] is a web-based tool for the visualization and
exploration of time-evolving linked geospatial data and the
creation, sharing, and collaborative editing of “temporally-
enriched” thematic maps which are produced by combining
different sources of such data and other geospatial informa-
tion available in vector or raster file formats, such as KML,
GeoJSON, and GeoTIFF. Sextant builds on semantic web
technologies and models the content of a map using the Map
ontology described in [6]. Sextant employs also the tem-

poral ontology dictated by the data model stRDF and the
query language stSPARQL for the modeling of valid time
[7, 8]. Sextant has been designed to be interoperable with
well-known desktop or web-based GIS tools, such as QGIS,
ArcGIS, Google Maps).

4. IMPROVING THE SEMANTIC ANNOTATION
PROCESS OF DLR USING SEXTANT

In this section we describe how our tool Sextant can prove
useful to an EO expert employed by DLR during the semi-
automatic process of semantic annotation. As described in
Section 2, the process of semantic annotation is a two-step
iterative process. The training step is a form of relevance
feedback and is carried out manually by the expert provid-
ing positive and negative examples with respect to the results
of the classification step. In particular, the expert is provided
with a set of quick-look images of patches and the semantic
class to which they have been classified, and marks some of
them as positive examples, and others as negative (see [3, Fig.
6]). The important thing to notice here is that this judgment is
based solely on the quick-looks and the expertise of the user,
which is prone to introducing errors.

Let us see how we can improve this relevance feedback
step using linked geospatial datasets from the LOD cloud and
our tool Sextant. Figure 2a depicts a map of the area of Venice
that has been produced in Sextant and which comprises three
layers. The bottom layer (in green) depicts port areas as they
have been identified by the CLC project. The middle layer
(in grey) depicts patches that have been annotated as ports by
the KD framework of DLR described in Section 2. The top
layer (in red) depicts port areas as they have been identified
by the UA project. The observation in this case is that by
overlaying the patches annotated using the DLR techniques
with the content of linked geospatial datasets, we can decide
effortlessly whether certain patches are positive or negative
examples for a semantic class, e.g., port area. In particular,
the four upper right patches and the three bottom scattered
patches are highly likely that do not correspond to ports, since
CLC and UA do not identify the respective areas as ports. On
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the other hand, an expert can be reassured for the validity of
the annotation of a patch in case a patch intersects an area that
has been identified as port by both the CLC and UA datasets,
e.g., all other patches of the map.

Using Sextant, an EO expert is able to overlay a raster im-
age (e.g., GeoTIFF) with linked geospatial data sources. This
is depicted in Figure 2b, in which a TerraSAR-X image for the
area of Venice is overlayed on a map with two other layers:
a layer (in red) containing the road network from the OSM
linked dataset and a layer (in yellow) depicting the patches
that have been annotated as buoys5 by the DLR KD frame-
work. Notice that the road network for Venice includes also
the water ways that are used on a daily basis for transporta-
tion. In contrast to the previous example in which the seman-
tic label associated with the patches was also present in the
CLC and UA datasets as a category, in this example, OSM
does not contain information about buoys. However, since
buoys are located close to water ways, the EO expert can vali-
date the annotated patches by checking whether they intersect
or are near to water ways.

In addition, visualizing the result of the semantic annota-
tion process in Sextant and overlaying other geospatial data
sources can aid the EO expert in compiling logical if-then
rules, such as “if patches lying completely in sea are identified
as buoys and are not near or intersect with water ways, then
remove the corresponding annotation” (i.e., negative exam-
ple, such as the lower left patch). Application of these rules
could then be integrated into the relevance feedback module
of the KD framework. Such methodology has been already
followed successfully in TELEIOS for the implementation of
a real-time fire monitoring service [9], in which logical rules
are expressed using the stSPARQL query language and exe-
cuted in our geospatial RDF store Strabon6 [10] to enrich and
improve the accuracy of fire hotspot products.

Last, overlaying a satellite image on a map as opposed
to the current state of the KD framework in which the user
is provided with a single patch, gives the opportunity to the
EO expert to decide on the semantic label of a patch based
on the content of its neighboring patches. This is very useful
in cases like in Figure 3, in which we have zoomed into the
middle left part of Figure 2b. Inspecting this figure, a linear
trace composed of white dots at almost equal distances to one
another is conceivable. These dots are highly likely that they
correspond to buoys, while they have not been identified as
such by the semantic annotation process.

5. CONCLUSIONS

In this paper, we explained the relevant opportunities that
arise in the EO domain by the rapid population of the linked
open data cloud with geospatial data. We demonstrated how

5http://en.wikipedia.org/wiki/Buoy
6http://strabon.di.uoa.gr/

Fig. 3: Identification of buoys based on neighboring patches

the process of knowledge discovery from TerraSAR-X im-
ages can be improved using linked open data and Sextant, a
tool for browsing and exploration of linked geospatial data, as
well as the creation of thematic maps.
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ABSTRACT 
Satellite remote sensing images are acquired periodically 
over the same geographical areas thus generating data 
archives that include a huge amount of series of 
multitemporal images. This makes it possible to design a 
novel kind of retrieval process which takes advantage of 
temporal information. The query can be defined on the basis 
of image time series and time series should be retrieved as 
output of the process. This results in a problem that can be 
defined as content based image time series retrieval. The 
novel perspective poses several challenging problems in 
terms of: i) definition of the query; ii)  design of temporal 
feature extraction techniques; and iii) design of retrieval 
algorithm. In this paper we address the above-mentioned 
issues by focusing on the problem of detecting in the 
archive pairs of images showing a specific kind of change 
(associated with changes on the ground) modeled in the 
query. Here we discuss the approach to the problem and 
present a method designed for archives of multispectral 
images that is effective in terms of both change modeling 
and optimized auxiliary archive definition, 
 

Index Terms— Content-based image time series 
retrieval, active learning, time series, bi-temporal images, 
change detection, remote sensing 
 

1. INTRODUCTION 
In the last decades the availability of remote sensing data 

increased continuously. This resulted in large archives of 
images showing a worldwide coverage and a large time 
spanning. This made research start to work on the problem 
of content-based image retrieval (CBIR). Despite CBIR is a 
widely investigated topic in the image processing and 
multimedia community, it has been poorly considered in the 
remote sensing community. The main reasons are that most 
archives have been made available to the community at 
large only recently and that the problem of semantic gap 
between the user and the retrieval process [1] appears to be 
much more critical when dealing with remote sensing 
images rather than it appears to be with other kinds of 
images. 

In the recent literature examples of CBIR in remote sensing 
image large archives are available [1],[2]. In these papers 
the focus is on the definition of retrieval based on the 
content of each single image. This is in agreement with the 
typical application of CBIR in the multimedia field, even if 
poses additional critical issues related to the presence of 
multichannel (i.e., multispectral or multiband/polarimetric) 
images and the need to apply proper segmentation to large 
scenes. 

Satellite image archives usually contains multitemporal 
images, i.e., images acquired over the same geographical 
area at different times. Therefore for several sites 
multitemporal images are available that makes it possible to 
monitor the temporal phenomena such as abrupt changes 
(e.g., forest fires, floods) [3],[4] and long-term changes 
(e.g., seasonal changes or time varying phenomena that can 
be observed at different time resolution) [3],[5]. This results 
in the possibility to query a remote sensing image archive 
for extracting information on specific kinds of change 
relevant to the user. In other words, given a specific kind of 
change we may search for similar changes in different 
spatial and temporal positions within the archive.  

Being the properties of short term and long term changes 
extremely different, here we concentrate our attention on the 
retrieval of short-term changes associated to abrupt 
modification of the environment. In this category there are 
changes due to natural hazards like forest fires, floods, 
earthquakes. Given this goal, we propose an approach to the 
proper coding of user needs into the definition of the change 
detection query for the retrieval of pairs of images from the 
archive affected by the same kind of changes as the images 
used in the query. Here we discuss the general architecture 
of the system and focus on the main peculiar parts related to 
the multitemporal information when considering archives of 
multispectral images. 
 

2. PROPOSED METHODOLOGY 
The proposed approach is based on the assumption that 

product archives are available that contain spatially co-
registered multitemporal images. This is a mandatory  
requirement when considering content-based time series 
retrieval. Under this assumption, the goal is to retrieve from 
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Figure 1. General block scheme of contend based time series retrieval based on active learning driven relevance feedback. 

 
the archive pairs of temporal images (pre-event and post-
event) affected by a specific abrupt change that has the 
property to be similar to the one coded by the change 
detection query. In other words the aim is to extract from 
the archive of multitemporal images the pairs that are 
affected by the same kind of change. Since the goal is to 
detect abrupt changes, we only consider subsequent pairs of 
images which are temporally adjacent. This is due to the 
very nature of abrupt changes (e.g., burned areas, damages 
after natural disasters) that suddenly appear from an image 
to another. Fig. 1 shows the timeline t with marked 
acquisition dates ti. Colored ellipses embrace the couples of 
subsequent images to be used for the change detection query 
definition. 

The proposed approach to change retrieval in time-series 
archive is based on three steps: i) feature extraction for 
modeling change information; ii) definition of the auxiliary 
archive focused on the change information; iii) retrieval 
algorithm. Figure 2 shows the block scheme and the overall 
data flow of the proposed content based time-series retrieval 
for detecting changes in large remote sensing data archive. 
 

 
Figure 2. Pictorial representation of timeline t with marked 
acquisition dates ti (i=1,…,N) with highlighted couple of images 
for change detection query definition. 
 
2.1 Feature extraction for modeling of the change 
information 

Let us consider a large archive of remote sensing images 
including R pairs of bi-temporal images satisfying above-
mentioned assumptions. From this data archive an auxiliary 
archive (AUX in Fig. 2) should be constructed that proper 
models change information. Let us assume that images in 

the archive are multispectral images acquired by a passive 
sensor made up of L spectral channels. Given a pair of 
temporally adjacent images acquired over the same 
geographical area at different times (see Fig. 1), change 
information can be modeled by applying change vector 
analysis (CVA) for deriving multidimensional spectral 
change vectors (SCV). SCVs are obtained as a pixel-by-
pixel subtraction of the vector representing the spectral 
signatures of the two images. The subtraction operation 
leads to the definition of a multispectral difference image. 
Each SCV in the multispectral difference image represents 
the spectral signature of the possible change that affected 
the considered pixel. The spectral components of SCVs all 
assume values around zero if no change occurred. 
Otherwise significant deviations from zero are observed. 
The kind of change determines which and how many 
spectral channels in the difference image show large 
deviation from zero and weather these deviations are 
positive or negative. Commonly, SCV properties are 
analyzed in a hyperspherical coordinate system. Here SCVs 
are described by their magnitude () and L-1 directions (, 
1,2,…,L-2,) [4]. If no change occurred SCVs show 
magnitude values close to zero and directions that are 
uniformly distributed in their range of existence. Whereas if 
changes occurred, SCVs show a high magnitude value and 
preferred directions. The direction depends on the kind of 
change and thus on which and how spectral channels are 
affected by the change itself. Therefore each kind of change 
clusters around a specific set of L-1 directions. Such an 
information can be used to extract features for retrieval of 
similar kinds of change in the data archive. To this end an 
auxiliary archive should be constructed that properly model 
change information. 

t0 t1 t2 t3 t4 t5 tN-1 tN t 
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2.2 Definition of the auxiliary archives modeling the 
change information 

According to the discussion above we propose to 
perform feature extraction for modelling change information 
on the basis of SCV properties. First segmentation is done 
to distinguish between changed and unchanged areas. Pixel-
by-pixel difference is applied to all pairs of adjacent images 
in the data archive (see Fig. 2) and SCV information is 
coded in hyperspherical coordinates. The magnitude  of 
SCVs is compared with a decision threshold (T). All SCVs 
associated with a magnitude higher that T are included in 
the auxiliary archive, whereas the others are not as they are 
considered to be unchanged and therefore not relevant to the 
retrieval process. In this way the auxiliary archive only 
includes SCVs of changed pixels, whereas most of the 
unchanged samples are removed. In the literature several 
approaches can be found to the detection of decision 
threshold in binary classification problems and for change 
detection in particular [3],[4]. In order to avoid to discard 
pixels that are associated with changes, the decision 
threshold is selected in a conservative way by using the 
approach proposed in [6]. The approach is based on the 
observation that pixels close to the threshold value are 
highly uncertain. Therefore the threshold is reduced of a 
small margin in order to include in the process also samples 
that have even a small probability of being changed. For 
each detected change, a set of L features is computed as the 
average of the magnitude value and the average of each L-1 
direction values of the identified changed pixels. The 
feature vector for each of the R pairs in the archive becomes 
therefore  1 2, , ,...,r r r r r

L    x  with r = 1,…, R. Dash 

on the top of symbols indicates the average operator. 
The query qx will be coded with the same set of features 

and can originate from the archive or be provided by the 
user. The query features may originate from a pair of 
images or directly from a multispectral difference image. To 
improve the query the user may be asked to bound the query 
changed area. Therefore the feature values of 

1 2{ , , ,..., }q q q q q
L    x  can be extracted from an image, 

or computed on a user manually drawn region. Being the 
changed areas usually small, the latter case would lead to a 
better representation of the change characteristics. Retrieval 
is conducted in the   database according to the L described 
features. 
 
2.3 Retrieval algorithm 

The search mechanism can be implemented in two 
different ways: 1) using simple clustering techniques; 2) 
using an iterative procedure based on an active learning 
driven relevance feedback strategy. 

In the first case, taking advantage from the properties of 

the presented feature extraction technique, we can  just 
analyze in all the multispectral  difference images stored in 
the auxiliary archive what are the ones with SCVs similar to 
those presented in the query. This provides a result in a 
single query iteration. 

In the second case, an iterative active learning based 
retrieval relevance feedback mechanism is implemented. 
This can be done by using a binary SVM classifier [2],[7]. 
The SVM training set is made up of a group of relevant and 
irrelevant examples. Relevant examples include a set of 
image pairs that have been acquired before and after a 
specific kind of change and are characterized according to 
the features described above. Irrelevant examples include a 
set of image pairs between which a change occurred, but 
different from the one in the query (few examples might be 
also associated with no-changed images). In order to 
initialize the retrieval process an initial set including 
relevant and irrelevant examples (with respect to the query 
one) should be constructed. The user can decide to select 
these examples either randomly or using a similarity 
measure. In the latter case, similarity is estimated by a 
certain metric that could also be implemented in a clustering 
mechanism. After obtaining the initial set  retrieval is 
performed in the archive  . If the user is satisfied the 
process ends, otherwise relevance feedback procedure 
driven by active learning is performed and retrieval iterated. 
At convergence a set  of the most relevant pairs of images 
(according to the query) from the archive are selected. 
 

3. ILLUSTRATIVE EXAMPLE 
Let us illustrate the most peculiar part of the proposed 

method, i.e. the feature extraction and the definition of the 
auxiliary archive. Let us consider a pair of multispectral 
images acquired by the Thematic Mapper (TM) 
multispectral sensor of the Landsat 5 satellite on the Island 
of Sardinia (Italy) in September 1995 (t0) and July 1996 (t1). 
Both images have a spatial resolution of 30 m. The area 
selected for illustrating the proposed method is a section 
(412×300 pixels) of two scenes acquired by the TM sensor 
on the Lake Mulargia. This could be considered as a 
segmented portion of a full scene in the considered archive. 
As an example of the images used in the experiments, Figs. 
3 (a) and (b) show channel 4 of the September and July 
images, respectively. Between the two acquisition dates the 
extension of water in the lake increased. 

In order to extract features that drive the definition of the 
auxiliary archive, CVA has been applied to spectral bands 4 
and 7 of multitemporal images. The use of only two 
channels results in a polar scatterogram that can be 
visualized. Figure 4 shows the statistical distribution of 
SCVs in the polar domain described by the magnitude and 
the direction variables. SCV statistical distribution clearly 
shows the presence of two clusters: one in a circular area 
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(a) 

(b) 
Figure 3 Images of the Lake Mulargia (Italy). Channel 4 of (a) 
September 1995 image; (b) July 1996 image. 

around the origin of the reference system associated to 
unchanged pixels, and one far from the origin associated 
with changed pixels. Position and shape of this second 
cluster depends on the specific kind of change. The 
conservative threshold T has been automatically calculated 
to separate changed from unchanged pixels (see red line in 
Figure 4) and the feature vector { , } {73.23, 29.5}  x  
computed. All the pixels with SCV inside the circle of 
unchanged pixels are not stored in the auxiliary archive. 
Only SCVs of pixel with magnitude higher than T are 
included in the auxiliary archive. Once the auxiliary archive 
has been populated retrieval can be performed according to 
strategies describes in Sec. 2.3. Retrieval results in pairs of 
images with x similar to the one of the query multitemporal 
pair. 
 

4. CONCLUSION 
In this paper a novel approach to content based image 

retrieval in image time series has been illustrated. Particular 
attention has been devoted to the definition of the 
multitemporal query, the multitemporal features and the 
multitemporal auxiliary archive for change detection queries 
in pair of images. As future works we plan to test the  
 

 

 
Figure 4 Scatterogram in the polar coordinate system after 
applying CVA. 

proposed approach on a large archive including long image 
time series and different kinds of change. 
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ABSTRACT

With the on going development of the satellite image time
series (SITS), information retrieval in earth monitoring and
automatic recognition of changes in time series have become
important and challenging tasks. The purpose of the present
paper is to determine dictionaries of atoms directly learned
from the time series images such that a sparse representation
of the images is maintained. The filterbanks learned using
gradient descent techniques depend on the frequency band at
which the satellite’s sensor captures the scene, i.e., for the vis-
ible part of the spectra, the learned filters are close to mean fil-
ters over small subregions, whilst, for the infrared part of the
spectra, the filters are similar to gradient ones. Furthermore,
we aim to express the time changes in SITS in a compact form
provided by the newly found sparse representations of the im-
ages. The experiments are carried on 4 Landsat images at 30
meters spatial resolution, covering a surface of≈ 59×51 km2

over the city of Bucharest, Romania, and containing informa-
tion both from the visible and from the infrared domains.

Index Terms— satellite image time series, learned dic-
tionary, automatic recognition, data mining, information re-
trieval, feature extraction

1. INTRODUCTION

Earth continuous changes are nowadays captured by satellites
using the so-called satellite image time series (SITS). Natural
disasters, scene recognition, changes in the Earth’s surface are
among the first reasons to determine the interest developed in
understanding the big data retrieved from this type of images.
Therefore, automatic detection of changes in image content is
a major challenge in multi-temporal and multi-spectral satel-
lite imagery.

In [1], a dynamic classification of SITS using different
similarity metrics is introduced. The authors consider four
similarity metrics such as correlation coefficient, Kullback-
Leibler divergence, conditional information, and normalized
compression distance. [2] addresses the problem of building

an index of compressed object databases by using a similarity
metric on SITS, whilst [6] proposes a method of analysing
SITS based on spectro-temporal features, i.e. Tasseled Cap
Transform. [3] aims to extract relevant information based on
the information-bottleneck principle.

The present paper aims to extract the relevant informa-
tion needed to characterize these changes over time by deter-
mining specific patterns in the analysed images. Firstly, we
study the possibility of learning dictionary atoms that leads to
a sparse representation of the SITS starting from the observa-
tions presented in [4] and in [5]. Secondly, we aim to extract
relevant features using the learned atoms in order to provide a
better characterisation of the changes produced over the time.

The paper is organised as follows. Section 2 presents
the method used for learning dictionary atoms as a convex
minimization problem inspired by the machine learning the-
ory, and also, a feature extraction model built upon the newly
learned dictionary. In Section 3, we apply the algorithm to
images taken from the Landsat database, which is a time se-
ries set of images, having a spatial resolution of 30 meters.
The next section, Section 4 is concentrated upon the possi-
bility of building a change map starting from the projections
over the learned dictionaries. The last section extracts the rel-
evant conclusions and suggests future developments that can
be done using this method.

2. LEARNING DICTIONARY ATOMS AND
PROJECTIONS ON THE NEW LEARNED BASIS

In the following, let us consider only single channel images
and the dimensions of the patch equal to M ×M pixels (or,
M2 - dimensional vectors read column-wise).

In this section, we show that it is possible to find a P -
dimensional basis that provides the best sparse representation
{ti}i=1...n of a set of patches {Ii ∈ RM×M}i=1...n selected
randomly from one prototype scene of the temporal series of
satellite images. In fact, this is a problem of minimizing a
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convex function:

J(Φ, {ti}i=1,...,n) =

n∑

i=1

(
‖Ii −Φ · ti‖22 + λ · ‖ti‖1

)
(1)

where Φ = [Φj ]j=1,...,P has the filters that compose the basis
on each column, ti are M2 - dimensional vectors that repre-
sent the decomposition of image Ii in the basis {Φj}j=1,...,P ,
whereas ‖·‖2 and ‖·‖1 represent the L2 - norm and L1 - norm,
respectively. λ models the degree of sparsity considered for
the representation, i.e. a small value for λ implies many zero
coefficients in the decomposition, but also a greater recon-
struction error.

Minimizing (1) is a convex optimization problem that can
be solved by stochastic gradient descent methods as presented
in Fig. 1.

Input: n patches (M2 - dimensional vector) extracted from
natural scenes {Ii}i=1,...,n

Output: Learned overcomplete dictionary [Φj ]j=1,...,P
Randomly choose a patch Ii, i = 1, . . . , n
Initialize randomly Φ0

k = 0
if i+ k ≤ maxval then
i← i+ k

end if
for all i = 1, . . . , n do

t0 ← ΦT
0 Ii

end for
while

∑n
i=1

(
‖Ii −Φk · t(k)

i ‖22 + λ · ‖t(k)
i ‖1

)
> ε do

Randomly choose a patch Ii, i = 1, . . . , n

t
(k+1)
i ← t

(k)
i −
−ηt ·

[
ΦT
k (Φk · t(k)

i − Ii) + λ · sgn(t
(k)
i )
]

Φk+1 ← Φk − ηΦ ·
[
Φk · t(k)

i − Ii

]
· t(k)
i

T

for all i = 1, . . . , n do
t
(k+1)
i ← ΦT

k+1 · Ii
end for
k ← k + 1

end while
return Φk

Fig. 1: Algorithm: Find a dictionary for a sparse representation of a
set of images

The ε parameter models the allowed distortion level for
reconstruction of the randomly selected images, whereas ηt

and ηΦ are the step sizes for computing the basis vectors and
the image decomposition on the basis using the gradient de-
scent method. In order to ensure a faster convergence of the
algorithm, a common choice is to consider the first element
of the basis as an average filter.

(a) Blue band (b) Green band (c) Red band

(d) NIR band (e) SWIR1 band (f) SWIR2 band

Fig. 2: Images from a satellite image time series (SITS) over
Bucharest, Romania and its surroundings.

3. TIME SERIES OF LEARNED ATOMS FOR THE
LANDSAT IMAGES

The experiments are carried out on SITS from the Landsat
database, containing images of 1974× 1701 pixels that cov-
ers an area of ≈ 59× 51 km2. An example of such an image
is presented in Fig. 2 for all the six subbands of frequency
used by the satellite’s sensor for capturing the scene. The first
three subbands (i.e., Red, Green, and Blue) correspond to the
visible part of the spectrum, whereas the infrared subbands
considered are the following: near-infrared (NIR – the wave-
lengths are between 0.77 – 0.90 µm) and shortwave infrared
(SWIR1 and SWIR2 – the wavelenghts are between 1.55 –
1.75 µm and 2.09 – 2.35 µm).

In order to apply the algorithm described in Section 2
for extracting dictionary atoms from Landsat satellite images,
a preprocessing step, consisting in whitening the patches, is
performed before entering in the learning phase.

The patch size, and thus, the dimensionality of the over-
complete dictionary, are chosen in accordance with the ap-
plication of change detection envisaged in this paper. Con-
sequently, the finer the granularity, the greater the potential
of detecting changes and the smaller the reconstruction error
considered for the minimization (1). However, if the level
of detail is too high, the risk of detecting only inconsistent
differences increases. Table 1 displays the mean squared re-
construction errors (MSE):

MSE =
1

n

n∑

i=1

1

M2
‖Ii −Φ · ti‖22 (2)

and the minimized values of the objective function J com-
puted for several choices of the patch size. In what follows,
we will choose a patch size of 7× 7 pixels, corresponding to

Big Data and Analytics

Proceedings of ESA-EUSC-JRC 9th Conference on
Image Information Mining doi: 10.2788/25852

72 University Politehnica of Bucharest (Romania)
5–7 March 2014

http://dx.doi.org/10.2788/25852


Patch size MSE Objective function J
11 46.44 · 10−3 29.89
9 44.07 · 10−3 20.70
7 42.65 · 10−3 11.34
5 43.20 · 10−3 6.72

Table 1: The reconstruction errors of the analysed SITS decrease
with the level of detail.

an area of 210× 210 m2, that can be considered to be mean-
ingful for our change detection application.

In addition, in order to ensure the convergence of the al-
gorithm and, also, the minimization of the reconstruction er-
ror, the following settings, determined empirically, are con-
sidered, i.e. λ = 0.5, ηt = 0.1, ηΦ = 5 · 10−4.

Using these settings, the learned basis presented in Fig. 3
is obtained for each of the six subbands.

(a) Blue filterbank (b) Green filterbank (c) Red filterbank

(d) NIR filterbank (e) SWIR1 filterbank(f) SWIR2 filterbank

Fig. 3: Learned filterbanks from SITS.

Having high order correlations between the R, G, and B
bands, the filterbanks learned for these channels present small
differences. The majority of these filters are just average fil-
ters over a certain region or they just emphasize several pixels
in each 7× 7 patch.

By contrary, the corresponding filters for NIR and SWIR
1 and 2 bands are closer to gradient filters, i.e. they compute
coefficients from inner products with filters representing cer-
tain directions in each patch. This behaviour is mainly due to
the special properties that an infrared sensor has, i.e. it man-
ages to discriminate better between different textures and so,
the edges are more clear.

In addition, we observe that the eigenvalues of the covari-
ance matrix for the basis in each band are different from zero,
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Fig. 4: 48 eigenvalues (out of 49) of the covariance matrix for the
learned basis in Fig. 3 are different from zero.

(a) Blue filterbank (b) Green filterbank (c) Red filterbank

(d) NIR filterbank (e) SWIR1 filterbank(f) SWIR2 filterbank

Fig. 5: Gram-Schmidt orthonomalization applied to the learned fil-
terbanks in Fig. 3.

except from the last one (Fig. 4). Namely, 48 learned basis el-
ements encode most of the variability in the basis, whilst the
last one corresponds to the average filter imposed to speed up
the convergence of the algorithm for basis learning.

The next natural step is to apply an orthonormalization
algorithm (e.g., the Gram-Schmidt orthonomalization) on the
learned dictionary atoms. This is done, firstly, to obtain a
unique expansion of the analysed images [7], and, secondly,
to diminish the redundancy of the overcomplete dictionary
and, thus, the redundancy in the coefficients resulted from the
decomposition. The orthonormalized dictionary, Φnew, is an
overcomplete frame that satisfies ΦT

newΦnew = I49 for each
channel, where I49 is the identity matrix. The orthonormed
dictionary is therefore shown in Fig. 5.

The vector containing the coefficients resulted by project-
ing an arbitrarily 7 × 7 column-wise patch I on the space
spanned by the columns of Φnew, is given by:

t = ΦT
newI. (3)
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4. CHANGE MAPS USING PROJECTIONS ON
LEARNED DICTIONARIES

In this section, we develop a technique of detecting changes
on the Earth surface by using the successive temporal scenes
provided by the SITS database. In what follows, we consider
two representations of the same location: I(0) (captured at
time T0) and I(1) (captured at time T1 > T0).

The changes that occur on the Earth surface result in
changes in the representations of the images in the spaces
spanned by the learned filterbanks. Therefore, the projections
on the learned basis shown in the previous section can be
used to detect the relevant changes and build change maps for
each channel starting from this point.

If t(0) and t(1) are the coefficients of I(0) and I(1), respec-
tively, in the learned basis, the changes in the projections are
simply computed as:

∆t = |t(1) − t(0)|.

In order to build a change map that reflects the relevant
changes, we threshold ∆t:

∆′t = 1∆t>γ ,

where γ is selected empirically depending on the analysed im-
ages. For the example shown in Fig. 6, the values chosen for γ
for each of the six channels are {0.3, 0.3, 0.3, 0.45, 0.6, 0.35},
respectively. The change maps consist in ∆′t coefficients re-
ordered in 7× 7 patches, in the same way as the original im-
ages.

Fig. 6 presents the results obtained by applying the pro-
posed method for change detection on series of satellite im-
ages capturing Bucharest and its surroundings at two different
times, i.e., June 24th, 2001 and October 14th, 2001, respec-
tively.

5. CONCLUSIONS

The increasing number of available satellite image time series
leads to an expansion regarding the importance of a precise
and fast monitoring of the changes that the Earth suffers.

In order to compare the changes, we decompose the satel-
lite images captured at different moments onto subspaces
spanned by dictionary atoms learned directly from the anal-
ysed images. The basis learned in this manner allows for a
better representation of each patch inside a satellite image.
The orthonormalization of the basis using the Gram-Schmidt
algorithm decreases the redundancy of the image representa-
tion. The learned filterbanks emphasize different aspects of
the analysed multi-spectral SITS, depending on the range of
frequencies used by the satellite’s sensor to capture the image.
For example, the near-infrared is more useful in distinguish-
ing the changes in the vegetation or agriculture, whilst the
visible domain detects better the changes in luminosity or
colour.

(a) Red T0 (g) Red T1 (m) Red change map

(b) Green T0 (h) Green T1 (n) Green change map

(c) Blue T0 (i) Blue T1 (o) Blue change map

(d) NIR T0 (j) NIR T1 (p) NIR change map

(e) SWIR1 T0 (k) SWIR1 T1
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(q) SWIR1 change map

(f) SWIR2 T0 (l) SWIR2 T1 (r) SWIR2 change map

Fig. 6: The same space location is registered using six bands of
frequency at two different times, namely June 24th, 2001 (T0) and
October 14th, 2001 (T1).The dimensionality of the images on which
the change map detection is applied is 200 × 400 pixels, corre-
sponding to ≈ 6× 12 km2. (a)–(f) correspond to T0, whilst (g)–(l)
correspond to T1. The change maps are represented for each channel
in (m)–(r).
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Furthermore, these change maps can be used to adjust the
process of automatic detection of temporal differences that
occur on the Earth surface and, thus, their purpose is to re-
duce the complexity of search for changes in a SITS. In the
absence of precise ground truth regarding the changes that oc-
cur in the observed SITS, a local visual comparison between
consequent images in a time series was used to validate the
results obtained.
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ABSTRACT

Large volume of detailed features of land covers, provided
by High-Resolution Earth Observation (EO) images, has at-
tracted the interests to assess the discovery of these features
by Content-Based Image Retrieval systems. In this paper,
we perform Latent Dirichlet Allocation (LDA) on the Bag-of-
Words (BoW) representation of collections of EO images to
discover their high-level features, so-called topics. To assess
the discovered topics, the images are represented based on
the occurrence of different topics, we name it Bag-of-Topics
(BoT). Then, the BoT model is compared to the BoW model
of images based on the given human-annotations of the data.
In our experiments, we compare the classification accuracy
resulted by BoT and BoW representations of two different
EO datasets, a Synthetic Aperture Radar (SAR) dataset and
a multi-spectral satellite dataset. Moreover, we provide visu-
alizations of feature space for better perceiving the changes
in the discovered information by BoT and BoW models. Ex-
perimental results demonstrate that the dimensionality of the
data can be reduced by BoT representation of images; while
it either causes no significant reduction in the classification
accuracy or even increase the accuracy by sufficient number
of topics.

Index Terms— Content-Based Image Retrieval, Latent
Dirichlet Allocation, High-level features, Earth Observation

1. INTRODUCTION

High spatial resolution Earth Observation (EO) images rep-
resent land covers with more details. This allows better
understanding of the contents of images by distinguish-
ing more classes. Exploring this amount of detailed in-
formation requires developing new Content-Based Image
Retrieval (CBIR) systems which is able to discover more
relevant information to the users’ understandings of data.
Although users understand images based on their high-level

∗The authors are also affiliated by Munich Aerospace Faculty, Munich,
Germany

contents (e.g., tree, water, building), most of the current CBIR
systems perform either directly on the primitive features (e.g.,
shape, texture, color) or on the BoW representation of the fea-
tures of the images. In both cases, the dependencies between
occurrence of the features are ignored although in literature,
it has been shown that these dependencies can provide valu-
able information about high-level contents of images. In [1],
authors discovered high-level features of images considering
the relations between the words in BoW model. Then the im-
ages were represented by their high-level features. Authors
demonstrated that using high-level features achieves better
results than using directly the primitive feature descriptors or
BoW model in image retrieval tasks.

Illuminated by the successful application of high-level
features in multimedia datasets [1], we evaluate these fea-
tures in EO scenarios. To this end, first, high-level features of
the images are discovered using a statistical topic model, so
called Latent Dirichlet Allocation (LDA) [2]. In this case, the
high-level features are called topics. Topic models are basi-
cally developed to manage large textual document archives.
Later on, the idea has been adapted to image analysis field
by assuming images as combinations of visual patterns (i.e.,
topics) which recur through the whole image collection [3].
In the next step, each image is represented by a histogram of
occurrence of different topics. We name this model Bag-of-
Topics (BoT), i.e, representation based on high-level features.

To evaluate the performance of BoT model, a set of ex-
periments are run on two annotated EO datasets, a Synthetic
Aperture Radar (SAR) dataset and a multi-spectral satellite
dataset. In these experiments, the accuracies of a classifica-
tion method (e.g., SVM [4]) are compared for BoT and BoW
representations of images. Moreover, to perceive the effects
of BoT representation of data, the feature spaces are visual-
ized for both BoT and BoW features.

Experimental results demonstrate that using BoT leads to
reducing the dimensionality of the feature descriptors; while
it either causes no significant reduction or in some cases even
increases the classification performance.

The rest of the paper is organized as follows. Section 2
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Fig. 1. Plate notation of LDA model.

gives a brief introduction to statistical topic models and LDA.
Section 3 is dedicated to high-level representation of images.
Section 4 shows and discusses the experimental results. Sec-
tion 5 concludes the paper.

2. STATISTICAL TOPIC MODEL

Statistical topic models are developed in Natural Language
Processing (NLP) for discovering topics from a collection of
textual documents [5]. Occurrence of a topic is discovered
based on the occurrence of the words, related to that topic,
through the whole documents. Later on, the idea has been
adapted to image analysis field by assuming images as com-
binations of visual patterns (i.e., topics) which recur through
the entire image collection [3].

2.1. Latent Dirichlet Allocation (LDA)

LDA is a three level directed graphical model as it can be seen
in Figure1.

In this figure, parameters θ and φ are parameters in multi-
nomial distributions p(zn|dk) and p(wn|zm), respectively.
The conjugate prior of these distributions are Dirichlet dis-
tributions parameterized by α and β. Consequently, the joint
probability can be written as,

p(w, z, φ, θ;α, β) =

K∏

k=1

p(φk;β)

M∏

m=1

p(θm;α)

N∏

n=1

p(zm,n|θm)p(wm,n|φZm,n
)

3. HIGH-LEVEL FEATURE REPRESENTATION

While human-user understand images based on their high-
level contents (e.g., tree, water, building), computers process
the images based on a set of their most representative fea-
tures (e.g., shape, texture) extracted by primitive feature
representation techniques (e.g., Mean and variance of local
patches [6]). Therefore, the provided results by machine
learning algorithms are usually not relevant to the users’

Fig. 2. UCMerced-LandUse dataset. This dataset contains
2100 images grouped into 21 land-use scenes: Agricultural,
Airplane, Baseball Diamond, Beach, Buildings, Chaparral,
Dense Residential, Forest, Freeway, Golf Course, Harbor, In-
tersection, Medium Density Residential, Mobile Home Park,
Overpass, Parking Lots, River, Runway, Sparse Residential,
Storage Tanks, Tennis Court.

queries. More recently, a simplifying method, so-called BoW
model used in NLP, has been shown to achieve promising re-
sults [7]. BoW represents an image based on the occurrence
of the primitive feature descriptors in the image; however,
this model is still distant from high-level understanding of
images due to neglecting the dependencies between differ-
ent feature descriptors. It has been shown in literature that
these dependencies can provide valuable information about
high-level contents of data.In [1], authors discovered high-
level features of images considering the relations between the
words in BoW model. Then the images were represented by
their high-level features. Authors demonstrated that using
high-level features achieves better results than using directly
the primitive feature descriptors or BoW model in image
retrieval tasks.

In our work, we evaluate the performance of high-level
features in EO scenarios. To discover the high-level features,
first, LDA model is applied to the BoW representation of im-
ages. The discovered high-level features (i.e., topics) are then
used to describe images based on BoT model. BoT represent
each image as a vector, so-called topic vector, where each di-
mension of this vector shows the frequency of a topic in the
image. These topic vectors are used in classification tasks.

4. EXPERIMENTS AND DISCUSSIONS

In order to evaluate the performance of using high-level fea-
tures in EO scenarios, we used data from two different sen-
sors. The first dataset is a collection of 2100 multi-spectral
images of size 256 × 256, so-called UCMerced-LandUse
dataset [8]. This dataset is categorized into 21 classes of land-
use scenes. The second dataset contains 3434 TerraSAR-X
satellite images of size 160 × 160 which are grouped in 15
classes. Six classes are created from urban area, four classes
from different kinds of fields, and the rest are from forests,
mountains, industrial areas, highways, and water surfaces.
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Fig. 3. Dataset of 3434 TerraSAR-X satellite images grouped
into 15 classes. Top to bottom, left to right, the first two
classes are Agricultural Fields. Then Grass Fields, Water Sur-
faces, Forests, Mountains, Flooded Fields, Highways, Indus-
trial Areas, and the rest are different kinds of Urban Areas.

Figure 2 and 3 show some representative images of these
datasets.

In order to process the images, the local primitive fea-
tures are extracted using Mean and Variance feature descrip-
tion technique. These feature descriptors are proved to be
able to achieve promising results in addition to their simple
computation in EO scenarios [6]. Then BoW model is ap-
plied to represent each image by a histogram of 200 bins of its
local primitive feature descriptors. This histogram is consid-
ered as the feature vector in the next phase to discover high-
level features using LDA model. The level of the discovered
high-level features highly depends on the number of topics in
LDA model. In other words, more number of topics leads to
lower-level features (i.e., detailed features) while less number
of topics result in higher-level features (i.e., concept features).
In order to evaluate the different levels of discovered features,
LDA is run for different number of topics. Then images are
represented by BoT model. Finally, the performance of a clas-
sification method (e.g., SVM [4]) is used as the measure of
informativeness of the high-level features. Figure 4 compares
the classification accuracies resulted by BoT model for dif-
ferent number of topics and the BoW model. As the Figure
shows, on TerraSAR-X data, for 50 topics, SVM achieves the
same accuracy by BoT and BoW models; however, the di-
mensionality of feature vectors in BoT is one fourth of the
one in BoW model. BoT can even outperform BoW model
if the number of topics is increased. Thus using high-level
features of the data not only leads learning methods to pro-
vide relevant results to the users’ queries, but also increase
the scalability of the learning systems by reducing the dimen-
sionality of the data.

Since visualization is a massive aid to understand the
structure of data, the feature spaces resulted by BoT and
BoW representations of the images are visualized using t-
Distributed Stochastic Neighbor Embedding technique intro-
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(b) TerraSAR-X dataset

Fig. 4. Comparing the classification accuracy using BoT
model for different number of topics and BoW model.

duced in [9]. As Figure 5 shows, BoT and BoW provide
similar distributions of classes in the feature space which
leads to achieve similar classification accuracies. For exam-
ple, in TerraSAR-X data, the relations between some classes
(e.g., the dark cyan and the yellow) are preserved by BoT;
however, some other classes (e.g., the deep pink, the dark
gray, the violet) are discriminated more by BoT model.

5. CONCLUSION

In this paper, LDA is applied to the BoW representation of
two EO image collections to discover their high-level fea-
tures, so-called topics. Then, the images are described based
on the occurrence of the topics, so-called BoT model. In or-
der to evaluate the discovered topics, an SVM method is ap-
plied to the BoT representation of data for different number
of topics. Then the results are compared to the classification
accuracies achieved by BoW model.

Experimental results demonstrate that high-level features
can provide comparable results to BoW model; while the di-
mensionality of data is much lower in BoT model. Conse-
quently, high-level features increase the scalability of learn-
ing systems as well as providing results relevant to the users’
queries.
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(a) BoW representation of UCMerced-LandUse data
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(b) BoT representation of UCMerced-LandUse data for 60 top-
ics
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(c) BoW representation of TerraSAR-X data
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(d) BoT representation of TerraSAR-X data for 50 topics

Fig. 5. Visualization of the feature space achieved by BoT and BoW models for two EO datasets. In these plots different colors
correspond to different classes.
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ABSTRACT 

 
The multitude of sensors used to acquire Earth Observation 

(EO) images have led to the creation of an extremely 

various collection of data. Along with appropriate methods 

able to work with great amount of data, informat ion retrieval 

process requires algorithms to cope with a range of input 

imagery. Even if the geometry and the manner of creating 

Synthetic Aperture Radar (SAR) images are totally different 

than multispectral data, there are attempts of finding a 

common ground such that optical image indexing 

algorithms can be applied for SAR data and vice versa. 

Moreover, new concepts must be defined in order to obtain 

satisfying results, enabling measurements and comparisons 

between the extracted features [4]. Regarding this idea, the 

goal is to develop an application capable to join feature 

extraction algorithms and classification algorithms . Its 

success will sustain the integration of a reliable EO data 

search engine. This paper presents a framework for feature 

extraction and classification aiming to support EO image 

annotation. Weber Local Descriptors (WLD), Gabor filter 

and Support Vector Machine (SVM) are combined in o rder 

to define an application to be tested on both SAR and 

optical data. 

 

 

Index Terms —  high resolution SAR image, data 

mining, image annotation, statistical local descriptors , SVM, 

WLD, Gabor filter 

 

 

1. INTRODUCTION 

 

Given the large collections of EO data and the necessity of 

the users to get certain informat ion as quickly as possible 

have led to the need of having automated indexing systems. 

Such systems can increase the productivity and it can be of 

vital importance in crit ical infrastructures.  

Unfortunately, no general information retrieval 

procedure has been developed to efficiently perform, 

regardless of the analyzed data. Best results require specific 

algorithms for specific type of data.  

Most of the high resolution image indexing methods are 

based on identification and classification of image texture, 

image intensity or by using statistical models. The results 

are then grouped in a few generic classes (3-6) like crops, 

buildings, streets, vegetation, forest etc. [5]  

In this paper, the authors are presenting a benchmark 

for EO data classification by using statistical local 

descriptors such as Gabor descriptors and WLD combined 

with a support vector machine (SVM) classifier. This 

benchmark is based on the idea of obtaining comprehensible 

results about using certain image descriptors on images 

having the same spatial resolution but different geometry 

and acquisition modes. The goal is to determine a set of 

algorithms applicable for both SAR and optical data, such 

that the extracted features to be measurable and comparable .  

 

2. METHODOLOGY FOR EO DATA IMAGE 

INDEXING 

 

In order to classify EO images, the processing chain 

proposed in this paper requires that steps like image        

pre-processing (image filtering and patch extraction), image 

feature ext raction (compute mean and standard deviation 

values) and image classification (use of classification 

algorithms in order to group results into classes) to be 

completed. 

At the beginning, a set of local descriptors is extracted 

to portray the image content. The applied algorithms are 

based on Gabor filtering procedure and WLD on both SAR 

and optical data. In this benchmarking, the image is cut in 

patches of 50x50 and respectively 100x100 pixels. For 

every patch, the local mean and standard deviation are 

computed. Based on these values, a Support Vector 

Classification (SVM) is performed in order to annotate the 

entire collection of patches.  

 

3. LOCAL IMAGE DES CRIPTORS 

 

In order to describe the content of the analyzed scene, we 

need to perform a filtering procedure and compute a set of 

descriptors that will extract the local features of the image.  
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3.1. Gabor filtering  

 

Gabor filtering is one of the texture analysis filters.             

In Figure 1 it can be seen a Gabor filter with different 

orientations. [2] 

Considering the texture characteristics and other related 

studies, one can conclude that the human visual system 

responds to texture properties such as repetition 

directionality and complexity [1], so the 2D Gabor filter can 

be expressed as in equation (1) using the λ, θ, φ, σ, γ 

parameters that represent wavelength, orientation angle (in 

radians), phase offset, standard deviation  and filter scale.  
 

 
Figure 1. Gabor filter example in spatial domain, with 4 orientations 
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3.2. Weber Local Descriptor (WLD) 

 

The Weber’s law (Ernst Weber) states that the barely 

perceptible difference between two stimulus is proportional 

with the stimulus amplitude. In equation (5), ΔI represents 

the barely perceptible difference of two stimulus, I 

represents the initial intensity of the stimulus and the k 

mean ing is that the ratio stays constant regardless of I 

variations. This equation is known as Weber ratio. [3] 
 

k
I

I


       (5) 

WLD is a local descriptor based on the fact that human 

perception of a texture depends on the stimulus change and 

its intensity and is described by two components: 

differential excitation (8) and orientation (9). 
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The equations (8) and (9) are used when we speak 

about optical data. In the case of SAR images it is used an 

adapted WLD that takes into account the ratio of the mean 

of two no-overlapping  neighbourhood on the opposite sides 

of the point being analysed. To detect all possible edges, the 

ratio detector must be applied in all possible directions  (d) 

[3]. By taking into account those changes, the differential 

excitation is computed using equation (11) and the 

orientation by using equation (12).  
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,where i

j  is the local mean and d is the number of 

directions taken into account. 
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4. SUPPORT VECTOR MACHINE (SVM) FOR 

IMAGE CLASSIFICATION 
 

SVM represents a set of supervised learning methods used 

in automatic classification. The SVM algorithm used for 

testing and observing the behaviour of WLD and Gabor 

descriptors on high resolution SAR data is the one 

implemented in the EmguCV open source library.  

The inputs of the algorithm are the training sets (stored 

into a database) and a test set (the computed patches). In 

order to obtain good results the input data must be 

normalised. 
 

5. EXPERIMENTAL RES ULTS 
 

The results of the benchmarking are based on a SVM 

classification of d ifferent data sources on which are 

computed WLD and Gabor descriptors. In order to have 

more accurate results there are used images with the same 

spatial resolution acquired over the same area.  

The proposed methodology has been tested on very 

high resolution imagery, on both SAR and optical data. A 

qualitative analysis is performed by computing the precision 

and recall of the data sets.  

The experiments have been performed using one                

TerraSAR-X HS300 GEC image and one pansharp Pleiades 

ortho image, both illustrating the area of Constanta harbour, 

Romania. The pansharp image was obtained by combining a 
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Pleiades multispectral image (2 meters spatial resolution) 

and a Pleiades panchromatic image (1 meter resolution) in 

order to obtain a new image with the same spatial resolution 

as the TerraSAR-X image (1 meter spatial resolution). 

(Figure 2.) 
 

  
Figure 2. a) Pleiades image (Constanţa, Romania); b) TerraSAR-X 

image (Constanţa, Romania) 
 

5.1. Automatic EO data image classification software  

 

In order to compare the results , we developed a software 

application able to complete the processing chain for 

automatic classification of EO data presented in this article.  

The application consists of three modules such as:  

 File format reader module (this module is used to 

handle image file fo rmats and TerraSAR-X 

complex file format) 

 EO data handler (patch computation, WLD and 

Gabor descriptors extraction and SVM 

Classification) 

 Database Manager (training set import, preview 

training data) 
 

Pansharp SAR Legend 

  
 

  

 
 

 

 

  
 

  

 
 

 

  
 

  
 

 
 
 

 

Figure 3. Representative image patches for training sets used in 

classification of SAR and Pansharp image ( a. Buildings, b. 

Vegetation, c. Water) and the legend used to represent classified 

patches 

 

5.2. Case Study: Pleiades pansharpened image analysis 

 

In this study we used a Pleiades pansharp image from 

Constanţa harbour, Romania. The training sets consists in 

100 patches from each class, representing approximately  

4% and 16% from the total amount of patches in the case of 

50x50 image patches, respectively 100x100 image patches.  

After the classificat ion process is finished the software 

saves the results as a polygon shape file  (ESRI fo rmat) in 

which every polygon represents a classified patch. As 

attributes of every feature we have stored the class id in 

which the patch is classified and the computed descriptors. 

In Figure 4 and Figure 5 we can see the classified scene 

with a 50% transparency. Upon a visual inspection of the 

classification results we can see that the computed 

descriptors are fitting well with the scene content. This fact 

is sustained by the quality factors described in Table 1 and 

Table 2. 
 

  

Figure 4. Scene classification for patches o f 50x50 pixels (left);  

scene classification for patches of 100x100 pixels
 
(right), using 

Gabor filtering  method on pansharp image 
 

  
Figure 5. Scene classification for patches o f 50x50 pixels (left); 

scene classification for patches of 100x100 pixels (right), using WLD 

method on pansharp image 
 

 Gabor FE, patch size 50 px2 Gabor FE,  patch size 100 px2 

 Buildings  Vegetation Water Buildings  Vegetation Water 

Precision 92.4103 71.4953 88.1281 90.1015 69.8783 81.9048 

Recall 46.5155 92.8116 99.0689 53.2234 89.2487 95.2909 

Table 1. Precision vs. Recall for automatic indexing based on Gabor 

FE using patch size o f 50x50 and 100x100 pixels 
 

 WLD FE, patch size 50  WLD FE, patch size 100  

 Buildings  Vegetation Water Buildings  Vegetation Water 

Precision 93.6544 91.4664 86.1342 95.6929 81.0515 85.5524 

Recall 91.8022 88.2141 94.0073 76.6117 93.7896 87.7907 

Table 2. Precision vs. Recall for automatic indexing based on WLD 

FE using patch size o f 50x50 and 100x100 pixels 
 

From Table 1 and Table 2 and also from the graphical 

preview (Figure 4 and Figure 5) we can easily see de 

b. a. 

a. 

b. 

c. 
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difference in quality of classification. Even if the 

classification rate is good for both patch sizes and applied 

descriptors we observe that WLD based  classification offers 

better results than Gabor filter based classification. 

 

5.3. Case Study 2: SAR image analysis   

 

In this study we used a TerraSAR-X image from Constanţa, 

Romania from the same place as  the Pleiades pansharpen 

image. The training sets are patches chosen from the input 

image (Figure 2.b) 

After the classification process is performed, we obtain 

polygon shape files that stores the results of the 

classification. Using a transparency of 50%, the results of 

the classification can be seen in Figure 6 and Figure 7. 
 

  
Figure 6. Scene classification for patches o f 50x50 pixels (left);  

scene classification for patches of 100x100 pixels
 
(right), using 

Gabor filtering  method on SAR image  
 

  
Figure 7. Scene classification for patches o f 50x50 pixels(left); scene 

classification for patches of 100x100 pixels
 
 (right), using WLD 

method on SAR image  
 

  Gabor FE, 50  Gabor FE, 100 

 Buildings  Vegetation Water Buildings  Vegetation Water 

Precision 98.5507 73.9248 71.2975 89.7135 78.4431 86.8132 

Recall 20.8163 86.3187 99.8572 82.5150 84.9271 90.8046 

Table 3. Precision vs. Recall for automatic indexing based on Gabor 

FE using patch size o f 50x50 and 100x100 pixels
 
on SAR data 

 

  WLF FE, 50  WLD FE, 100 

 Buildings  Vegetation Water Buildings  Vegetation Water 

Precision 95.7835 81.8356 80.1788 97.7408 76.4216 95.3782 

Recall 92.4387 87.1575 77.9710 87.3539 98.3929 75.9197 

Table 4. Precision vs. Recall for automatic indexing based on WLD 

FE using patch size o f 50x50 and 100x100 pixels
 
on SAR data 

At a first sight on Figure 6 we can observe that in the 

case of 50x50 image patches we have a poor classification 

in contrast with the case of 100x100 image patches. This 

observation is highlighted by the Table 3 where we can 

notice poor values of the recall in the case of buildings. 

From Figure 7 and from Table 4 it can be easily remarked a 

good classification with high scores of precision and recall . 

 

6. CONCLUS IONS 

 

The aim of this paper was to demonstrate the applicability of 

statistical local descriptors in automatic classificat ion of EO 

data images. The obtained results show that in the case of 

pansharp image classificat ion the success rate is higher than 

the classification success rate of SAR image if we use Gabor 

descriptors. When WLD is used the results of classification 

are comparable.  

 The patch dimensions depend on the spatial resolution 

of the analyzed image. The scaling of the patches affects the 

accuracy of the classification. As it can be seen in Figures 4, 

5, 6 and 7 the patch size influences the statistics of certain 

textures, thereby influencing the final classification result. 

The result of the study demonstrates  the usability of 

local descriptors classification in EO data indexing. 

 

7. REFERENCES  
 

[1] C. Jie, S. Shiguang, H. Chu,Z. Guoying, P.Matti,C. Xilin, G. 

Wen , “WLD: A robust Local Image Descriptor”, IEEE 
Transactions on Pattern Analysis and machine intelligence, 2009.  

 

[2] P. Kruizinga, N. Petkov, S.E. Grigorescu, “Comparison of 

texture features based on Gabor filters”, Proceedings of the 10th 

International Conference on Image Analysis and Processing, 
Venice, Italy, 1999. 

 

[3] S. Cui, C. O. Dumitru, M. Datcu, “Very High Resolution SAR 

Image Indexing Based on Ratio Operator”, IEEE, GRS Letter, 

February 9, 2012. 
 

[4] Y. Rauste,  “Methods for Analyzing SAR images”, Tech. Res. 

Centre of Finland, Res. Rep. 612, ESP00, Finland, 1989.  

 

[5] A.A. Popescu, I. Gavat, M. Datcu, “Contextual Descriptors for 
Scene Classes in Very High Resolution SAR Images”,  IEEE 

Geoscience and Remote Sensing Letters, Vol. 9, No.1, January 

2012 

 

Regular Posters

Proceedings of ESA-EUSC-JRC 9th Conference on
Image Information Mining doi: 10.2788/25852

84 University Politehnica of Bucharest (Romania)
5–7 March 2014

http://dx.doi.org/10.2788/25852


SUPERVISED INCREMENTAL FEATURE CODING FOR SAR IMAGE CLASSIFICATION

Shiyong Cui, Mihai Datcu

Remote Sensing Technology Institute (IMF)
German Aerospace Center (DLR)
Oberpfaffenhofen, 82234 Weßling

Email: shiyong.cui, mihai.datcu@dlr.de

ABSTRACT

Recent years have witnessed a fruitful development of image
representation. The most prevalent one is the Bag-of-Words
(BoW) method, which gives state-of-the-art performance in
many applications. It has four steps: local feature extraction,
dictionary learning, feature coding, and feature pooling. In
this paper, we focus on feature coding. On the basis of an
analysis of currently popular feature coding methods, we pro-
pose a supervised incremental coding method. The most d-
ifferent characteristic of this method is that coding of a new
image relies on the coding of the previous image from the
same class. Therefore, we need to know the label of one
image before coding. This point can be argued as a draw-
back of this method. However, we demonstrate that it could
give much better feature for image classification. This finding
gives some hints about further development of feature coding
method. We believe that the entire class should be considered
when coding the local features.

Index Terms— Synthetic aperture radar (SAR), SAR im-
age classification, Bag-of-Words (BoW), Feature coding.

1. INTRODUCTION

Image representation has received more and more attention in
recent years. Traditionally, the features are handcrafted based
on the domains of knowledge, which are highly engineered
ones. Since 20th Century, a large progress in both texton [1]
and local feature extraction has been witnessed, leading to
the state-of-the-art Bag-of-words method for image classifi-
cation. Inspired by the previous research that texture can be
efficiently characterized by the statistics of the filter response,
some filter banks [2, 3] are applied to texture description us-
ing the texton learned by clustering, which gives a practical
realization of the texton theory.

On the other hand, since the beginning of scale invari-
ant feature transform (SIFT) proposed by [4], local feature
descriptors have received tremendous attention and a large
amount of research effort was directed to local feature ex-
traction. Local discriminative features have achieved a great
success in matching and object recognition. Inspired by both

the texton image representation and the power of local feature
descriptor, Bag-of-words (BoW) feature was proposed by [5]
for video search. Since then, under this framework, a large
variety of methods have been proposed for solving various
problems. BoW has been recently introduced to remote sens-
ing community for image annotation [6], object classification
[7], and land use classification [8]. BoW model has shown
its significantly powerful ability in image classification. The
framework of BoW model shown in Fig.1 has mainly four
components: local feature extraction, codebook learning, fea-
ture coding and feature pooling.
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Fig. 1. The framework of Bag-of-Words feature extraction.

Recently, sparse coding [9] instead of vector quantization
has been applied to dictionary learning, which shows better
performance. It is an iterative algorithm by alternating be-
tween dictionary learning and sparse decomposition. On the
basis of observation that non-zero coefficients are often as-
signed to the nearby elements in the codebook, both [10] and
[11] proposed local version of the sparse coding (LLC). D-
ifferent from kernel codebook, it is assumed that the current
feature point for coding can be reconstructed using the k near-
est clusters. The reconstruct coefficients can be computed by
solving a least square problem. The weights for the rest clus-
ter are set to zeros. Therefore,the sparsity is replaced with
locality. In this paper, we focus on feature coding. Based on
the analysis of current popular feature coding methods, we
propose a supervised incremental coding method.

2. FEATURE CODING

In this section, we first present the current prevalent feature
coding methods and then introduce our supervised incremen-
tal feature coding method.
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2.1. Sparse feature coding

Recently, sparse feature coding has been developed as an al-
ternative for codebook learning, which is actually a general-
ization of k-means clustering. Given a set of local descriptors
X = [x1,x2, ...,xM ] ∈ RD×M , k-means clustering can be
reformulated as

min
D,C

M∑

m=1

||xm −Dcm||2

subject to ‖cm‖0 = 1, ‖cm‖1 = 1, cm � 0,∀m
(1)

where D = (d1, ...,dK) ∈ RD×K is the codebook, cm ∈
RK is reconstruct coefficients of the xm, and the constraints
mean that there is only one non-zero element and it is 1. The
index of this non-zero element is the cluster index, to which it
belongs. In the learning phase, both the codebook D and the
reconstruct coefficients C are learned. In the coding phase,
each local descriptor is assigned to the nearest cluster. It is
observed that the L0 norm constraint ‖cm‖0 = 1 is too re-
strictive and gives only coarse reconstruction. [9] proposed to
relax this constraint to L1 norm, which gives several non-zero
elements, not only one. After relaxation, it is converted to a
problem of sparse coding, formulated as

min
D,C

M∑

m=1

||xm −Dcm||2 + λ||cm||2

subject to ‖ck‖2 6 1 ∀m = 1, 2, ..., k

(2)

This optimization problem turns out to be convex with re-
spect to one of the two sets parameters D,C while the other is
fixed, but not convex for both. Therefore, it can be optimized
in an alternative manner. After learning the codebook, the
feature is encoded by the corresponding reconstruction coef-
ficients. The word frequency histogram is replaced by a max
pooling within each region in the framework of SPM.

2.2. Locality constraint feature coding

It is observed that non-zero coefficients are often assigned to
the nearby elements in the codebook, so both [10] and [11]
proposed local version of the sparse coding (LLC). Differen-
t from kernel codebook, it is assumed that the current fea-
ture point for coding can be reconstructed using the k nearest
clusters. The reconstruct coefficients wi, i = 1, 2, ..., k can
be computed by solving a least square problem. The weight-
s for the rest cluster are set to zeros. Therefore,the sparsity
is replaced with locality in Eq.(2), which gives the following
locality constrained feature coding.

min
D,C

M∑

m=1

||xm −Dcm||2 + λ||sm � cm||1

subject to 1T cm = 1 ∀m = 1, 2, ..., k

(3)

where � represents the element-wise product and sm is a
vector of distances between the descriptor xm and all the
elements in the dictionary, given as sm = exp( dist(xm,D)

σ ),
dist(xm,D) = [dist(xm,d1), ..., dist(xm,dK)]. Differen-
t from sparse coding, LLC has some attractive properties, like
better reconstruction, local smooth sparsity, etc. One of the
most important one is that there is an analytical solution giv-
en by

ĉm =
(
(D− 1xTi )(D− 1xTi )

T + λdiag(d)
)
,

cm = ĉm/sum(ĉm)
(4)

Thus, the LLC feature coding can be carried out quite fast in
practice. Practically, an approximate version can be applied,
which involves the dictionary learning by k-means and using
only the nearest neighbors for computing the coefficients by
solving least square problem.

2.3. Supervised incremental feature coding

All the feature coding methods that were reviewed previously
encode the local descriptors independently, which means that
the images seen before have been forgotten. In other words,
they do not consider the relation between the local descriptors
from the same class. This is obviously in contradiction to the
human learning. For instance, when you see a dog first time,
you are told that that is a dog and you can encode the dog us-
ing simple features. After seeing dogs many times, obviously
you should encode the dog better than the first time on the ba-
sis of previous knowledge learned about the dog. By analogy,
the feature coding algorithm should encode the local features
in an incremental manner. That means the algorithm should
encode the new image based on the previously encoded im-
age.

Local 
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Codebook
Learning

Patch 
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LLC Encoding

Feature 
vector 1

Feature 
vector 2

Feature 
vector N

Feature 
vector 1

Feature 
vector 2

Feature 
vector N

Feature 
vector 1

Feature 
vector 2

Feature 
vector N

. . . . . .

Class 1 Class 2 Class M. . . . . . 

Fig. 2. Supervised incremental feature coding.

In view of this motivation, we propose an incremental fea-
ture coding based on the LLC feature coding, as shown in
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Fig.2. The main difference from previous encoding method-
s is that the encoding of the image depends on the previous
encoded images and that the encoding is performed in an in-
cremental manner. The algorithm starts from the database
and a dictionary is learned using k-means clustering. The
feature encoding is done class by class. The encoding start-
s from the first image in one class and the nearest neighbors
are searched. After that, the local reconstruction coefficients
C = [c1, c2, ..., cN ] (N is the number of local features ex-
tracted from one image) are obtained by solving the least
square problem. Based on the reconstruction coefficients of
the previous image, the encoding of the next image is per-
formed by replacing only few coefficients in each column in
C because only the nearest neighbors are involved in the com-
puting of the coefficients. Therefore, the reconstruction coef-
ficient is learned in an incremental manner. For each image,
the final feature vector of one image is extracted by max pool-
ing max([c1, c2, ..., cN ]), which takes out the maximum value
in each row. This incremental feature coding has demonstrat-
ed and shown significantly better performance compared with
all other feature coding methods.

3. EXPERIMENTS AND EVALUATION

In this section, we prepared a database of SAR images for e-
valuation and a comparison of different feature coding meth-
ods is presented.

3.1. SAR image database

A database consisting of 15 classes and totally 3434 TerraSAR-
X images with size 160 × 160 is prepared. Example im-
ages are shown in Fig.3. The images are high resolution
Stripmap and radiometric enhanced TerraSAR-X images.
Ground range resolution and azimuth resolution are 1.9406
and 3.2999 meters and the number of looks is 1.0. This data
set is collected using active learning system.

Fig. 3. All 15 classes of 3434 TerraSAR-X images with size
160×160 for evaluation. Among them 7 classes are collected
from urban area.

3.2. Evaluation and comparison

To compare feature coding methods, we need a local feature
and a method for dictionary learning. For the local feature, we
choose two methods proposed in [12]. The details of these t-
wo methods are shown in Fig.4. We used different two patch
sizes 5×5 and 7×7 and 10 dictionary sizes from 50 to 500. k-
means clustering is applied to dictionary learning. We select
other four coding methods for comparison: vector quantiza-
tion [5], kernel codebook coding [13], fisher vector [14], and
locality constraint coding [11]. The classifier that we use for
classification is SVM. 30 samples from each class are select-
ed and used as training data. The rest are used as test data. 20
rounds are performed and the average accuracy is presented.

(a) (e)

Fig. 4. Two local descriptors of a 5 × 5 local neighborhood:
(a) SRP Global: sort all the pixel values in the neighborhood;
(b) SRP Angular-diff: sort the difference of two closing pixels
in each circular ring and concatenate as a feature vector.

All the results are shown in Fig.5. The first row shows
the performance comparison of all the five feature encoding
methods using SRP Global feature for different sizes, while
the comparison in the second row uses SRP Angular-diff lo-
cal feature. It is obvious that our feature encoding method
not only gives significantly better results than other methods,
but also stable for different dictionary sizes because the fea-
ture is learned based on the basis of all the previous images.
This is a new perspective for feature learning, as the conven-
tional methods always assume the local feature vectors are
independently drawn from some underlying distribution. Ac-
tually, each class should be considered as an entrie entity in
the feature, but not a collection of feature vectors. Vector
quantization ranks second, which is actually a very good op-
tion although there are many methods trying to improve its
performance. Even though kernel codebook was proposed to
overcome the drawback of vector quantization, the improve-
ment is negligible. The performances of both vector quantiza-
tion and kernel codebook are quite stable with respect to the
dictionary size. Fisher vector performs even worse than ker-
nel codebook and it is also quite stable to the dictionary sizes.
The most devastating point is that it is very time consuming
in the case of a large dictionary, which makes it unfeasible
in practical applications. The worst method is locality con-
straint coding, whose performance increases as the dictionary
size increases.
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Fig. 5. Evaluation of the feature encoding method for SAR
image classification. The comparison in the first row uses
vectorized patch as low level feature while the second and the
third row use SRP Global and SRP Angular-diff.

4. CONCLUSION

In this paper, starting from the analysis of current popular fea-
ture coding methods, we propose a supervised incremental
coding method. We argue that the coding method should en-
code the local feature in an incremental manner. The most
different characteristic of this method is that the coding of a
new image relies on the coding of the previous image from
the same class. Therefore, we need to know the label of one
image before coding. This point can be viewed as a draw-
back of this method. However, we demonstrate that it could
give much better feature for image classification. This find-
ing gives some hints about further development of the feature
coding method. We believe that the entire class should be
considered when coding the local features. In addition, this
method can be applied in order to enhance the feature space
when we have weak labels, like cascade learning.
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ABSTRACT 
 
This paper proposes a semantic annotation conducted on a 
large number of scenes containing high resolution synthetic 
aperture radar (SAR) images. This investigation has an 
important impact in applications such as classification of 
urban areas, infrastructure, industrial sites, military sites, 
landscape and agriculture. The proposed taxonomy can 
serve as basis for building a semantic catalogue for Earth 
Observation (EO) images. Finally, a set of queries based on 
these semantics can be defined and are planned to be 
integrated into the new system developed at DLR. 
 

Index Terms— category, image content, semantic 
annotation, TerraSAR-X 
 

1. INTRODUCTION 
 
In past papers, the number of identified and annotated 

categories is very limited, and additionally most of them are 
manually extracted. 

The GeoIRIS system is capable of automatically 
retrieving a large volume of multispectral data sets after pre-
processing and indexing. The satellite images are tiled into 
250×250 pixels, obtaining, in the case of [9], 70,824 patches 
where - about 531,208 objects were identified from these 
images. 

The authors of [11] consider 6 mono-spectral 
QuickBird images that are tiled into patches with a size of 
200×200 pixels and generate 20,000 patches, from which 18 
categories are retrieved. 

Five high resolution TerraSAR-X Spotlight images are 
consider in [10] and yielded into 30 categories with totally 
7,000 patches of 200×200 pixels. 

In our first evaluation [4], we started with two scenes 
covering Venice (Italy) and Toulouse (France) and about 30 
categories were retrieved with a precision / recall quality of 
82.27% / 35.62% respectively.  

The second evaluation was carried out on 39 scenes and 
336 categories were identified from these scenes after 
classification and annotation.  

In this paper, we propose an appropriate taxonomy for 
TerraSAR-X product images and a hierarchical semantic 
annotation scheme. The proposed taxonomy can be the basis 
for building a semantic catalogue for Earth Observation 
images.  

“Taxonomy is the science of classification according to 
a pre-determined system, with the resulting catalog used to 
provide a conceptual framework for discussion, analysis, or 
information retrieval.” [13]. 

Our taxonomy is a hierarchical structured set created to 
describe categories and subcategories for specific image 
content. 

The paper is structured as follows: Section 2 presents 
the high resolution TerraSAR-X data set used for 
evaluation. Section 3 briefly describes the methodology for 
annotation. Section 4 investigates the image content 
taxonomy, while Section 5 provides several types of 
semantic queries that can be applied. Conclusions are 
presented in Section 6. 
 

2. DATA SET 
 

The data set is created in order to perform the 
annotation on a large set of TerraSAR-X data.  

The acquisition of TerraSAR-X data covering different 
areas around the world via the EOWEB portal [2] was 
planned in three phases: phase 1 in spring 2012 with 39 
scenes, phase 2 in spring 2013 with 70 scenes and phase 3 
in summer 2013 with 185 new scenes. 

At this moment, the data set we prepared covering 
different areas (urban and non-urban) around the world: 
41 scenes from Africa, 59 scenes from Asia, 80 scenes from 
Europe, 40 scenes from the Middle East, 46 scenes from 
North America, 14 scenes from South America, 6 scenes 
from Antarctica and 8 scenes containing oceans.  

Fig. 1 shows the distribution of these scenes in each 
phase of the acquisition. 

These TerraSAR-X products [1] are multi-look ground 
range detected (MGD), radiometrically enhanced (RE), high 
resolution Spotlight mode with single polarization (HH or 
VV). The pixel spacing is 1.25 meters and the resolution 
about 2.9 meters. The size of the image (as average over all 
the images) is 4,200×6,400 pixels. The incidence angle is 
between 25° and 50° with images taken from ascending and 
descending pass direction. 
 

3. METHODOLOGY 
 

The methodology is described in detail in [4]. Fig. 2 
briefly presents the steps used for annotation and query. 
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Fig. 1. Distribution of the scenes acquired around the world for 
each phase separately. 
 

4. IMAGE CONTENT 
 

This section is dedicated to the categories that can be 
identified from high resolution SAR data. Our goal during 
phases 1 and 2 was to create a large TerraSAR-X data set, 
covering as many urban areas as possible, while in phase 3 
other new types of areas were prepared for annotation such 
as: infrastructure (e.g., airport, port, etc.), industrial sites, 
military sites, landscape, and agriculture. 

In order to understand the diversity of semantic 
categories that can be retrieved from a large data set, Fig. 3 
presents typical categories that can be extracted from our 
data set for different geographical areas: Bagdad (Iraq), 
Bandar Imam Khomeini (Iran), Binhai (China), Genoa 
(Italy), Nazca Lines (Peru), Singapore (Singapore), Trento 
(Italy), and Tucson (USA). Presently, the annotation in 
phases 1 and 2 is complete and phase 3 is still in process 
and here are shown only intermediate results. 

Fig. 4 shows the hierarchical annotation scheme / 
taxonomy that we obtained based on the annotation of the 
first 110 scenes (e.g., classified and semantically annotated). 
This taxonomy is a two-level annotation scheme: level 1 
gives general information about the content of the patch, 
while level 2 details the general information at level 1. It is 
worth to notice, however, that you can have patches whose 
semantics can refer to two or more detailed categories from 
level 2. 

For a large data set, the annotation cannot be done 
scene by scene or all scenes together because it is too time 
consuming or impossible. For this reason, we suggested [3] 
that the annotation should be performed based on the 
geographical location of the scene, or based on the 
architectural characteristics of the cities. 

In next two examples we show the usefulness of this 
annotation based on different criteria: first using the 
criterion based on the architectural characteristic of the 
cities, the number of retrieved categories for a group of 7 
scenes from Germany and Switzerland was 41 categories, 
second considering the criterion based on the geographical 
location of the cities, 32 categories were identified for 9 
scenes in the USA and Canada. 
 

5. QUERY BY SEMANTICS 
 

The query engine is an important part of the EO 
systems and is an interactive component which allows the 
user to better exploit EO products [7]. There are several 
types of queries that can be performed and there are 
grouped in four categories: query by metadata [6], query by 
primitive feature values [3], query by examples [6] and 
query by semantics [3], [5].  

 

 
Fig. 2. Methodology: (1) store TerraSAR-X product images into a database; (2) tile each image into patches of 160x160 pixels and 
generate a quick-look for each patch; (3) extract the primitive features from each tiled patch using Gabor filters with 4 scales and 6 
orientations; (4) group the features into categories using interactive learning based on a Support Vector Machine; (5) annotate semantically 
each retrieved category using Google Earth as a ground truth visual support. Once the process is complete, the users can exploit TerraSAR-
X products by querying the database (e.g., query by semantics). 
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Fig. 3. Typical categories retrieved from Bagdad, Bandar Imam Khomeini, Binhai, Genoa, Nazca Lines, Singapore, Trento, and Tucson. 
From left to right and from top to bottom the semantic annotation of each patch is: bridges, channel, port, agriculture land, greenhouses, 
ships, roads, firth, desert, beach, sand, vineyard, lake, chemical plant, cliff, trees, breakwater, cropland, soil, monument area, hill, depots, 
ocean, rice paddies, storage tank, industrial area, cemetery, skyscrapers, tents, breaking waves, mountain, sport area, airport, railways, 
medium density residential area, forest coniferous, military airport facilities, cargo area and mixed urban area. 

 
Fig.4. Proposed hierarchical semantic annotation scheme [3] with two levels. Level 1 gives us general information (e.g., urban area, 
transportation, etc.), while level 2 details level 1 (e.g., transportation that contains railways, ships, airport, port, etc.).  
 

In this paper we focus only on the last category, namely 
query by semantics. 

For this kind of query one can use the hierarchical 
taxonomy (see Fig. 4) to conduct the following three types 
of queries [12]:  

(1) Rank the cities / TerraSAR-X products (using the 
level 1 from the hierarchical annotation scheme) by 
percentages of: agriculture, bare ground, forest, 
transportation, urban area, and water bodies. 

(2) Rank each city / TerraSAR-X product (using level 2 
of our hierarchical taxonomy) by the number of patches in 
each product containing: green areas – forest coniferous, 
mixed, broadleaf, trees; water bodies – river, channel, lake; 
street network – roads, bridges; infrastructure – railways, 
port, airport; skyscrapers – skyscrapers; sports area – sport 
grounds; and industrial area – industrial buildings, 
chemical plant, tanks. 

(3) Retrieve the cities (using level 2 of our semantic 
taxonomy) containing the following semantics: skyscraper, 
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high density residential area, medium density residential 
area, mixed urban area, very low density residential area, 
and industrial area. 

To illustrate these queries, we provide two examples 
from the list presented above [12]. 

The first example is chosen from type 1 and is defined 
as: “find the percentage of all categories that were retrieved 
during the annotation for a selected city”. For 
exemplification, we select Venice area. Fig. 5 gives the 
percentage of urban area, transportation, water bodies, 
forest and agriculture. 

The second example is chosen from type 3 and is 
defined as: “find all the patches that have the semantic 
annotation as skyscrapers”. As a result of such query more 
than thousands patches were identified with this semantic 
from a total of 110,000 annotated patches (considering the 
data set that contains product images acquired in phases 1 
and 2 with an accuracy of about 90%).  

Fig. 6 shows some examples of the retrieved patches 
with skyscrapers as semantic. 

 
Fig. 5. Results of the query based on semantics defined for Venice: 
“find the percentages of urban area, agriculture, transportation, 
forest and water bodies that exist for this city”. 

 
Fig. 6. Results of the second query based on semantics: “find 

all skyscrapers that exist in our database related to phase 2 of our 
data set”. 
 

6. CONCLUSION 
 

In this paper, we proposed a taxonomy for high 
resolution TerraSAR-X products (hierarchical semantic 
annotation scheme for phases 1 and 2).  

By increasing the number of products (adding new data 
set in phase 3), the diversity of the identified category will 
grow and an updated hierarchical annotation scheme will be 
necessary.  

The proposed queries offer EO users the opportunity to 
search the database for specific semantics. These queries 
have been already tested in [8] and are now being integrated 
with DLR’s data and information management system [7]. 
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ABSTRACT 

 

In the context of Earth Observation (EO), image information 

retrieval systems have gained importance as a way to 

explore terabytes of archive data. Concurrently, evaluation 

of these systems becomes a topic. Evaluation has typically 

been conducted in the form of metrics such as Precision 

Recall measures, with more recent approaches attempting to 

include the user in the evaluation process. This paper 

presents a more user centered evaluation of a CBIR tool in 

an EO context. The evaluation methodology involved open 

ended user feedback, which was then inductively 

categorized, and its distribution and content were analyzed. 

Results are presented, with conclusions indicating certain 

aspects of the user experience cannot be obtained from 

metrics alone, but can be complementary to metrics.  

 

Index Terms— user evaluation, CBIR, EO 

 

1. INTRODUCTION 

 

In Earth Observation (EO), as more terabytes of satellite 

data are acquired, one of the present challenges in the field 

lies in being able to explore and utilize this data. Great 

strides have been made, from searches based on metadata, 

which provide only basic information of image 

characteristics, to content based image retrieval (CBIR)[1]. 

This paper deals with a knowledge discovery framework, 

consisting of a CBIR tool used in an EO context, which 

allows the user to explore satellite images interactively 

based on content by using a Support Vector Machine (SVM) 

to retrieve relevant images based on positive and negative 

examples provided by the user. Such interactive image 

retrieval is a current research trend and provides an 

alternative to what could be restrictive text based searches. 

Now the question arises, how should such CBIR systems be 

evaluated?  

Metrics on system performance are undoubtedly 

important. Among the metrics of evaluating information 

retrieval systems in general, Precision Recall (PR) measures 

are the most common [2]. The validation of image retrieval 

systems has been largely focused on the system elements 

and their output from a technical point of view (such as 

analyzing feature extraction or validating a system for a 

specific kind of image, e.g.: [3]). However, such metrics do 

not consider a system evaluation from a user perspective. 

In image and information retrieval systems research in 

general, there has been a call for evaluation approaches 

which involve the user ([2], [4]–[7]); since whether or not 

users actually accept and use a system is an important 

measure of system success. In the field of multimedia, the 

RUSHES project [8] developed technologies designed to 

index and access unedited audiovisual material. This project 

had a portion designed specifically to address user 

requirements, by contacting home and professional users for 

feedback [8]. In the field of earth observation research, the 

Knowledge driven Information Mining tool (KIM) has also 

gone beyond metrics in its evaluation. KIM was created to 

aid users in large EO image archive exploration, based on a 

satellite image database with indexed features, and machine 

learning through positive and negative examples provided 

by the user to demonstrate what is being searched for [9] 

(please refer to [9] for further information on KIM). KIM 

underwent a two part system evaluation: an objective 

evaluation (where the technical aspects of the interactive 

image information mining system were considered), 

combined with a subjective user evaluation (satisfaction 

ratings recorded in a questionnaire), and both measures were 

analyzed together to determine their convergence [10]. This 

evaluation is mostly technical, but provides an initial step 

into including user evaluations. (For more information on 

the evaluation of KIM please refer to[11]). 

     On a spectrum from technical to user centered 

evaluations, the previous papers exemplified a number of 

approaches ranging from the very technical end of the 

spectrum (considering mainly PR metrics) to a combined 

approach, where metrics as well as subjective user ratings 

are measured. The present paper lies on the user-centered 

end of the spectrum, presenting the evaluation of a CBIR 

tool in an EO context from a user perspective, taking 

concepts from the area of technology acceptance models. 

      The user evaluation of this CBIR tool with dozens of 

potential users and applications from different backgrounds 

required an evaluation process conducted in two parts, 

involving different users and datasets. A total of 19 users in 

two different feedback sessions participated in this 
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Figure 1: Distribution of User Affiliations- 1st Feedback Session         Figure 2: Distribution of User Affiliations- 2nd Feedback Session 

 

evaluation. Open-ended user feedback was collected, 

clustered into categories based on content similarity, and 

categories of meaning were inductively derived. User 

feedback from the two different sessions was analyzed 

individually, and then interpreted together, in order to paint 

a complete picture of the users’ evaluation.  

This evaluation is but a first step in the direction of 

further research to be conducted on methodologies for the 

evaluation of CBIR tools from a user perspective. Following 

this user evaluation, conclusions to improve the tool (from a 

user perspective) can be derived, and these can be applied in 

moving forward in designing the tool.  

This paper continues as follows: the next section 

presents a description of the users followed by a 

presentation of the data sets used. The CBIR tool is then 

presented, followed by the evaluation methodology, results 

and conclusions. 

 

2. DESCRIPTION OF THE USERS 

 

All participants in the evaluation (referred to as users) were 

asked to give anonymous feedback based on their 

experience with the CBIR tool during a hands on session 

which lasted about 2 hours. The first feedback group 

consisted of 12 users, and the second of 7 users, who 

participated in a feedback session 2 months later. Their 

affiliations are indicated in Figures 1 and 2. The 

participating users are a small sample of potential users of 

this tool in an EO context. The larger population of known 

potential users consists of all the investigators who have 

already worked with this data, and the scientists they have 

collaborated with, all stemming from a variety of 

disciplines.   

 

3. DESCRIPTION OF THE DATA SETS 

 

The CBIR tool evaluated here was developed for use with 

satellite images, which have their own particularities. A 

satellite image contains more than just visual information; it 

also contains information on physical parameters, and the 

information it conveys depends on its processing. Satellite 

images also provide a different visualization, they are not 

optical images, and can be more difficult to interpret with 

the naked eye. Three datasets were used for this evaluation, 

please refer to Table 1 for a description of the first 2 data 

sets. The third data set consisted of TerraSAR-X high 

resolution spotlight data covering 20 urban areas around the 

world. 

 

4. DESCRIPTION OF THE CBIR TOOL 

 

Here a short description of the CBIR tool from a user 

perspective is given, for a full description from a technical 

perspective please refer to [12]. The CBIR tool is a SVM 

with a graphical user interface. The user can visualize an 

image, and by using the left and right mouse buttons, select 

positive and negative examples of the desired content of the 

images which the user would like to retrieve. After giving a 

few examples, the user then prompts the program to learn 

which types of images the user wants to retrieve, and this is 

done iteratively. The user can then view which images the 

program selected as positive examples the user wants to 

retrieve, and can scroll through them. After a few iterations, 

the program should have selected the images the user 

wanted to retrieve. Once the user is satisfied with the 

retrieved images, a semantic class can be created for this 

group of images. It is later possible to visualize this class. 

 

5. EVALUATION METHODOLOGY 

 

The evaluation procedure was carried out in two steps, with 

data being analyzed separately for each feedback session, 

and then interpreted together to reach conclusions. In the 

first feedback session, users were presented the system 

architecture, concepts and components, followed by a 

hands-on evaluation of the tool. The data set was first 

introduced to the users, followed by detailed instructions on 

how to use the system. The users were then organized into 

work groups, and presented with the first two data sets 

described. The practical exercise which guided the system 

testing was to define semantic classes for two different 

images, which lasted about two hours, after which an open- 

ended feedback round took place in which users could share 

their impressions, questions and comments. The second
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Quickbird over L’Aquila Quick look of the Image TerraSAR-X GEC over Sendai Quick Look of the Image 

Number of Patches: 

20,880 

Patch Size:  

100x100 pixels 

Overlapping:  

Yes 

Features:  

Weber Local Descriptor 

(WLD) 

Color Histogram 

Examples of Semantic 

Classes: 

Forest, urban areas 

 
 Number of Patches:  

41,994 

Patch Size:  

100x100 pixels 

Overlapping:  

Yes 

Features:  

Weber Local Descriptor (WLD) 

Examples of Semantic Classes: 

Flooded area, high buildings 

 

 

Table 1: Datasets 1 & 2 

 
feedback session was carried out in a similar manner, users 

were requested to use the tool and to provide open ended 

comments regarding its usability for their research activities. 

The users were given the third dataset described, and they 

could choose which image to work with.  

     Following the compilation of user feedback, a content 

analysis was conducted, and based on this 36 user comments 

from the first session, and 71 from the second were 

identified. These were then clustered into categories based 

on content similarity. This inductive approach resulted in six 

categories: user support, questions raised, user suggestions, 

satisfaction, perceived usefulness and perceived ease of use. 

These last two terms refer to the user’s perception of how 

useful the system is for their particular domain, or for their 

work within their domain; and to how “easy” a system is to 

use, respectively. These definitions are based on Davis’ 

work on user acceptance of technologies [13]. 

 

6. EVALUATION RESULTS 

 

Figures 3 and 4 present the distribution of user comments in 

the 6 different categories. For the analysis of the results, two 

elements considered: the distribution and content of user 

comments. In the first feedback session, user comments 

regarding their satisfaction with the tool were quite positive. 

Users were impressed with the tool, mostly perceiving it to 

be useful, and asking questions which indicated an interest 

in further understanding the tool’s applications within each 

of their domains. Users expressed a desire for support, in 

terms of more guidance on the tool, to either assess its uses 

for a specific application, or to discover more functions 

within the tool. Users find that overall the tool is easy to use, 

and the training session provided was also quite easy to 

comprehend. They provided a number of suggestions 

relating to the visualization options of the tool, indicating a 

need for visualization options which will make the tool 

“easier” to use. Overall, the users qualified the tool as 

interesting, with lots of potential, with comments indicating 

that users are interested in relating the tool to their 

application domain.  

     User comments from the second feedback round 

indicated that a little over half the users would be interested 

in a public domain version of the software, which is 

reflective of a significant degree of satisfaction with the 

system. There were not many comments about perceived 

usefulness or ease of use, however these were all positive, 

such as “no expertise in image classification was needed” 

(for working with the tool). After testing the system, a few 

questions were raised, indicating an interest to learn and 

explore the different capabilities of the system; and a 

number of suggestions were put forth. However, it is 

noteworthy that about 84% of the suggestions were provided 

by the users most satisfied and interested in the technology, 

who stated they would be interested in a public domain 

version of the tool, indicating a high degree of interest and 

satisfaction with the tool. The suggestions given are 

therefore ways in which the users can imagine the tool 

might be easier to use, as well as user explorations into the 

tool and its capabilities. A desire for some user support was 

also expressed, in the frame of help menus and examples, to 

be able to better use and explore the system. 

     Overall, comments indicate that users find the system 

intuitive, useful, and were quite impressed with it, and even 

interested in obtaining an open source version of it, 

indicating satisfaction with it. The numbers of questions 

posed indicate interest, as well as the suggestions given, as 

users consider what they would like to see when using the 

tool. A need for user support was also expressed. 
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Figure 3: Distribution of User Comments- 1st Feedback Session                   Figure 4: Distribution of User Comments- 2nd Feedback Session 

 

 

7. CONCLUSIONS 

 

A PR metric does not reveal certain aspects of user support 

are missing, or that users would like to see a certain 

function. As technologies move beyond scientific prototypes 

and seek to expand their user base, it is important to 

consider the user in their evaluation procedures. After all, 

whether or not users accept a technology is an important 

measure of a technology’s success. System evaluation 

metrics remain important, however the evaluation process of 

a CBIR tool could be complemented by an additional user-

centric evaluation, which extends beyond the listing of 

requirements and towards understanding users’ perceptions 

of and satisfaction with a tool. This user centered evaluation 

provided valuable feedback, permitting the iterative 

improvement of the CBIR system, which would not have 

been possible to obtain purely from system metrics.  

Establishing a connection with a potential user base is 

also important for future development activities, as well as 

giving developers the possibility to receive constant 

feedback on their tool. In terms of user support, an 

established relationship with a user base could aid in the 

creation of a virtual community of practice, which could 

then provide a self-sustaining system of user support, as 

users contribute to a communal knowledge base.  
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ACCELERATED KNOWLEDGE-DRIVEN IMAGE MINING SYSTEM FOR DATA FUSION IN
BIG DATA

Kevin Alonso, Mihai Datcu

German Aerospace Center

ABSTRACT

In this paper, we present a knowledge-driven content-based
information mining system for data fusion in Big Data. The
tool combines, at pixel level, the unsupervised clustering re-
sults of different number of features, extracted from different
image types, with a user given semantic concepts in order to
calculate the posterior probability that allows the final search.
The system is able to learn different semantic labels based on
Bayesian networks and retrieve the related images with only
a few user interactions, greatly optimizing the computational
costs and over performing existing similar systems in various
orders of magnitude.

Index Terms— Image Information Mining, Bayesian
Networks, Active Learning, Probabilistic Retrieval

1. INTRODUCTION

It is a fact that the proliferation of Earth Observation (EO)
data is exponentially growing every day. The only way to
exploit more efficiently the existing EO Big Data archives is
developing new systems, technics and concepts for Content
Based Image Retrieval (CBIR).

In CBIR search engines can be divided in three main cat-
egories: Query by Example (QE), Relevance Feedback (RF)
and Knowledge-driven Information Mining system (KIM).
QE engines take one image for the query and based in one
feature return a ranking of the database content. An example
of this type of engine is GeoIRIS [1]. RF systems allow
the user to refine their query by specifying over time a set
of relevant and a set of non-relevant images. A multimedia
application of this type of search engine is IKONA [2]. IIM
is composed by Interactive Learning (IL), which requires the
participation of the users, and probabilistic retrieval. The
Knowledge-driven Information Mining system (KIM) pre-
sented in [3], for example, supports user interaction via web
frontend to adaptively introduce application-specific inter-
ests. In KIM the user introduces semantic interpretation of
the content which was interactively linked with hierarchical
Bayesian networks to a completely unsupervised content-
index. Using the result of this stochastic link, the user can
query the database for relevant images and obtain a prob-
abilistic ranking of the entire image archive as an intuitive

information representation.
One of the strongest points in the use of probabilities is

the capacity to fuse features from different sources and in-
struments. However, the merging comes related with some
complexity problems that must be overcome.

In this paper we present a new implementation of KIM
system also based on feature fusion and Bayesian networks
for probabilistic retrieval. New theoretical and technical ap-
proaches have been implemented to overpass the scalability
limitations derived from previous KIM implementations.

2. SYSTEM OVERVIEW

The system is composed by interconnected independent mod-
ules. In Figure 1 the system Modules and their connections
are shown. The initial step of the offline part can take hours
but it can be view as real time considering the context of the
input stream of the EO products and their generation. The
system gets the EO product to be analyzed from the database.
In the next step different types of features can be extracted
at pixel level. These features are clustered automatically us-
ing k-means unsupervised clustering. The clustering results
are used for the calculation of a probability density function
(PDF) vector for every feature. The PDF is generated using
the histogram of the clustering classes occurrence inside the
image. This PDF is used as image identification signature fol-
lowing Bag of Words (BoW) principles [4]. At the end of the
offline processes the calculated BoW signatures are stored in
a database.

In the online part of the system the user interaction enters
in scene. This part is real time from the point of view of the
user. She/He expects a relatively fast response of the System
to her/his actions. The user can introduce positive and neg-
ative examples about the specific semantic he/she is looking
for and do a search by similarity matrix or probability of the
label in the archive.

3. SYSTEM DESCRIPTION

In this section a more detailed system review is presented, ex-
plaining the main functionalities and algorithms used in each
module.
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Fig. 1. System architecture is divided in online modules and
offline modules. The offline part begins with the EO prod-
uct extracting the features, clustering them and generating
the BoW for each image. This part ends with the storage
of the BoW in a database. The online part is composed by
Active Learning Module which is responsible for calculation
and update of image posterior probability; Probabilistic Re-
trieval Module, for the communication with the database and
the ranking of the results; and the user Interface which allows
the user interaction.

3.1. Feature Extraction Module

This module is responsible for the calculation of image anal-
ysis features required by the system to uniquely identify an
EO image. For the posterior assumptions that are going to be
taken into account for the probabilistic retrieval the features
extracted must be as statistically independent as possible. Be-
ing so, the parameters used are on the one hand spectral pa-
rameters, like multispectral features or Intensity values; and
on the other hand texture features, like Weber’s Law Descrip-
tor (WLD)[5]. Of course, the system is completely open to
the introduction of new feature descriptors.

3.2. Clustering and Bag of Words Module

Clustering and Bag of Words Module has as input the vec-
tors obtained from Feature Extraction Module. The length of
these vectors is fixed for the same feature and image type, but
variable among features and images. The clustering of the
features is based on the unsupervised clustering algorithm K-
means. The proposed clustering is base in a previous homoge-
neous sampling of the clustering results. After this sampling,
the clustering is done and the resulting centroids are used as
codebook of vector quantization processes that follow up over
every pixel. Once the quantization is done the system proceed
with the generation of the BoW, using every pixel class of the
image for the calculation of the probability density function.
In other words, a histogram of the image is built taking into
account the cluster class of every pixel for every feature used.
The PDF of each image is stored in a database at the end of
the offline part of the system.

3.3. Active Learning Module

The Active Learning Module exploits Bayesian networks ca-
pabilities to perform the learning. The learning uses the pos-

terior probabilities expressed as,

p(L|D) =
∑

i

p(L|ωi) · p(ωi|D) (1)

And applying Bayes’ formula as,

p(L|D) = p(L) ·
∑

i

p(ωi|L) · p(ωi|D)

p(ωi)
(2)

Being p(L) the prior probability of the semantic label L,
p(ωi|D) the probability of the classes in the data, p(ωi|L) the
probability of the classes in the label, which can be expressed
as the PDF of the classes updated with the user positive and
negative examples. Finally p(ωi) the prior of signal classes
ωi as,

p(ωi) =
∑

L

p(ωi|L) · p(L) (3)

Typically the use of only one feature is not enough to cor-
rectly characterize the user semantic L. For this reason the
fusion or merging of different features is needed. For linking
different features in statistics the assumption of full statisti-
cal independence must be taken into account. Using parame-
ters extracted from spectral analysis and from texture analysis
ensures this independence, allowing the union of features by
means of the multiplication of probabilities,

p(ωi|L) = p(ωspectral|L) · p(ωtexture|L) (4)

This statistical independence assumption is the one used
in [3], which has a polynomial calculation complexity. This
complexity makes the system unable to fuse more than 2 fea-
tures in a real time interactive application. In [6] we present
an extension of the statistical assumption over the posterior
probability calculations. This extension simplifies the calcu-
lation complexity of the posterior probabilities from polyno-
mial to linear, deriving in a calculation speed improvement up
to four orders of magnitude for the 4 model fusion case.

3.4. Probabilistic Retrieval Module

This module is the responsible for retrieving the information
from the database. To do this, different search approaches
have been implemented. The first approach is based on the
sum of posterior probabilities which are ranked in descending
order. The first rank positions correspond to the images in the
databases with higher probability to have the user requested
semantic label. The second approach relies on vector similar-
ity to rank the database images. The similarity measure in this
case is done by the comparison between the posterior proba-
bility PDF of the querying image and the PDF of classes of
the images in the database. In this way, instead of pure image
similarity among the classes PDFs, we are introducing the
user-specific semantic as a very strong factor that reshapes
query image class PDF powering up the classes related with
the requested semantic.
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Related with the ranking based in similarity matrix a
group of different distance metrics are implemented. The
use of a specific distance metric can be useful in the search
of certain user concepts, but could perform worse for oth-
ers. Some of the implemented distance metrics are: eu-
clidean, Kullback-Leibler, Kullback-Leibler symmetric vari-
ant, Jensen-Shannon, city-block, Minkowski and Chebychev.

For evaluation purposes, it is possible to choose the poste-
rior probabilities calculation processes just selecting the sta-
tistical independence assumption preferred by the user, fea-
ture or posterior statistical independence.

3.5. User Interface

The User Interface (UI), shown in Figure 2, is presented as QE
interface in which the user can load an image from a reposi-
tory. The first main canvas is used to represent the query im-
age example and the second one represents the posterior prob-
ability values of each pixel in the image, posterior probability
map in advance. The posterior probability map is a useful in-
teractive tool for the user to check the validity of the learning
process. In a common search procedure, the posterior proba-
bility map starts all in grey, representing the unknown state of
every pixel in the image due to the lack of positive or negative
examples.

With every provided example, the probability map is cal-
culated and updated. Thus, black pixels will represent low
probability and white ones high. Once the probability of a
pixel is over 0.9, the pixel is highlighted in red.

At any moment the user can perform a query to check
the retrieved results. By checking the results it is possible to
refine the learning process introducing, for instance, negative
examples over an image retrieved in the first positions, but
which does not agree with the semantic definition. As a direct
response of this negative example, the image will be penalized
in the next search appearing in a lower ranking position.

Of course during the learning retrieval process the user
can decide to try one of the different approaches presented in
3.4, and for the case of matrix similarity it is also possible to
try different distance metrics. Once the user agrees with the
semantic label definition, she/he can store in the database to
be reused it in the future.

4. EXPERIMENT OVERVIEW

For validating the system we have chosen Munich city EO
optical images from WorldView-2 and SAR images from
TerraSAR-X both with 1.25 meter resolution. The size of the
image is 200x200 pixel, and the total number of images is
500.

The evaluation of the system and algorithm performance
is done taking into account not only the time required for the
completion of a query, but also the quality of the query re-
sults. On the first case we compare the execution time of the

Fig. 2. System UI. The first main graphical canvas repre-
sents the query image example, the second one the posterior
probability values of each pixel. On the right a group of ran-
dom images from the database are shown. At the bottom the
query results and the parameter selection and search buttons
are shown.

system using the original KIM statistical assumption with the
execution time using the new posterior probability statistical
independence assumption.

For the second experiment we define a fix learning pro-
cess based in positive and negative examples over the same
pixels in the same images. The initial part shows the retrieval
efficiency of the vector similarity versus the posterior proba-
bility ranking methods after a few learning interactions look-
ing for the user concept river. The four model case is used
in the learning stage, combining multispectral features and
WLD texture descriptor from optical images and intensity and
WLD from SAR image. In the second part of this experiment
we evaluate the final query response showing the first ranked
images and the first artifact element with its position in the
rank using original statistical assumption and posterior prob-
ability independence assumption. In this case the user search
for railways.

5. RESULTS

The first experiment results are summarized in Table 1 where
the improvement of speed using vector similarity ranking per-
forms one or two orders of magnitude faster with the fea-
ture statistical independence assumption. Taking into account
the posterior probability statistical assumption, the achieved
speed up comparing to baseline KIM system is up to four or-
ders of magnitude faster for the 4 case model.

The initial part of the second experiment, Table 2, shows
the improvement of the query results with few user interac-
tions using the vector similarity method. It is clear that vector
similarity method gets better results. It shows in the initial po-
sitions target images meanwhile posterior probability method
still is not enough trained to get correct results.

In the last part of the second experiments the results show
how the use of posterior probability assumption does not in-
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Search Proc. 1 Model 2 Model 4 Model 

Feature 
Independence 

Posterior 
Probability 0.62s 6.39s 2354s 

Vector  
Similarity 0.045s 0.15s 43.5s 

Posterior 
Independence 

Posterior 
Probability 0.155s 0.196s 0.31s 

Vector  
Similarity 0.042s 0.126s 34.61s 

Table 1. System query performance time for different statisti-
cal assumptions, query ranking types and model number. First
row is used as threshold and corresponds to an emulation of
the original KIM implementation. The difference among the
performance in the case of four models using the new statisti-
cal assumption is four orders of magnitude better.

fluence negatively in the quality of the obtained results. More-
over, in some cases, like in the one show in experiment 2.2 of
the Table 2, the first artifact appears even later.

6. CONCLUSIONS

We have presented a new implementation of a KIM system.
As starting point and for comparison purposes we have im-
plemented original KIM methods. Based on them, we have
introduced new search methods and theoretical probabilis-
tic assumptions which outperform in speed the original ones.
The proposed probabilistic search based on the vector dis-
tance between posterior probability vector and images BoW
in the databases performs better in weakly defined labels, but
this search approach cannot replace completely the approach
based on total posterior probability because the later one gives
the users the possibility to get the images with more percent-
age of the label they are looking for. Also we demonstrated
a great speed up of the original KIM system with the intro-
duction of posterior probability statistical independence as-
sumption, which after initial tests does not seem to introduce
biases in the learning processes. Moreover, for some cases it
seems to perform even better if we check the position of the
first artifact in the ranking.

As future work, a more intensive evaluation of the ob-
tained results are planned. The introduction of more features
for the user-specific semantic definition is also planned. The-
oretically, the use of more features will improve the quality
and the robustness of the label definition. In long term the in-
troduction and fusion of data features from other type of im-
ages (Optical, Multispectral, Multitemporal, GIS) is planned.
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Table 2. System query results. First experiment shows a bet-
ter performance of vector similarity based search approach
in a initial learning stages. The second experiment shows
how the simplification of the calculation processes in order
to speed up the search process is not being affected with the
use of posterior probability assumption. Moreover, for some
cases the query results are even better.
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ABSTRACT 

During the last decade, several optical and SAR sensors 
operated on board of satellites showing a variety of 
properties in terms of spatial, spectral, and temporal 
resolutions. Thus, millions of Earth Observation (EO) scenes 
are collected in very large EO data archives. Analyzing, 
mining and retrieving useful information from them is a big 
challenge. EO data archives grow rapidly motivating the 
need of efficient and effective processing and analysis tools. 
In this context, this paper presents the activities developed in 
the framework of the ESA Long Term Data Preservation 
(LTDP) - Product Feature Extraction and Analysis project. 
This project aims to efficiently exploit the above-mentioned 
huge amount of data by defining: i) feature extraction 
methods for populating an EO database with a set of 
effective features computed on different kinds of remote 
sensing data (i.e., SAR, optical and time series of them), and 
ii) data analysis methods for extracting the semantic from 
the features in the context of different scenarios and 
applications. 
 

Index Terms— information mining, remote sensing 
image retrieval, large remote sensing data archives.  
 

1. INTRODUCTION 
 

Nowadays, many satellites with optical and SAR sensors on-
board have been launched due to increased user demand. 
The developments of satellite technology has increased the 
variety, amount, and resolution (spatial, spectral, and 
temporal) of Earth Observation (EO) data. Accordingly, 
millions of single-date as well as time-series of EO scenes 
have been acquired, resulting in very large EO data archives 
from which analyzing, mining and retrieving useful 
information is becoming very challenging [1]. EO data 
collections growing at a rapid rate motivates the need for 
efficient of effective tools to process and analyze the data. 
This situation will be further enriched when the new Sentinel 
missions will be launched and operated by ESA. In order to 
efficiently exploit the already available huge amount of EO 

data and those that will be available with the Sentinel 
satellites, the Product Feature Extraction and Analysis 
(PFA) project aims at implementing two main parts: i) a 
feature extraction part that aims to effectively derive sets of 
features from different kinds of EO data, i.e., SAR, optical 
and also time series of SAR and optical images, and ii) a 
scenarios part that aims to analyze the features obtained in 
the first part in the framework of specific information 
extraction scenarios. Then, usefulness of scenarios will be 
demonstrated through “real-life” applications. The project is 
at the time of writing of this paper still in progress. 

The high spatial and temporal resolution of images 
acquired by the new generation of satellite sensors (e.g., 
future Sentinel 1 and 2 missions for high spatial resolution 
SAR and optical images, respectively; and future Sentinel 3 
mission for high temporal resolution images) require robust 
feature extractors that can emphasize the high information 
content of images. In the project we focus the attention on 
the implementation of feature extractors that can be effective 
on a large amount of EO data and on several kinds of EO 
data. These features extractors include: i) features capable to 
effectively model the spatial/geometrical information in a 
large variety of EO image data (e.g. SAR and optical high 
resolution images) such as attribute filters (which contain as 
special case morphological filters) [2], attribute 
morphological profiles, scale invariant feature transform [3], 
etc. ii) features that capture the multitemporal nature of 
satellite data such as the backscattering temporal variability 
and long-term coherence for SAR time series, the Fourier 
descriptors for optical and SAR time-series [4], etc. iii) 
features that model the multiscale nature of spatial 
information in EO data such as stationary and non-stationary 
discrete Wavelet transform and Gabor filters. These methods 
can be applied to both SAR and optical images, as well as to 
model the multiscale time variability of temporal signatures 
in time-series. Extracted features are employed in three main 
scenarios: i) content based image retrieval; ii) content based 
time-series retrieval; and iii) unsupervised classification with 
kernel methods. The first and second scenarios are devoted 
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Figure 1: Flowchart of the content based image retrieval scenario (first scenario). 
 

to fast and effective content based image retrieval on single 
images and image time-series, respectively. To this end a 
query data should be defined, which can be an EO image, 
parameter value for a specific geo/bio-physical variable, , 
the temporal-trend of a time series or an example of step-
change in bitemporal images. Once the query is fixed, 
efficient approaches are required to retrieve from large EO 
data archives images (or time series) that match the query. 
Here active-learning-based methods [5] are considered in the 
context of relevance feedback [5, 6] for both scenarios in 
order to efficiently exploit interaction with the user. The 
classification stage of the content based retrieval is based on 
machine learning classifiers, such as Support Vector 
Machine (SVM) classifier, which are widely recognized as 
effective [7]. Third scenario aims to search for the similar 
images to the query image without using any prior 
information on the archive. Here, the most promising 
unsupervised classification techniques, i.e., kernel based 
methods, are considered. In particular, the kernel k-means 
[8] is used. This is due to the fact that i) it provides much 
more accurate clustering results compared to standard 
techniques (e.g., k-means); ii) it is distribution free (and thus 
can be applied to any kind of feature and thus of EO data, 
i.e., optical, SAR, and time series of SAR and optical data); 
and iii) it shows superior performance when data classes 
have a non-linearly separable structure (as in many remote 
sensing problems).  

In the project special emphasis is devoted to: 1) give 
priority (when possible) to the development of data 
independent methodologies within the above-mentioned 
scenarios (i.e., methodologies that can be suitable for SAR 
and optical images, and time series of SAR and optical 

images); and 2) develop a coherent data processing 
framework where the methodologies being implemented for 
the individual scenarios can be exploited for the other 
considered scenarios. The effectiveness of scenarios will be 
demonstrated through three applications: 1) retrieval of 
multispectral images containing algal bloom; 2) retrieval of 
SAR images containing different types of urban areas; and 
3) retrieval of pairs of multispectral images in the archive 
that show the same kind of step changes associated with 
burned areas in the forest. The remaining part of this paper 
is organized as follows. Section II introduces the considered 
scenarios. Section III illustrates the experimental results 
obtained to evaluate the effectiveness of the data analysis 
methods considered in the project. Finally, Section IV draws 
the conclusion. 
 

2. ANALYSIS OF CONSIDERED SCENARIOS  
 

This section is devoted to introduce the three scenarios 
being implemented in the project. Let us consider an archive 

ϒ  made up of remote sensing images { }1 2, ,..., Rx x x  

acquired from a specific remote sensing mission (either 
optical or SAR images can belong to the archive), where R is 

the number of images in the archive. ix  is the i-th image 

defined as { }1 2, ,..., L
i i ix x x , 1,...,i R= , where l

ix , 1,...,l L=  

is the l-th feature computed at the feature extraction step. 
The primitive features can be computed on a pixel basis or 
based on segments. Usefulness of segmentation depends on 
the considered application. The archive ϒ  can be 

considered as a set of single images. A time series ix  is 
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Figure 2: Flowchart of the content based time-series retrieval scenario (second scenario). 
 

defined as 1 2{ , ,..., }L
i i ix x x  where l

ix  can be one between the 
l
ix  single date features or a specific time series feature.  

Within such an archive content based retrieval can be 
performed on both on single images and time series. The 
three scenarios are introduced in the following.  
A. Content Based Image Retrieval 
The first scenario is devoted to search and retrieve images 
that are similar to the query image from the archive ϒ . 
Figure 1 shows a flowchart of the first scenario. A query 

{ }1 2, ,..., L
q q q qx x x=x  is selected from the archive ϒ  

according to the end-user needs. In order to initialize the 
retrieval process an initial set X  of relevant and irrelevant 
images (with respect to the query one) should be 
constructed. The user can select these images either 
randomly or using a similarity measure. In the latter case, the 
similarity between the query image and images 

{ }1 2, ,..., , 1,..., ,   L
r r r rx x x r R r q= = ≠x  in the archive is 

estimated by a certain metric. Then, a small number of 
images from the archive that have the highest similarity and 
highest dissimilarity to the query image is selected as an 
initial set X  of relevant and irrelevant images, respectively. 
Accordingly, image retrieval is modeled as a two-class 
classification problem: one class includes relevant images, 
and the other one consists of the irrelevant images. The set 
of labels of relevant and irrelevant images is indicated with 
Y . After obtaining the initial set X , relevance feedback 
(RF) procedure driven by Active Learning (AL) is 
performed. AL iteratively expands the number of annotated 
images by selecting the most informative images from the 
data archive for annotation [5]. The main goal of AL is to 

identify the images in the archive that, when annotated in an 
interactive way, can optimize the search in the archive. At 
the convergence of RF, a set 

{ }1 2, ,..., , ,U U Rδ δ= << ⊂ ϒx x x  of the most relevant 

images from the archive ϒ  is selected [5]. It is worth 
that in the remote sensing community, AL has gained a 
significant interest for the EO data classification in the last 
years. However, its application to content based EO image 
retrieval has been only explored within very few 
works [6]. In this project, we use the state of the art AL 
method recently presented in [5] in the context of binary 
SVM classification. 
B. Content Based Time-Series Retrieval 
The second scenario is devoted to search and retrieve time 
series which are similar to the query time series from the 
archive ϒ . The huge amount of time-series data in an 
archive makes automatic content based time-series retrieval 
greatly important and challenging for various kinds of 
applications. In the context of remote sensing, content-based 
time-series retrieval can be associated with the capability to 
extract: 1) time series that model similar temporal signatures 
(i.e., trends) as that of a time series used for the query; 2) 
pairs of images in the archive that show the same kind of 
change modeled in the pair used in the query (e.g., changes 
associated with burned areas in the forest). Figure 2 shows a 
block scheme of the second scenario. Initially, a query 

{ }1 2, ,..., L
q q q qx x x=x  is chosen from the archive ϒ  according 

to the end-user needs. Then, an initial set X  of relevant and 
irrelevant time series (regarding to the query one) is defined 
similarly to the first scenario. Accordingly, retrieving time-
series is also modeled as a two-class classification problem: 
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one class includes relevant time-series, and the other one 
consists of the irrelevant time-series. The set of labels 
related to relevant and irrelevant time series is indicated with 

Y . After defining the initial set X , RF procedure driven by 
AL is performed. At the convergence of RF, a set of 

{ }1 2, ,..., , ,u u Gδ δ= << ⊂ ϒx x x  the most relevant time-

series from the archive is selected. It is worth noting that 
content-based time series retrieval increases the conceptual 
complexity with respect to the content based image 
This depends on both the complexity of 
visualizing/identifying the information in long time series 
images and the increased complexity associated with their 
data structure. In the project, we plan to adapt and exploit 
the RF driven by AL method recently presented in the 
context of SVM classifier in [5] to content based time-
retrieval problems. 
C. Unsupervised Classification with Kernel Methods 
The third scenario is devoted to retrieve the images from the 

archive ϒ  that are similar to the query image qx  using an 

unsupervised classification method, and thus exploiting no 
prior information on the archive. Figure 3 shows a flowchart 
of the third scenario. Initially an unsupervised classification 
method is applied to all the images in the archive ϒ . Then, 
the closest cluster to the query image is found. The closest 
cluster can be found by estimating the distances between 

each cluster center and the query image qx  in the feature 

space. Then, the set of images located in the closest cluster 

to the query image qx  is selected as relevant. It is worth 

noting that if the query image qx  is already included in the 

archive, due to applying clustering to all the images in the 
archive, the set of images assigned to the same cluster with 

the query image qx  is directly selected as relevant images. 

In the project, we implement this scenario by using the most 
promising unsupervised kernel based clustering technique, 
i.e., kernel k-means. 
 

3. EXPERIMENTAL RESULTS 
 

In this section we present initial experimental results 
obtained to assess the effectiveness of data analysis methods 
developed in the project. To this end, for space constraints 
and taking into account the current stage of the project, as a 
test case we have considered the first scenario, i.e., content-
based image retrieval (CBIR). Accordingly, we have applied 
the RF driven by AL method to two different retrieval 
applications: 1) retrieval of SAR images that include urban 
areas from the archive (i.e. the query image contains an 
urban area); and 2) retrieval of multispectral images that 
contain algal bloom from the archive (i.e., the query image 
includes an area showing algal bloom). In our system we 
considered the AL method presented in [5] defined in the 
context of binary SVM classification.  
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Figure 3: Flowchart of the unsupervised classification by kernel 

methods scenario (third scenario) 
 

In the case of first application, the experiments at this stage 
of the project were conducted on an archive that consists of 
18080 SAR images with and without urban areas. The 
features considered for representing each SAR image are the 
speckle divergence sample percent over a threshold value 
and the size of the largest cluster after region growing [8]. 
According to [9] the threshold value is selected as 0.4. This 
is due to the fact that a speckle divergence higher than 0.4 is 
an indicator of the presence of an urban areas. The largest 
connected cluster was calculated using region growing to 
determine the largest area within the image of connected 
pixels with values greater than 0.4. Using the SAR archive, 
we tested two different retrieval problems: 1) retrieval of 
images including an urban area from all images in the 
archive; and 2) retrieval of images including low density 
urban areas from all the archives. The different retrieval 
goals were modeled by the choice of appropriate images 
included the initial query set. In the first problem, we 
selected 5 images that contain urban areas to represent the 
relevant class, whereas 6 images that do not contain any 
urban area were selected to represent the irrelevant class. In 
the second problem, we selected 5 images that contain low 
density urban areas to represent the relevant class, whereas 6 
images that contain either high density urban areas or non-
urban areas were selected to represent the irrelevant class 
(see Figure 4). For both retrieval problems, the retrieval 
accuracy was assessed on the first 50 retrieved images. From 
the results on the first retrieval problem, we obtained 100% 
accuracy, which shows that the used features are very 
effective to model urban areas. Since the accuracy is already 
100%, RF driven AL is not applied in this case. 
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(a) 

   
(b) 

   
(c) 

Figure 4: Urban area retrieval in SAR images: a) query image 
containing low density urban area; b) relevant images; and c) 
irrelevant images. 
 
However, from the results of the second retrieval problem 
we observed that applying SVM classification only (i.e., 
without any AL iteration) the retrieval accuracy on the first 
retrieved 50 images is 30%. Then, AL is applied by adding 
10 images to the training set at each iteration. We performed 
two AL iterations. After the first and second iterations of AL 
(where the number of training samples is 22 and 33, 
respectively) the retrieval accuracies were 72% and 82%, 
respectively. Note that similar behavior is obtained in the 
case of considering different query images from low density 
urban areas in the archive. Figure 5 shows the 5th, 20th and 
39th retrieved images in the ranking when using both only 
the SVM and the SVM with two AL iterations. From the 
results, one can see that even if the retrieved 3 images are 
irrelevant to the query image in the case of neglecting AL 
(see Figure 5.a), all of them are found relevant after the 
second AL iteration (see Figure 5.c). This results show that 
even if the features from the SAR images have incomplete 
capability in representing the problem of high density urban 
and low density urban discrimination, the considered RF 
approach driven by AL is able to provide good retrieval 
performance by adequately taking user’s feedback into 
account.  

In the case of the second application, the experiments 
were conducted on an archive that consists of 534 
multispectral MERIS images with and without algal bloom. 
The features used to represent each images are the mean and 
the skewness of fluorescence line height and the maximum 
values of the chlorophyll index. To initialize the retrieval 
process, we selected a query image that contains algal bloom 

   
(a) 

   
(c) 

   
(c) 

Figure 5: The 5th, the 20th and the 39th retrieved SAR images a) 
by applying SVM only (without AL), after (b) the first and c) the 
second AL iterations. 
 
(see Figure 6.a). Then 5 images with algal bloom were 
chosen to define the relevant class, and 6 images without 
algal bloom were selected to define the irrelevant class. 
Figure 6.b and Figure 6.c show three of the selected images 
to represent relevant and irrelevant class, respectively. After 
defining the initial query images (training set for the SVM), 
SVM is trained and the most relevant images are retrieved. 
Due to the small number of images with algal bloom in the 
archive, we estimated the retrieval accuracy on the first 10 
retrieved images. The accuracy obtained in the case of using 
only 12 images in the training set was equal to 50%. Figure 
7.a shows the 1st, the 4th and the 8th retrieved images in the 
ranking. In this case, even if the first retrieved image is 
relevant to the query image (i.e., images containing algal 
bloom), the 4th and 8th retrieved images are irrelevant. In 
order to improve the retrieval performance we applied RF 
driven by AL with few iterations only. After the first 
iteration the retrieval accuracy was 60%, whereas it was 
80% after the third iteration. Figures 7 b-c show the 1st, the 
4th and the 8th retrieved images after the first and third AL 
iterations, respectively. The first retrieved image of each 
case is a relevant image (image with algal bloom), whereas 
the 4th retrieved image is relevant only after the 3rd AL 
iteration. Moreover, the 8th retrieved image of each case 
except that obtained without AL are images with algal 
blooms. Due to AL, using only 42 labeled images in the 
training, the considered CBIR system is able to reach a 
satisfactory accuracy of 80%. These results show the 
robustness of the considered CBIR system to the low-level 
features that have limited capability in representing the 
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image semantic content in this kind of very difficult 
problem. Note that similar behavior is obtained in the case 
of considering different query images selected from the 
archive. From all the results obtained at this stage, we can 
observe that the proposed system is promising as it provides 
accurate retrieval accuracy. 
 

4. CONCLUSION 
 

This paper introduces the activities that have been developed 
in the framework of the ESA Long Term Data Preservation 
(LTDP) - Product Feature Extraction and Analysis project. 
This project, which is at a mid-stage of development, 
addresses emerging methods and tools for data product 
features and information extraction in the context of context 
based image/time-series retrieval in EO data archives. 
Furthermore, it aims at elaborating and implementing a 
number of EO data exploitation scenarios whose usefulness 
is demonstrated by means of “real-life” applications:1) 
retrieval of multispectral images with algal bloom; 2) 
retrieval of SAR images containing urban areas; and 3) 
retrieval of pairs of images in the archive that show the same 
kind of change associated with burned areas in the forest. 
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Figure 6: Algal bloom retrieval in multispectral images: a) query 
image; b) relevant images; and c) irrelevant images. 
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(c) 

Figure 7: The 1st, the 4th and the 8th retrieved images, 
respectively, obtained a) by applying SVM only (without AL), b) 
after the first AL iteration, c) after the third AL iteration. 
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ABSTRACT
Dimensionality reduction for visualization is widely used in
visual data mining where the data is represented by high di-
mensional features. However, this leads to have an unbal-
anced and occluded distribution of visual data in display space
giving rise to difficulties in browsing images. In this paper, we
propose an approach to the visualization of images in a 3D
display space in such a way that: (1) images are not occluded
and the provided space is used efficiently; (2) similar images
are positioned close together. An immersive virtual environ-
ment is employed as a 3D display space. Experiments are
performed on an optical image dataset represented by color
features. A library of dimensionality reduction is employed
to reduce the dimensionality to 3D. The results confirm that
the proposed technique can be used in immersive visual data
mining for exploring and browsing large-scale datasets.

Index Terms— Immersive data mining, visualization, en-
tropy, image layout, dimension reduction

1. INTRODUCTION

Browsing and visualizing image collections is a key part in
Visual Data Mining (VDM) systems. In such systems, the
content of each image (e.g., color, texture, shape) is repre-
sented by a high-dimensional feature point [1, 2]. Further-
more, the similarity relationship between images is measured
on the basis of the distance between feature points. In VDM,
a query image might be loaded into the system and the result-
ing similar images are visualized as thumbnails in a 2D or 3D
display space. For visualization dimensionality reduction is
widely used to determine the position of images [3, 4]. How-
ever, the images are mostly occluded and much of the display
space is not used. Therefore, it is essential to arrange the im-
ages in the display space in such a way that: 1) the similar
images are positioned close together; 2) the display space is
used as efficiently as possible by uniformly distributing the
images.

The related work in the area of visualization of images is
mainly well suited for 2D display space, where the positions
of images are determined by minimizing a cost function that

measures the overlap between images [5, 6, 7].
In this paper, we propose a technique of arranging image

collections in an immersive 3D virtual environment for the
task of image retrieval. More specifically, we arrange the im-
ages in a 3D space so that similar images are near to each
other with an acceptable distance from one another so that
there is no overlap between images. In this visualization, the
user can watch the images without having the problem of clut-
tered images.

The contribution of the paper is as follows: Section 2 de-
scribes our proposed methodology for the visualization of im-
age collections. This section is organized in two parts. In
the first part, we provide the information about immersive vi-
sualization system and in the second part we formulate the
problem of arranging image collections in 3D display space.
Finally, Section 3 presents the experiments and results.

2. METHOD

2.1. Image positioning

Let us assume that the initial positions of a set of images {Ii}
are represented by three dimensional points Xi, where i =
1..N , and N states the number of images. The goal is to
find the optimal position of each image, Yi. For each image,
i, we define asymmetric probabilities, Pij and Qij , from the
initial and optimal positions of images respectively, showing
the probability that i is a neighbor of j.

Pij =
exp(∥xi − xj∥2

)∑
i̸=k exp(∥xi − xk∥2

)
(1)

Qij =
exp(∥yi − yj∥2

)∑
i ̸=k exp(∥yi − yk∥2

)
(2)

The sum of Kullback-Leibler divergences between distri-
butions Pij and Qij for each point gives us the dissimilarity
of these two distributions:

Cdis =
∑

i

∑

j

Pij log
Pij

Qij
(3)
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We assume that each image occupies a sphere with ra-
dius r = max{w, h}, where w and h represent the width
and height of each image, respectively and the layout of 3D
display space is a sphere with radius R. For each image, we

define a Gaussian, Gi, with µ = Yi and σ = r
√

R3

N∗r3 . Then
the Gaussian of all optimal image positions can be combined
to define a Gaussian mixture. More specifically,

P (Y ) =

N∑

i=1

Gi(Y ;Yi, σ) (4)

In order to have less overlap between images, we need to
increase the entropy of P (Y ). Therefore, we use quadratic
Renyi entropy due to the fact that it can be simply estimated
for a Gaussian mixture model by:

H = − log

∫
P (Y )2dy = − log{ 1

N2

N∑

i=1

N∑

j=1

Gi(Yj ;Yi, σ)}

(5)
Obviously, to increase the entropy, H , we should decrease
−H . Now we have two cost functions such that their combi-
nation leads to a single cost function controlled by the param-
eter λ. This parameter controls the trade-off between preserv-
ing image similarity and uniform positioning of images in the
3D display space. Therefore, the total cost function is defined
by

Ctot = (1 − λ)Cdis − λH (6)

The minimization of Ctot gives rise to an optimal po-
sitioning of images. Practically, this minimization can be
solved by the gradient descent method, where the gradient
of Cdis, and H are

δCdis

δYi
= 2

N∑

j=1

(Yi − Yj)(Pij − Qij + Pji − Qji) (7)

and

δH

δYi
=

1

2σα

N∑

j=1

{Gj(Yi; Yj , 2σ) ∗ (Yi − Yj)} (8)

where

α =
N∑

i=1

N∑

j=1

Gj(Yi; Yj , 2σ) (9)

2.2. Immersive visualization

In order to have 3D visualization of image collections, we
employ immersive virtual environment playing the role of 3D
display interface. This interface is composed of a CAVE Au-
tomated Virtual Environment (CAVE) as display space and

a cluster of PCs which work together to render and control
the scene. The CAVE consists of four room-sized walls as
display surfaces, mounted on top of which there are optical
cameras for tracking the user. There are also projectors be-
hind the walls projecting the scene on the walls. A schematic
of CAVE is depicted in Fig. 1.

Fig. 1. Immersive virtual environment for 3D visualization of
image collections. The user goes inside the CAVE and can
get insight into data and navigate to explore and browse the
images.

3. EXPERIMENTAL RESULTS

An experiment was performed on a dataset of optical images
composing of 1500 images. These images are categorized
into 15 groups so that each group contains 100 images. We
use a bag-of-words model of the color-histograms [2] as a fea-
ture vector of length 200 to represent each image. For visual-
ization we employed both linear and nonlinear dimensionality
reduction techniques. Multidimensional Scaling (MDS)[8]
and Principal Component Analysis (PCA)[9] are employed
as linear techniques and Laplacian Eigenmaps (LE) [3] and
Locally Linear Embedding (LLE) [10] are used as nonlinear
ones to reduce the dimensionality of features from 200 to 3.
We also applied our visualization algorithm to the output of
the employed dimensionality reduction techniques to arrange
images and the results are shown in Fig 2.
By comparing the visualization results we see that the pro-
posed method arranges the images with an acceptable dis-
tance from each other so that there is less overlap between
images and also images are not cluttered. Meanwhile, the
similarity of images is almost preserved. In conclusion, the
proposed algorithm for arranging the images is a trade-off be-
tween preserving image similarity and the efficient use of dis-
play space which is controlled by a parameter.

4. CONCLUSION

In this paper we have proposed an algorithm to position an im-
age collection in 3D space such that similar images are close
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together and also the display space is used as much as possi-
ble. To this end a cost function is defined that measures the
dissimilarity of images and also the entropy of image posi-
tions. We have shown that the minimization of this cost func-
tion leads to a non-occluded images visualization to make it
easier to the user to understand the structure of data. Several
examples confirm the effectiveness of proposed methods for
the visualization of optical image collection.
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(a) MDS (a′) Optimal positioning using MDS

(b) PCA (b′) Optimal positioning using PCA

(c) LE (c′) Optimal positioning using LE

(d) LLE (d′) Optimal positioning using LLE

Fig. 2. Visualization of optical image dataset. The left column depicts the visualization utilizing MDS, PCA, LE, and LLE.
The right column depicts the visualization utilizing the proposed method. In (a′)-(d′), the initial position of images come from
PCA , MDS, LE, and LLE respectively.
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ABSTRACT

This paper presents an application of visual data mining
technique to Earth-Observation images for exploring very
large image archives. We present a visual data mining
workstation solution and create some use cases in order to
demonstrate its functionality. This tool allows interactive
exploration and analysis of very large, high complexity,
and non-visual data sets stored into a database by using
human-machine communication. The tool relies on image
processing components that transform the image content to
primitive feature vectors and a graphical user interface, which
allows the exploration of the entire image archive. The use
cases are based on Synthetic Aperture Radar images, digital
orthophotos and photos in-situ.

Index Terms— data mining, visualization techniques,
large image archive, exploration tools

1. INTRODUCTION

The continuous acquisition of Earth-Observation (EO) satellites
provides a huge amount of data, which have created a
demand for big data technologies. Data Mining (DM) is the
technique used for finding patterns of interest in very large
repositories. Along the years, many solutions and concepts
have been developed as for example Content-based Image
Retrieval (CBIR), which queries the image archive using the
image content by itself, Image Information Mining (IIM),
whose main steps are feature extraction, data reductions, and
labelling of the image content. Both techniques allow to rank,
discover, classify and annotate the image content. However,
the exploration of the entire image archive is still limited.

Data visualization and visual data exploration play an
important role in the data mining process. Visualization can
certainly be explored in this novel context, in addition to
the more traditional visual data exploration the term visual
data mining can describe applications of visualization in both
contexts [1] (visualization and data mining). The solution
proposed is to have a visual navigation tool for allowing
the exploration and exploitation of the entire image archive,
this tool should be able to project the content of the image
database based on the primitive feature space. In this context,

an application of visual data mining to visualize geospatial
data was presented in [2]. Here, it highlighted the importance
of integration of interactive geospatial data visualization with
statistical data mining algorithms. A 3D visualization and
interactive exploration of large relational data sets through
the integration of several multidimensional data visualization
techniques and for the purpose of visual data mining and
exploratory data analysis was presented in [3]. Here, the
experiments were done using more than a million records
in a relational database. Recently, as an advanced example
of visual data mining system implementation, the system
called Immersive Information Mining was introduced in
[4]. This system uses virtual reality and is based on visual
analytic approach that enables knowledge discovery from EO
archives. In this paper, we present an application of Visual
Data Mining (VDM) technique to Earth-Observation images.
We developed a VDM workstation solution and created some
use cases in order to demonstrate its functionality.

2. CONCEPT AND FUNCTIONALITIES OF VDM

Visual data mining tool is able to interactively visualize high
dimensional feature spaces of large image repositories. It
provides to the end-user an intuitive tool for Data Mining
by presenting a graphical interface, where the selection of
different images and/or image content in 2D or 3D space
is achieved through visualization techniques, data reduction
methods, and similarity metrics in order to group and show
the images. Fig. 1 depicts the basic scheme of the tool.
This is composed of two parts: the image processing and the
visual data mining process. During the image processing,
which is performed off-line (cf. upper-part of Fig. 1), the
Earth-observation images are cut in several patches and
for each patch a high resolution quicklook is generated.
In the next step, for each patch the primitive features are
extracted. The primitive feature extractor of the tool relies
on several methods as for example Gabor filter [5], Weber
Local Descriptor (WLD) [6]. The generated information
is stored into the relational database. The lower-part of
Fig. 1 shows the main processes of visual data mining.
These processes are: 1) retrieve and load the image patches
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Fig. 1. Schema of visual data mining tool

together with their primitive features from the database. 2)
Dimensionality reduction of the feature space. Depending
on the feature extraction method the feature vector can have
n-dimensions. Dimensionality reduction algorithms deal with
converting the n-dimension feature vector into a vector of
much lower dimensionality (i.e. 3 dimensions) such that each
dimension conveys much more information. For instance in
our experiments, the Gabor feature vector with 48 dimensions
is converted into vector of 3 dimensions by applying a
Principal Component Analysis (PCA). 3) Clustering of the
image archive in order to present the patches in well-defined
groups. 4.) Scaling the projection for presenting the entire
database. 5) Final projection and displaying of the whole
image database.

In the following, the main functions oriented to the
end-user are presented:

1. 3D visualization of the image database content by the
projection of the image patches and navigation of the
entire database in a 3D space. Visual data mining relies
on powerful Human-Machine Interfaces (HMI) with
functionalities such as browsing, querying, zooming
in, zooming out, grouping of patches using a sphere
selection, etc.; thus, the end-user is able to exploit the
image database content.

2. Semantic annotation of the image patches. The content
of the patches can be better described by semantic
labels helping the end-user to understand the image
content. The end-user chooses some patches using a
sphere selection and he will be able to provide semantic
labels to the selected set. The end-user can save
information about these image patches in an annotation
file, entering required data in a dialogue box which will
be displayed on the screen. The end-user can either
select an existing label or create a new label.

3. Geographical projection of the selected patches. The
end-user will choose some image patches using a
sphere selection and export them to the Google Earth.
It can be observed that the patches have geographical
and semantic information associated with their content.

3. USE CASES AND DEMONSTRATION

In the following, we present three use cases. The first one
uses Synthetic Aperture Radar (SAR) images, specifically
TerraSAR-X images. In addition, we select digital orthophotos
(UC Merced Land Use) for the second use case and finally
photo-in situ (LUCAS Land Use Land Cover) dataset for the
last use case.

3.1. UC Merced Land Use Dataset

3.1.1. Description of the dataset

This is a set of 2100 images manually extracted from large
images from the USGS National Map Urban Area Imagery
collection for various urban areas around the USA country
[7]. This data set is available for research purposes. Each
image has 256×256 pixel size with a resolution of 30 cm.
The images are categorized into 21 land use classes. There
are 100 images for each category. We prepared the UC
Merced Land Use dataset in order to perform a comparison
between the displaying of the data using dimensionality
reduction and without dimensionality reduction. We used
Gabor filter as feature extraction method giving a feature
vector of 48 dimensions and principal component analysis for
dimensionality reduction.

3.1.2. Demonstration

We performed two experiments: 1) load the image collection
and apply PCA dimensionality reduction algorithm in order
to have only 3 dimensions for each feature vector and 2)
load the image collection without dimensionality reduction.
Here 3 features were randomly selected by the end-user. The
left-side of Fig. 2 shows the patches without dimensionality
reduction while the right-side of Fig. 2 shows the patches
of UC-Merced loaded using dimensionality reduction. Here,
it is easy to observe that the distribution of the patches is
more spread out on the projection space, when dimensionality
reduction is used (see Fig. 2(b)). Without using dimensionality
reduction, the patches are grouped into 5 blocks along the
projection space (see Fig. 2(a)).

Since the patches are better distributed in the case of
dimensionality reduction, the selection of a group of them
with the same semantic content is more probable to be
achieved. An example is shown in Fig. 2, here the patches
on the Fig. 2(d) all belong to the semantic category mobile
home park, while the patches on the Fig. 2(c) belongs to the
categories harbor and mobile home park.

3.2. TerraSAR-X catalogue

3.2.1. Description of the dataset

The image database is composed of 100 TerraSAR-X L1b
products taken over several cities around the world. The
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(a) (b)

(c) (d)

Fig. 2. Demonstration of some functionalities of
visual data mining using UC Merced images (left)
without dimensionality reduction (right) with dimensionality
reduction techniques. (a-b) Loading and rotation of the
database content using the tool. (c-d) Sphere selection of a
group of patches

characteristics of the TerraSAR-X dataset are: Multi-look
Ground range Detected (MGD) products, radiometrically
enhanced (RE), in High Resolution Spotlight mode with
resolution of about 2.9 meters. The average image size
of 5000×9000 pixels with about 1000 patches per image
after tiling with a patch size of 160 ×160 pixels. The feature
extraction was performed using Gabor filters. After the image
processing, the database contains around 100000 patches
associated with primitive feature vector of 48 dimensions.

3.2.2. Demonstration

Fig. 3 shows the patches loaded into VDM tool. Here we
can observe that most of the patches are grouped into one
big cluster. The patches containing water bodies or natural
scenes, which have darker colors, are grouped around the
center of the projection while the patches containing urban
area are spread on the corners.

In Fig. 4 we selected a group of patches to be exported to
Google Earth. In this case, we exported the patches to Google
Earth to validate their content versus the terrain and to verify
the geographical location. The information of the patches
within the sphere is presented in a dialogue box (cf. Fig.
4(a)). Here, the end-user can verify the patch selection and
remove a patch which are not of his interest. Fig. 4(b) shows
the overlapped patches on Google Earth. The selection of the
patches can be also used for annotating the image content.

Fig. 3. Presentation of TerraSAR-X image catalogue using
visual data mining tool

(a) (b)

Fig. 4. Demonstration of some functionalities of visual data
mining. (a) Sphere selection of a group of patches. (b)
TerraSAR-X patches overlapped on Google Earth

3.3. LUCAS: Land Use/Land cover area survey

3.3.1. Description of the dataset

LUCAS stands for Land Use and Cover Area frame Survey.
LUCAS is an in-situ survey area of the European Union [8].
The data were gathered through direct observations by the
surveyors on the ground. They visited precise geographical
spots and record the information by taking photographs to the
north, east, south and west. We selected the LUCAS dataset
corresponding to Germany, which consist of about 93.000
photos in-situ. The size of each photo is 1600×1200 pixels.
We used the WLD algorithm as feature extraction method
giving as result a feature vector of 432 dimensions.

3.3.2. Demonstration

Here, the end-user selected 3 primitive features from the
feature vector in order to test how the patches are grouped
according to the features. Fig. 5 shows LUCAS images
grouped according to the selected primitive features and
projected in a 3D space using VDM tool. It can be seen
that most all the patches are well distributed on the axes;
however; some patches are apart from the main central
cluster; consequently, it could show that their content differs
to the rest. From this starting point, the end-user can navigate,
rotate and move the patches according to his interest. Fig.
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Fig. 5. Projection of LUCAS survey photos using visual data
mining tool

6(a) presents an example of rotation of the axis for better
adapting the visualization of the patches. Here, it is worth
to see how the entire image archive is displayed around
the central point of the projection, helping the end-user to
find quickly several patches with content of interest. The
zooming-in function shows in detail the content of the patch.
This function might help the end-user to validate and annotate
the patch content. Fig. 6(b) shows a zooming in the content
of the patches. Here, it can be observed several patches
containing forest, corn fields, houses, etc.

(a) (b)

Fig. 6. Demonstration of some functionalities of visual data
mining using LUCAS images. (a) Rotation of the axis for
better visualization. (b) Zoom in into the image content.

The selection of several patches for annotation purposes
or for geographical projection is done by changing the
mode and moving the blue sphere over the patches as was
previously shown using TerraSAR-X images. The information
of the patches within the sphere is presented in a dialogue box,
and later this information can be saved in an annotation file.
In a similar way, all the patches contained in the sphere can
be exported to Google Earth for further verification.

4. CONCLUSIONS

In this paper, we presented an application of the visual data
mining implemented in a tool, which allows the end-user

exploration and exploitation of very large image archives.
Some experiments were performed using different image
datasets. The tool is useful in the sense that it presents the
entire image archive and the exploration and discovery of
hidden patterns become easier. However, the loading time of
the patches can considerably increase depending on the size
of the patch. The tool requires a large random access memory
in the computer in order to run properly.
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ABSTRACT 

 

Impact assessment in post-disaster or post-conflict contexts 

often employs change detection techniques, using geo-

referenced, adequate resolution pre- and post-event imagery. 

Operational approaches need to balance the quality and 

exhaustiveness of the analysis with limited available 

resources and time pressure linked to fast delivery. We 

demonstrate a novel approach in which we use change 

detection in texture features, combined with other simple 

change detection measures, to quickly highlight areas that 

require the attention of image interpreters for further 

elaboration of impact assessment. Since we have 

implemented the most relevant Haralick texture feature 

algorithms on Graphical Processing Units, we can bring 

down processing time for 8192 by 8192 pixel image 

segments to about 100 seconds, which is approximately 5 

times faster than equivalent COTS based solutions. We 

show how multiple-GPU set-ups can further speed up this 

performance, or extend the analysis over larger image 

coverages. We demonstrate how simple logical rule sets can 

be applied to texture feature difference results to further 

focus on the changes that are of interest to the impact 

analysis context. We demonstrate our approach with very 

high resolution Pleiades and GeoEye imagery over a sub-

urban neighborhood in Western Damascus, Syria. This area 

has suffered extensive destruction due to the ongoing armed. 

In the time series of 3 images we can clearly outline the 

main impact zones and follow progress in damage impact 

over time.   

 

Index Terms— Texture, change detection, impact, 

damage. 

 

1. INTRODUCTION 
 

Operational image analysis for use in damage assessment 

is characterized by stringent timing (fast delivery) combined 

with a need for high quality results. Whereas automated 

processing has held a promise to provide fast analysis 

outputs, in reality, most analysis work is still based on visual 

interpretation, often using screen renditions of the original 

spectral channels. In this paper, we present an approach that 

proposes the use of feature extraction to direct visual 

interpretation, i.e. optimize the use of expensive operator 

resources by drawing attention to the area that show the 

most relevant damage artefact required for detail analysis 

and tagging. We combine this approach with fast 

computing, implementing routines on GPUs in order to 

allow operators to experiment with a large set of possible 

features. In this paper, we focus on the use of the Haralick 

homogeneity texture measure to illustrate this approach. 

 

In remote sensing, texture features are extensively used 

in image classification (e.g. land-use) and, more generally, 

in large scale satellite image browsing and retrieval.  

A texture is characterized by local variations in image 

intensity and thus by the spatial distribution of grey levels in 

the neighborhood. Haralick in 1973 [1], described a class of 

some quickly computable textural features which have been 

proven to be applicable and effective on many kinds of 

image data. 

The main drawback of Haralick texture features 

computation is the high processing time required to compute 

the Gray-Level Co-occurence Matrix (GLCM hereafter) and 

to later process it to extract the needed features.  

Speeding up of the computation tasks has been addressed 

in previous works by implementing CPU optimization 

techniques in serial (e.g. [2]) and CPU-parallel modes (e.g. 

[3]). Parallel computing of the GLCM using Cell Broadband 

Engine Architecture has been discussed in [4] while more 

recently the attention has been shifted towards the potential 

of Graphics Processing Unit (GPUs) and their inexpensive 

programmable hardware (e.g. [5]). General Purpose GPUs 

computing (GPGPU) is a growing technique to enhance the 

computational power of parallel programs by exploiting the 

GPU multiple processing cores for general purpose 

scientific computations.  

In this work, we present a novel approach to address the 

problem of change detection in multi-temporal satellite 

imagery by exploiting the computational power of GPUs. In 

particular, we are interested to target specific needs in the 

emergency mapping contest, providing a fast and reliable 

method to detect changes between pre and post event 

images in support to operational impact assessment 

workflows. We already proved the potentialities of GPUs 
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programming in a former paper [7], where we demonstrated 

the extended use of a fast template matching procedure 

using a GPU for image geo-correction in a practical 

emergency mapping context. 

 

2. METHODOLOGY 

 

In order to capture the spatial distribution of gray levels, 

the computation in Haralick original paper [1] is subdivided 

into two parts. In the first step, the GLCM for a processing 

window of radius r and a given displacement vector d is 

constructed. In the second step, the computation proceeds by 

calculating the target texture features on the GLCM.  

Our approach consists in using GPUs to accelerate the 

computation of these steps and, for this reason, we had to 

rethink the software workflow to better exploit the hybrid 

CPU/GPU (host/device) architecture. The GPU is seen as a 

compute device to execute a portion of an application. In 

this work, such a portion is programmed using CUDA[6], 

the nVidia programming model that allows to use GPUs for 

general purpose computing. The resulting program is called 

kernel function. A CUDA kernel is executed by an array of 

threads, organized in blocks. Threads in a single block will 

be executed on the same multiprocessor, where every thread 

executes the same kernel on one core. 

In Fig. 1, we show a schematic representation of our 

methodology for extracting target features out of a satellite 

image.  

In the first step (1), we copy the source image pixels 

from CPU memory to GPU on-board memory (GMEM). In 

step two (2), we launch our kernel on a number of blocks of 

threads large enough to process the entire image. Thus each 

thread is responsible for one pixel and executes the 

following steps: 

 

 compute the co-occurence matrix for three different 

displacement vectors (d) on a processing window 

of range r; 

 compute the target Haralick feature at d; 

 determine the max of the three feature values 

obtained varying d; 

 copy the max value on an array (devArr) allocated 

on GMEM. 

 

In step three (3), the control returns to the host side, where 

the copy of devArr from device to host is issued. In the final 

step 4, the host maps the 1D host devArr to a 2D image. 

 

We implemented a number of texture features out of the 13 

described by Haralick in [1] (      ) but the more 

relevant to our purposes proved to be 

 

 the Contrast feature (  ): a measure of the amount 

of local variation present in an image; 

 the Variance feature (  ): a measure of the 

variation of grey levels distribution; 

 the Homogenity feature (  ): a measure of the 

homogenity of the image 

 

 

 

 
 

 

Figure 1:     Schematic representation of our methodology. 
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3. DATA 

 

We demonstrate the use of our method for two 

multispectral Pleiades and one multispectral GeoEye image 

frames over the city of Damascus, Syria. The images have 

been chosen to delineate the impact of the syrian civil war 

on the settlements. All images are stretched to BYTE from 

original unsigned 16 bit integer using a power scale 

adjustment. See Table 1 for more details. 

In Fig.2 we show a PAN composite of the three images 

under study. The area delimited by the yellow line depicts 

the area in which we focus our analysis. This area has been 

visually proved to show lots of changes on the settlements. 

 

    

Image 

name 

Acquisition  

   Date          Time 

View 

angle 

Sun angle 

Azimuth   Elevation 

A 2012-03-08 08:27 UTC 2.36 150.22° 47.66 ° 

B 2013-02-21 08:34 UTC 16.06 154.74° 42.73° 

C 2013-08-08 08:19 UTC 17.23 128.71° 64.69 ° 

 

Table 1: Acquisition details of the test imagery. All images are 

                8192x8192 pixels, size 67.1 Mb and 0.5 m/px resolution. 

 

 

Figure 2: RGB PAN composite of the 3 entire images.  

           The yellow box highlights the area under analysis.   
            

               

 

4.   RESULTS AND DISCUSSION 
 

 

We run the GPU texture extracting routine on image A, B 

and C, varying the amplitude of the processing window r 

and the values of the displacement vectors d. Table 2 shows 

the timings we obtained for the computation of features    , 

   and    on a window of 15x15 pixels (r = 7) by using three 

values of d ( (0,1) (1,1) (1,0) ). This timing includes the 

whole process described in Fig. 1.  

The NVidia graphics card we used (Tesla C1060) has 30 

multiprocessors for a total of 240 cores and 4 Gb of on 

board memory (GMEM).  

 

 

 

 

 

 

 

 

 

Table 2: Homogeneity texture features extraction run timings 

 

Note that the degradation in performance observed from 

Image A to C is due to different data throughput speeds in 

the GPU, caused by register spilling. Each GPU thread is 

responsible for a pixel and has to update its corresponding 

co-occurence matrix. This involves a number of load/store 

instructions, which firstly address (fast) local registers and 

then, when they run out, spill to (slow) global memory. 

Thus in image A, it happens that threads reuse much more 

often data stored into registers, reducing the number of spill 

loads and increasing the throughput. In our work flow, 

register spilling occurrence depends only on the image pixel 

values, thus explaining the big difference in timings 

observed in Table 2.  

  In order to detect the changes easily, we made a composite 

of the resulting Haralick feature images, where image A is 

assigned to red channel, image B to green channel and 

image C to blue channel. For the sake of clearness, we 

create a subset (3000x3000 pixels) of the composite 

comprising the area under study (the yellow box in Fig.2). 

In Fig. 3, we show the result for the homogeneity feature. 

The reddish pixels of Fig. 3 are for areas which show a high 

homogeneity in image A but low in image B and image C; 

yellow pixels are for areas for which homogeneity is lower 

only in the image C. Both colors highlight areas were 

destroyed buildings can be found. Green colors are mostly 

due to difference in building shadow (which is shorter for  

image C then for image B due to sun angle). These are a 

good indicator for easily identifying which pixels have been 

heavily changed in the time series of 3 images under study. 

The most interesting result comes from the reddish pixels in 

Image 

name 

Run Time [s]  

A 92.33 

B 100.68 

C 115.24 
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the urban area, which we prove to be buildings destroyed 

during the mid-2012/beginning of 2013 disorders. While 

most of green and blue pixels are due to due to different 

lighting conditions with changing season in the images time 

series (e.g. the building shadows), some blue pixels, for 

example, clearly show the construction of new edifices. 

Anyhow, in the time series of 3 images we can clearly 

outline the main impact zones and follow progress in 

damage impact over time. 

A single CPU-based run of Haralick texture with 

extraction of the homogeneity feature (and 3 distances) in 

ENVI software require approximately 580 seconds (on an 

HP workstation with an I7/3.0 GHz quad core processor, 

running 64 bits Ubuntu 12.04). Thus, our method is 

approximately 5 times faster. 

 

 

 
 

Figure 3: Subset of the composite of the homogeneity   

            texture features we obtained for images A, B, C. 

 

 

5. CONCLUSIONS 
 

In this paper we showed how to use change detection in 

texture features to quickly highlight areas that require the 

attention of image interpreters for further elaboration of 

impact assessment. Since operational approaches need to 

balance the quality of the analysis and time pressure linked 

to fast delivery, we implemented our approach on GPUs 

parallel architecture. We show that impressive time savings 

can be achieved in the computation of Haralick texture 

features by exploiting the parallel computational power of  

GPUs. Our GPU code turns to be 5x faster than 

conventional methods running only on CPU. 

The major drawback is the limited size of the GPU on board 

memory (4 Gb). This prevents us to process the entire 

original raster image but just a subset of it (image A, B and 

C). To solve this issue, we are porting the single GPU 

texture feature extraction approach to a small cluster with 4 

GPUs. The multi-GPU parallelization will allow us to use 

images four times bigger. 
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ABSTRACT

The  capabilities  provided  by  spaceborne  processing
platorms are very attractive since they allow to perform a
better analysis of the Earth's  surface, strengthening,  above
all,  real  time  alert  systems.  However,  methodologies  are
becoming  more  and  more  complex,  so it  is  necessary to
look for  alternative  devices that  provide features  such  as
reconfigurability  and  algorithm  execution  at  a  hardware
level. In  this work, a general-purpose FPGA-based system
has  been  developed  in  order  to  improve  the  way
methodologies  are  adapted  and  implemented  in  these
reconfigurable devices, having as main reference the NASA
SpaceCube system. It is based on the interconnection of two
Xilinx  Virtex-5 FPGA cards,  so the performance analysis
has been focused on the combinations of protocols and data
transfer speeds that provide an appropriate real time result
generation,  according  to  the  mission's  needs  and
requirements.  Simulations  show  that  the  proposed
reconfigurable device is suitable to be executed as real time
spaceborne processing system, since it offers the possibility
of generating  results  from the  measurements  at  the  time
they are acquired by the rest of instruments present in the
platform.

Index  Terms—  Spaceborne  systems,  reconfigurable
devices, FPGA systems, real time processing, SpaceCube

1. INTRODUCTION

The remote sensing field is a scientific field that focuses on
the observation and study of the Earth's surface, in order to
achieve two main aims. The first one is understanding the
origin and functioning of the dynamics of our planet.  The
second one is ensuring the safety of the living beings that
inhabit it [1].

To this end, special sensors are used to analyze a certain
Region Of Interest (ROI), which are carried by analysts and
placed in vehicles or towers in land campaigns, or on board
of aircraft or satellite platforms.

In this way, the idea of develop real-time systems is very
attractive,  being  strengthened  if the  results  are  generated
directly by the satellite according to the requirements of the
mission.

Due to the complexity of current  methodologies,  space
agencies are betting on devices that allow to implement the
algorithms  at  a  hardware  level  (much  faster  than  the
analogous software versions)  and  that  provide a complete
reconfigurability  [2].  This  second  parameter  allows  the
circuitry  to  be  updated  to  improved  versions  or  to  be
corrected  if  bugs  appear  once the  satellites  is  already in
orbit.

With this background, Field Programmable Gate Arrays
(FPGA)  cards  imply  a  very  good  alternative  [3].  The
SpaceCube system (Fig.  1),  developed at  NASA Goddard
Space Flight Center (GSFC) [4], is a modular device where
the main  component is the  processing slice,  composed by
the  interconnection  of  two Xilinx  Virtex-5  FPGAs.  The
SpaceCube system is in its second version, and has already
been tested in space with very good results, for instance, on
the Material on the International Space Station Experiment
7 (MISSE7) [5] or the Hubble Servicing Mission 4 (SM4)
[6].

Fig. 1: Partial  overview of the SpaceCube 2.0.  processing
slice.

2. METHODOLOGIES

In  order  to  improve  the  way  methodologies  are
implemented and executed on board of satellites, a device
based on SpaceCube has been designed and developed.

The context of this device is shown in Fig. 2, where it
has been considered as an ancillary system so far, existing a
main computer (and other devices) that performs the main
methodologies  of the  mission.  In  this  way,  the  proposed
system  will  help  the  main  computer  to  perform  some
certain  tasks and calculations.  When focused on real-time
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spaceborne image processing, the system inputs will be the
data from the sensors and instruments in the satellite, along
with  their  spatial  location  provided  by  the  positioning
system,  and  previously  calculated  by  a  coordinate
generation  algorithm.  The  outputs  will  be  provided
following the Diffused Matrix Format (DMF) [7-8], where
each  measurement  is  represented  as  a  Diffused  Matrix
Record (DMR), composed by the spatial  location  and  the
instrumental data. 

Fig. 2: Context of the proposed reconfigurable spaceborne
device.

This proposed device addresses the concept of SpaceCube
processing slice, and it has been developed by means of the
interconnection  of  two  Xilinx  Virtex-5  FPGA  using
different  communication  protocols,  just  as  it  is  shown in
Fig. 3.

Each  FPGA will  implement  the  hardware  architecture
presented in Fig. 4. It  is composed by two communication
peripherals  and  two  threads  running  in  the  PowerPC
processor  that  will  deal  with  data  transfers.  The
methodology  to  be  executed  by  each  FPGA  will  be
implemented  in  the  general-purpose  Methodology
peripheral.  All  communications within  the  FPGA will  be
carried out by means of a central PLBv46 bus.

The Methodology peripheral has also been designed in a
general  purpose way (Fig.  5),  and  it  is  composed by two
FIFO-based  modules  (FIFO_E  and  FIFO_S)  that  will
ensure  a  correct  synchronization  of  the  input  data
(coordinates  and  instrumental  data)  and  the  output  data
(using the DMF format);  and a  Methodology module that
will  be  the  one  which  will  store  the  circuits  of  the

algorithms to be executed. With this schema, experts only
need  to  implement  the  desired  algorithms  in  this
Methodology module,  ensuring  an  easier  and  faster
adaptation. 

Fig.  3: Composition  of  the  proposed  device  by  the
interconnection of two Xilinx Virtex-5 FPGA cards.

Fig.  4: Hardware  schema  implemented  for  each  FPGA
card.

3. RESULTS

For  this  work,  two  different  methodologies  have  been
considered and designed, one for each FPGA. 

The  first  FPGA  will  receive  the  coordinate  and
instrumental data, and will apply the Savitzky-Golay (S-G)
[9] algorithm. This algorithm is very useful and it is widely
use in the literature since it slightly smooths the spectrum,
preparing  it  for  a  more  accurate  post-processing.  The
smooth  spectrum,  along  with  the  spatial  location  of the
measurement,  will be provided to the second FPGA. This
one will receive all this information and will calculate some
statistic parameters from the smooth spectrum, such as the
maximum  and  minimum  value,  the  mean  and  standard
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deviation,  the  IR  Ratio  and  the  NDVI  index,  which  are
represented as follows: 

IR Ratio=
NIR

R
(3.1)

NDVI=
NIR−R
NIR+ IR (3.2)

where NIR is the value at Near Infrared wavelenghts, and R
is the value at Red wavelengths. 

Fig.  5: General-purpose  peripheral  to  implement  the
methodologies.

The final  result  is provided by the second FPGA as a
DMR record,  which  stores all  the  processed information:
spatial  location,  smooth  spectrum  and  statistics
calculations.

Different  protocols  when  interconnecting  both  FPGA
cards were considered,  always considering  that  the  speed
transfers for the outputs of the second FPGA (global output
of the system) must be faster than the rest of the device in
order to avoid bottlenecks, since the amount of information
to  transmit  is  higher.  The  considered  protocols  are  the
following:
 RS232 9600 / RS232 19200 (Comb 1): RS-232 protocol

with  a  speed  of 19200  Baud  for  the  outputs  of the
system, and with a speed of 9600 Baud for the rest of
the device. 

 RS232  230400  /  Eth10  (Comb  2):  Ethernet  protocol
with a speed of 10 Mbps for the outputs of the system,

and RS-232 protocol with a speed of 230400 Baud for
the rest of the device. 

 Eth 10 / Eth 100 (Comb 3):  Ethernet  protocol with a
speed of 100 Mbps for the outputs of the system, and
with a speed of 10 Mbps for the rest of the device. 

 RS422 10 / Eth 100 (Comb 4): Ethernet protocol with a
speed of 100 Mbps for the outputs of the system, and
RS-422 protocol with a speed of 10 Mbps for the rest of
the device. 

In order to test the processing times and analyze which
types of protocols present  a good performance when used
for real time spaceborne processing, an image acquired by
the  instrument  MODIS,  on  board  of  the  NASA  Terra
satellite,  was used.  This  image covers  the  Mediterranean
Sea area with a spatial resolution of 1 Km. In the analysis it
was  considered  that  the  data  was  going  to  be  directly
processed by the designed device on board of the satellite,
so the product level L0 of the image was used to perform
the calculations,  as shown in  Fig.  6.  The L0 level of the
Mediterranean  Sea  image  is  composed by 1354  columns
and 2030 rows, with a total of 22 bands. Band 1 (659 nm)
and band 2 (865 nm) were considered as red and infrared
bands,  respectively, for the IR Ratio and the NDVI index
calculations.

Fig.  6: L0 product  level of the Mediterranean  Sea image
(Band 4).

The computation times were calculated in order to analyze
which protocol combinations offered the best performance.
Such  results  are  shown  in  TABLE  I,  where  the  time
required for only one measurement to be processed, and the
time  required  to  process  the  complete  dataset,  are
represented.

As it is possible to see, low speed protocols, such as RS-
232, takes more than a tenth of second to provide the result
for one measurement. However, high speed protocols, such
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as  RS-422  and  Ethernet,  provide  the  result  for  one
measurement 1000 times faster.

TABLE I
EXECUTION TIMES FOR THE CONSIDERED

PROTOCOLS.

1 Measurement Full Dataset

Comb 1 0.148 s 1.789 days

Comb 2 0.0047 s 1.789 h

Comb 3 0.00016 s 2.932 min

Comb 4 0.00014 s 2.474 min

If focused on the processing of the full dataset, the results
for  all  the  measurements  that  compose  the  image  are
provided after almost 2 days when low speed protocols are
used.  On  the  other  hand,  the  results  are  available  after
almost 3 minutes when high speed protocols are used. This
means  that  the  combination  of the protocols RS-422 and
Ethernet  should be used when the real  time processing of
the  full  data  set  is  required.  This  would  allow  the
spaceborne  processing  of  the  measurements  as  they  are
being acquired by the instruments in the satellite.

With regards to low speed connections, the time results
obtained  do not  imply bad  results  at  all,  but  it  is  not  a
proper communication protocol when real  time processing
is required. However, it may be useful for validating some
operations  performed  by the  satellite  main  computer  for
certain  measurements  (for  instance,  analyzing
measurement  with high  probability of representing  a wild
fire) since the results are provided in just a tenth of second.
In this way, low speed and high speed communications may
be dedicated  to perform different  operations  according  to
the mission requirements.

4. CONCLUSIONS

It  is  necessary  to  improve  the  way  data  is  obtained,
organized and processed on board of satellites in  order to
achieve a  better  study of the  Earth's  surface and  provide
alert  systems  in  real  time.  This  requires  the  continuous
analysis  of the  data  at  the  moment  it  has  been  acquired
using the satellite main computer, or much better, ancillary
devices  dedicated  to  execute  certain  methodologies.  It  is
important  that  these devices offer the  capability of being
reconfigured  at  a  hardware  level  (to  update  or  make
corrections of the circuitry),  and  different  communication
ports.  In  this  work,  a  device  composed  by  the
interconnection  of  two Xilinx  Virtex-5  FPGAs  has  been
developed, having as main reference the NASA SpaceCube
system.  Results  show that  it  is  important  to  consider  a
proper  communication  protocol  to  transfer  data  when
spaceborne real  time processing is required,  for the input
and  output  ports  and  within  the  system.  As  high  speed

protocols (such as RS-422 and Ethernet) allows to process
all the measurements at the same time they are acquired by
the  instruments,  low  speed  protocols  (such  as  RS-232)
involve an increase of the execution times in approximately
1000 times. However, the analysis of only one measurement
is performed in only a tenth of second for this last kind of
protocols,  so,  it  is  recommendable  to  use  them  for
methodologies that  only require  certain  measurements  for
validation.
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Abstract 
 

Currently, the data provided by the heterogeneous buoy 
sensors/networks (e.g. National Data Buoy center (NDBC), 
Gulf of Maine Ocean Observing System (GoMOOS) etc. is 
not amenable to the development of integrated systems due 
to conflicts arising in the data representation at syntactic, 
structural and semantic levels. With the rapid increase in the 
amount of information, the integration of heterogeneous 
resources is an important issue and requires integrative 
technologies such as the semantic web. In distributed data 
dissemination system, normally querying on a single 
database will not provide relevant and useful information and 
requires querying across several interrelated data sources to 
retrieve holistic information. In this paper, we develop a 
system for integrating different Resource Description 
Framework (RDF) based data sources through intelligent 
querying using Simple Protocol and RDF Query Language 
(SPARQL).  We  use  a  Semantic  Web  application  
framework  from  AllegroGraph  that  provides 
functionality for developing triple store for the ontological 
representations. These individual stores are combined to form 
a federated store and queried through a federated query system 
through SPARQL. 
 

Index Term: Semantic Web, Semantic Integration, 
Coastal Buoys, SPAQRL 

 
1. INTRODUCTION 

 
In recent years, semantic integration is widely used in a 
variety of processing applications which are actively used in 
the web, database, and data mining communities. Semantic 
integration deals with solving the heterogeneity problems, 
which are initiated from the semantically heterogeneous data 
[1]. The heterogeneity problems include the modeling of 
complex relations in different sources, matching of data 
definitions in ontologies, and the reconciliation of 
inconsistencies. So, there is a need for semantic 
integration of heterogeneous data sources [2]. In order to 
store the ontology files of different organizations, we need a 
flexible and efficient database which can handle very large 
datasets and can perform efficient queries to retrieve the 
information about the devices and also certain properties. 
The ontology data is represented as RDF triples that forms a 
RDF graph which can be stored in RDF triple stores [3]. 
 

Ocean sensor networks such as GoMOOS (Gulf of 
Maine Ocean Observing Systems) and NDBC (National Data 
Buoy Center) provide real time or near real time sensor 

data. Due to the heterogeneous and non-semantic nature of 
the sensor data it prevents the semantic interoperability in 
ocean sensor networks. So the two ontologies cannot 
communicate due to the heterogeneities in their 
properties. NDBC and GoMOOS both maintain the same 
Marine/Meteorological data and consist of the same sensors, 
but the vocabulary representations are different. For instance 
the wind direction in NDBC is represented as “Wind 
Direction” but in GoMOOS it is represented as 
“Wind_Direction”. Though NDBC and GoMOOS refer to the 
same parameter semantically, they are represented in a 
different manner. 
 

In this paper, we develop a system for integrating two 
different Resource Description Framework (RDF) based data 
sources through intelligent querying using Simple Protocol 
and RDF Query Language (SPARQL).  We  use  a  
Semantic  Web  application  framework  from  
AllegroGraph  that  provides functionality for developing 
triple store for the ontological representations. These 
individual stores are combined to form a federated store and 
queried through a federated query system through SPARQL. 
To overcome the heterogeneities of the data sources, 
intelligent querying across different knowledge bases is 
required. Federated database aids users to query multiple 
datasets at the same time and these multiple responses will 
be standardized to one result set. The NDBC and the 
GoMOOS Ontology Web Language files (OWL files) are 
stored as RDF triple stores in Allegrograph database [4]. 
A federated data-store is formed in Allegrograph by the 
amalgamation of the NDBC and GoMOOS OWL files. The 
querying of these knowledge bases is achieved via SPARQL 
which is a RDF query language. The main objective of the 
query languages is to make the machine to understand a 
particular application. So if we want the information 
regarding the wind direction parameter, then, the result must 
contain the values from NDBC and GoMOOS. 
 

2. SEMANTIC INTEGRATION  
 

The basic idea behind the semantic integration approach is 
described as follows: Suppose there are two information 
sources, NDBC and GoMOOS, with their respective 
ontologies, describing the same domain but differ in naming 
convention. For instance, the concept of “atmospheric 
pressure” in the NDBC ontology is equivalent to “barometric 
pressure” in GoMOOS ontology. If we want information 
regarding the number of devices present at the coastal 
buoys, then the result must show the devices from both 
NDBC and GoMOOS. The architecture of the semantic 

Regular Posters

Proceedings of ESA-EUSC-JRC 9th Conference on
Image Information Mining doi: 10.2788/25852

123 University Politehnica of Bucharest (Romania)
5–7 March 2014

http://dx.doi.org/10.2788/25852


integration approach used in our study is illustrated in Figure 
1. 
 

 
 

Figure 1. Overview of the implementation 
 

AllegroGraph uses AllegroGraph Webview Framework, 
which is a graphical interface through which we can manage 
and query the AllegroGraph triples. The methodology can be 
described in three steps as follows: 
 1.  In the first step, the two ontology files (NDBC and 
GoMOOS), which consist of RDF metadata, are loaded into 
the Allegrograph database as different individual repositories 
(triple stores), thus forming individual triple stores of NDBC 
and GoMOOS. 
 2. In the second step, these individual triple stores are 
combined to form a federated database. As querying on a 
single dataset is very easy and it will not lead to useful 
information retrieval, we need a federated database. 
 3. In the third step, we use SPARQL query language, 
which is an RDF query language to query on the  federated  
database.  This  yields  knowledgeable  results.  Before  
querying  the  federated database, we need to discover the 
relations between these two data sources. 

 
Allegrograph aids us also to combine the repositories and 

search them in parallel. This can be done by querying a single 
federated repository which will distribute the queries to the 
secondary repositories and combines the result. The federated 
repository can be created as follows [5]: 

1. Open NDBC repository which is loaded with the RDF 
data from ndbc.owl. 

2. Open GoMOOS repository which is loaded with the 
RDF data from gomoosont.owl 

3. Call a federate( ) method to create a federated 
repository. 

 
A federated database approach augments the 

accessibility of the heterogeneous database systems and 
allows applications to access global data [6]. Each local 
database in the federated database is considered as a logical 
component which is lashed with one or more federated 
schemas. The main requirements of a federated database 
management system are: 

1. A federated database system must consist of a large 
number of heterogeneous databases so that the querying 
can be done across a single federated database. 

2. Each and every single database in the federated database 
must be accessible using any of the query languages. 

3. There should not be any changes in the existing data. 
4. The federated database system must be feasible enough 

to add new databases into it. 
5. The most important aspect of a federated database 

system is its performance. Its performance must be 
almost equal to that of single database. 
 
SPARQL was developed as a query language for RDF 

by W3C and querying is done by triple patterns, conjunctions, 
and disjunctions [7-8].  A SPARQL query language consists 
of semantic annotations and descriptions when compared with 
the existing standard sensor web languages, which allows the 
sensor data to be understood and processed in a meaningful 
way by a variety of applications with different purposes. The 
four different query forms of SPARQL are the SELECT 
query, which pulls out the values into a table from a SPARQL 
endpoint, the  CONSTRUCT query, which extracts the 
information and converts them into valid RDF, the ASK 
query, which provides True/False results for a query, and the 
DESCRIBE query, which helps to pull an RDF graph. In our 
research, we used SPARQL query language to query across 
the federated database of NDBC and GoMOOS and to 
retrieve the results from the federated database formed by 
combining NDBC and GoMOOS. 

3. RESULTS 
 
The results for the implementation of the semantic 
integration framework on coastal buoys data are presented. 
The graphical user interface for the semantic integration 
approach is developed using the Allegrograph Web View. 
The querying in the AllegroGraph Web View can be 
done in SPARQL or Prolog. In this study, we have used 
SPARQL. In the AllegroGraph Web View, we first create 
individual triple stores of NDBC and GoMOOS. Then, we 
form a federated database, which is formed by the 
amalgamation of the two individual triple stores. Figures 2-4 
show the procedure for the implementation. The results will 
be retrieved by querying the federated database formed by 
combining NDBC and GoMOOS. 
 

4. CONCLUSION 
 
A system for integrating different Resource Description 
Framework (RDF) based data sources through intelligent 
querying using Simple Protocol and RDF Query Language 
(SPARQL) has been developed.  A  Semantic Web 
application framework i s  u s e d  to provide functionality for 
developing triple store from AllegroGraph for the ontological 
representations. These individual stores are combined to form 
a federated store and queried through a federated query system 
through SPARQL. 
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Figure 2. SPARQL query results to get the devices used in the coastal buoys 
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Figure 3. SPARQL query results to obtain the station ids from NDBC and GoMOOs 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. SPARQL query results to depict the parameters measured by NDBC and GoMOOS 
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ABSTRACT 
 
Lately, great research and development process has been 
carried out in order to define an IIM tool (INLAND), which 
is able to model landscape diversity in an automated way 
with the utilization of multispectral EO imagery. Landscape 
diversity is a very complex attribute of our spatial 
environment, drawing attention of several unusual modeling 
needs, which also have to be satisfied during the tool 
development. The modeling process has two outputs: a 
sampling and a mapping solution. Within the confines of 
this study a possibly optimal combination of the two IIM 
solutions is presented in order to extract change detection 
information on landscape diversity and to build the basis of 
the operational utilization of INLAND in the field of spatial 
planning and programming.    
 

Landscape diversity, spatial scale, perception 
resolution, image information mining   
 

1. INTRODUCTION - LANDSCAPE DIVERSITY 
 
Landscape is a complex entity, being created in the 
interaction of nature and society [1]. At the same time 
landscape is an “antropo-socio centric” concept [2], thus 
landscapes are existing, because someone perceives them. 
Heterogeneity is a defining attribute of landscapes [3]. This 
heterogeneity is continuous across spatial scales, and 
contributes to the potential of landscapes [4]. There emerges 
the question: what is the difference between heterogeneity 
and diversity of landscapes? The author’s definition, which 
is used in the confines of this study: landscape diversity is 
the understood, recognized – perceived – landscape 
heterogeneity. 
 

2. IIM CHALLENGES 
 
The intention of defining a landscape diversity modeling 
tool [5] was based on the utilization of multispectral Earth 
Observation data, land cover information, and comparative 
analysis. Due to the definition of landscape diversity two 
main modeling criteria – challenge – emerged. 

The first IIM challenge was to model landscape 
diversity continuously across scales (term refers to 

resolution, not extent), while EO data are accessible in 
discreet scale-categories (LR, HR, VHR). To satisfy this 
criterion, the use of “sub-scales” was introduced. 

The second IIM challenge was to solve the modeling of 
the perception (!) of landscape heterogeneity – to fund the 
basis of landscape diversity assessment. A new independent 
parameter: “perception resolution” was introduced during 
the development of INLAND.  
    

3. INLAND IIM SOLUTIONS 
 
3.1. INLAND sampling solution  
INLAND sampling solution was created [6] in order to 
extract numeric landscape diversity descriptive parameters 
from a previously defined landscape. This means, that 
within the sampling area no significant landscape border 
can be represented.   
 
3.1.1. Sub-scale system 
 
The robust INALND tool set up an IIM process based on 
the hierarchical sub-scale arrangement of input imagery. 
The arrangement is resulted by a successive balanced image 
degradation process [7], which is modifying the resolution 
of an image (of a discreet scale category) from coarser to 
finer values (maximum till it will reach the initial image 
resolution) but keeping the initial image extent (Figure 1). 

A given degradation degree of the image is standing for 
a “sub-scale”, which derives the information content from 
the initial resolution image, but aggregates it in a coarser 
resolution. The degradation process is running, until the 
area of the unit (pixel/raster) from the given sub-scale can 
be covered by the same extent of a finer initial resolution 
image. Then, the degradation process is continuing with this 
image, which is already originating from another discrete 
scale-category of EO imagery. This way the sub-scales are 
standing for an approach towards the scale-continuous 
modeling, based on discrete scaled imagery. As the sub-
scale system is a basis for comparative decision making, the 
information loss resulted by the information aggregation is 
not significant [8]. 
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Figure 1 – Arrangement of the sub-scale system 

 

3.1.2. Decision making process – Perception resolution 
 

The decision making process is responsible for the spatial 
definition of diversity patches. The process is running 
across sub-scales according to the following logic: 
 

if |Ay-ay| >=s*d, Vx=1; else Vx=0 
 

,where Vx is the output value of the pixels of the initial 
image, covered by the sub-scale tile (Vx=1 stands for a 
diversity patch, while Vx=0 is a homogeneous area) ; x is 
the index number of the sub-scale; y is the index number of 
spectral Band if the initial image; Ay is the spectral mean of 
the input image pixel values of the initial image, which are 
covered by the containing sub-scale tile of a coarser 
subscale (x-1); ay is the spectral mean of the input image 
pixel values of the initial image, which are covered by the 
containing subscale tile of the assessed subscale (x); s is the 
standard deviation of the input image pixel values of the 
initial image, which are covered by the coarser subscale tile 
of the decision making subscale (x-1); d is an independent 
multiplicator coefficient, which is defined by the user, and 

which modifies the strictness of decision making (on the 
range: [0.1;5]). 

In this decision making process “d”-value stands for the 
perception resolution, describing the quality of the perceiver 
of the landscape. Very small d-value is standing for a 
landscape expert, very high d-value describes children (in-
experts), and if d=1, the output stands for landscape 
heterogeneity (existing spatial differences).  

The sampling solution is combining two sequences, by 
integrating a sequence of decision making across subscales 
into a sequence of changing perception resolution values. 
The output is numeric, describing the distribution of 
diversity patches among subscales, in the function of 
perception resolution: the measured number of patches 
(NP), which can be decomposed into the quotient of 
diversity pixel numbers (N) and mean patch size (MPS). 
After the regression modeling of N and MPS, NP can be 
recomposed. The regression modeling results two-two 
objective landscape diversity parameters: IQ – initial 
quantity of landscape diversity; SQ – sensitivity of quantity; 
IS – initial diversity patch size; SS – sensitivity of patch 
size. The sensitivity values describe how much the quality 
of the perceiver is influencing the perceived quantity and 
size values.  

The numeric results of the sampling solution are the 
objective IQ, SQ, IS and SS values, along which the 
sampled landscapes can be compared to each other. 
The sampling solution was used successfully for the 
analysis of landscape diversity in geographic analogue 
regions and the extraction of climate change effects on 
landscape diversity in Central and East-Europe [9].  
 

3.2. INLAND mapping solution  
INLAND sampling solution is adequate for extracting 
objective numeric parameters of landscape diversity, 
however it suffers from the severe problem of neighborhood 
handling. That is why it can be utilized only within 
landscape borders, and why it is not suitable for mapping 
purposes. Mapping solution of INLAND was designed to 
gain landscape diversity map-model and map-products with 
the integration of a third sequence: the moving window 
technique (Figure 2).  

The total sampling image extent is shifted (into nine-
nine positions) along the landscape in every sub-scale with 
different measures of shift (sub-scale unit). With this 
method the neighborhood relations can be covered and 
integrated into the spatial analysis. 

The mapping output is a map-model, which consist of 
different bands – each band standing for a different 
perception resolution analysis (Figure 3). 

The INLAND mapping solution was used for the 
landscape diversity mapping of Mecklenburg-Vorpommern 
(Germany) and for the landscape diversity assessment of the 
control plan of Rostock Region (Germany) [10]. 
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Figure 2 – Arrangement of moving window in the mapping solution of 

INLAND 

 
 

 
Figure 3 – Bands (d= 0.1; 0.4; 0.75; 1.1; 1.9; 3.6) of the INLAND map-

model from Mecklenburg-Vorpommern (Germany) 

 
   

4. POSSIBLE COMBINATION OF INLAND 
SOLUTIONS – EXPERIMENT SET UP 

 

This study introduces the combination of the two IIM 
solutions of INLAND. The main drawback of the sampling 
solution is that it can be used only within functional regions, 
while mapping solution does not produce objective 
landscape diversity parameters. The combination of the 
INLAND solutions can resolve the task of complex 
landscape diversity modeling.  

During the explained experiment, three county regions 
(Szolnok, Somogy, Veszprém) (NUTS 3) of Hungary have 
been mapped with INLAND mapping solution, utilizing 
MODIS imagery (LR). The test regions were chosen due to 
their different landscape characters. From the INLAND 
map-model a threshold landscape diversity map product 
were extracted, that describes at which perception 
resolution value (band of the map-model) the landscape 
parts are changing from heterogeneous to homogeneous 
(this value is the threshold value). In the three test regions, 
Regions of Interests (ROIs) were selected, where the d-
threshold values are the same according to the INLAND 
mapping output. According to the d-values 20-20 ROIs 
were selected in the test regions.  Then, from these ROIs 3-
3 samples were extracted and analyzed with the INLAND 
sampling solution, utilizing Landsat (HR) imagery.  

As a result of the experiment set-up, the three county 
regions could be modeled in their HR landscape diversity 
(with INLAND sampling solution) in the function of their 
LR landscape diversity (INLAND mapping solution). 
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5. RESULTS 
 

During the experiment four objective parameters of 
landscape diversity were extracted from all samples with 
the use of INLAND sampling solution. With these 
parameters the complex landscape diversity model could be 
described as (for abbreviations, please see section 3.1.1.): 
 

ln(NP)=IQ-IS+(SQ-SS)*ln(d) , 
 

as NP= N/MPS, and both N and MPS can be described as a 
Growth-curve in the function of d, measured on a 
logarithmic scale (see 3.1.2. Decision making process). 

The model above describes (R2=0,91), how the 
perceivable landscape diversity is depending on the 
“quality” of the perceiver (perception resolution) in the 
three test regions. The describing parameters are the 
objective parameters of IQ, SQ, IS and SS.  

 
Figure 4 – Objective HR INLAND landscape diversity parameters (IQ, 
SQ, IS, SS) of the three test regions in Hungary (Szolnok, Somogy and 
Veszprém counties) in the function of perception resolution (d-values) 

of LR INLAND diversity mapping.  

From the model above it can be seen, that the describing 
parameters can be grouped into two complex parameters: 
into in initial (IQ, IS) and a sensitivity parameter (SQ, SS).  
With these parameters the three test regions’ landscape 
diversity can be characterized in the function of d-values 
objectively, as it can be seen in Figure 4. 

 

6. DISCUSSION 
 

By the combination of INLAND solutions, an optimal 
method of complex landscape diversity modeling could be 
achieved. 

The carried out experiment proves that the combination 
of the methodologies results significantly describing 
information, even if the scale difference of the two analyses 
is very large (INLAND mapping solution used MODIS 
imagery – 500 m, while INLAND sampling solution 
utilized Landsat imagery 30m). 

 

7. SUMMARY AND OUTLOOK 
 

The introduced landscape model (and the resulting 
methodology) describes the depending of the landscape 
diversity from the perception resolution – from the quality 
of the perceiver. This intention means, that INLAND, as an 
IIM methodology, simulates the eyes of humans, and 
supports “human-friendly” analysis of the Earth surface. 
This intention brings IIM closer to end-users and to general 
public. 
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ABSTRACT 
 
Numerical models are used to simulate environmental and 
meteorological conditions mainly to provide forecast 
information for the public domain. In the field of aerosol / 
particulate matter concentration simulations, the use of 
direct and indirect measurements is still quite limited. In the 
framework of the AQA-PM project, satellite based aerosol 
estimates and in-situ particulate matter 10 (PM10) 
measurements have been assimilated into numerical model 
to improve the accuracy of PM10 forecast. 
This study aims at describing the data pre-processing 
schema that has been implemented in order to fuse together 
satellite information, in situ measurements and 
environmental information coming from model data and 
ancillary data in order to create fine scale PM information to 
be used as initial conditions for the AQA model. 
 

Index Terms - AOT, SVR, PM10, numerical models 
 

1. INTRODUCTION 
 
In the last decades the number of people affected by 
seasonal allergies has increased, with increased diseases 
including asthma and rhinitis. This increase is especially 
problematic in children, who are bearing the greatest burden 
of the rising trend which has occurred over the last two 
decades ([2]). The link between increase in pollution and 
climate change has been assessed in many publications (see, 
for instance, [1]). A direct consequence is an improved need 
of services for pollution monitoring and forecast services. 

In the framework of the Austrian Space Applications 
Programme (ASAP) the Extension of the Air-Quality model 
for Austria with satellite based Particulate Matter estimates 
(AQA-PM) project had the main scope of assimilating 
satellite-based aerosol information (AOT) and in-situ PM10 
measurements into the Central Institute for Meteorology and 
Geodynamics (ZAMG) numerical model, with the final aim 
of improving PM10 forecast accuracy ([8][9][10]). 

In this work we focus on the data preparation step, in 
which satellite-based AOT, ground based PM10 
measurements and numerical model data have been 

combined by means of the Support Vector Regression 
technique to derive highly-resolved PM10 fields. The 
methodology and results are described, and an assessment 
on the application of this technique to the upcoming 
Sentinel 3 mission is provided. 
 

2. METHODOLOGY 
 
The use of direct (in situ measurements) and indirect 
(remote field estimation) pollution information aims at 
improving the quality of simulations of PM data by means 
of numerical models. In order to fuse these two data sources, 
one (among many) approach is to create an intermediate 
data level that joins satellite-based estimations and in-situ 
measurements to be used to initialize the prognostic 
numerical simulations. 

In the framework of the AQA-PM project, MODIS 
(Level 1B) data as well as measurements from 124 
permanent air quality stations in Austria have been used. 
The Support Vector Regression (SVR) technique is 
introduced to obtain high resolved PM10-Maps from the 
MODIS instrument as initial condition for air quality 
forecasts. Comprehensive measurement- (ground and 
satellite) and model- data sets were used to develop and 
optimize the SVR software component: the developed air 
pollution monitoring system elaborates multispectral data 
acquired by the MODIS sensors installed on board of 
TERRA and AQUA satellite platforms. MODIS Level-1B 
Calibrated Geolocation Data Set (calibrated and geolocated 
radiances and reflectances in 36 spectral bands) and MODIS 
Geolocation Data Set (geodetic coordinates, ground 
elevation, solar and satellite zenith, and azimuth angle) are 
used to retrieve the Aerosol Optical Thickness (AOT) 
product. Using a tailored version of the International 
MODIS/AIRS Processing Package (IMAPP), the AOT 
product is provided one hundred times more detailed with 
respect to the MODIS Aerosol product ([4]). Dynamical 
downscaling of the tropospheric aerosol algorithm as well as 
statistical downscaling using Support Vector Regression 
techniques have been implemented and validated ([5], [6], 
[7]) to increase the spatial resolution up to 1x1 km2. 
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3. ACHIEVED RESULTS 
 
The SVR technique consists of a training phase (performed 
using data across the ground sites) and a prediction phase 
(applied to the whole model domain). Several numerical 
experiments have been conducted to evaluate SVR 
performance both in the site domain (i.e. pixels around 
location of Austrian Air Quality ground-stations where 
PM10 concentration data and meteorological parameters are 
collected) and in the AQA model domain (i.e. the 
geographical domain of the Austrian Air Quality model). 

Experiments in the site domain were implemented using 
the Radial Basis Function (RBF) kernel: Aerosol Optical 
Thickness (AOT) from MODIS sensor, meteorological 
parameters (Temperature, Wind, Relative Humidity) and 
ancillary data (elevation) from ground-stations were 
matched-up to generate training and testing files. Details on 
SVR models implementation can be found in [10]. 

Temporal representativeness of data showed that SVR 
models should be implemented on a monthly basis: data are 
firstly grouped by month (e.g. January 2008, January 2009 
and January 2010), then separated in TRAINing Data Set 
(TRAINDS) and VALidation Data Set (VALDS) samples to 
be used in the SVR training and prediction phases. 

SVR accuracy for the site domain in the period 2008-
2010 is presented in Figure 1. A detailed analysis on the 
impact of satellite data (i.e. AOT) on PM10 estimation shows 
a considerable increase of the accuracy up to 68% for SVR 
models that use AOT (see Table 1). Despite the cloud cover 
affects the satellite-based products, the quality of PM-SVR 
output demonstrates the effectiveness of AOT in the 
regression process, pointing out the necessity of getting 
ready for the Sentinel AOT products. 

 
4. EXTENSION TO SENTINEL 3 DATA 

 
MODIS data could not be available anymore in the near 
future, thus the use of VIIRS data shall be required. NPP 
Aerosol products from the VIIRS Instrument are already 
available: the MODIS heritage and the large experience 
gained moving from Collection 005 until the latest 
Collection 006 allow at generating high quality products, 
even if the differences on spectral and spatial resolution 
characteristics requires continuous effort to scientists to 
improve NPP products. In the mid-term scenario, the 
adoption of Sentinel 3 AOT products can be implemented to 
make the system independent from non-European missions. 
Future available Sentinel 3 Aerosol products ([3]), namely: 
- OLCI Aerosol Optical Depth (300m / 1000m) 
- OLCI/SLSTR Synergy AOT (300m) 
will potentially allow increasing the spatial resolution of the 
present product, moving from 1km to 300m, and 
consequently will allow improving the quality of the output 
product. 

5. CONCLUSIONS 
 
A SVR-based methodology for combining satellite-based 
pollution fields, numerical model data and in-situ 
measurements has been developed and implemented to 
improve the accuracy of forecast pollution maps. 
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Figure 1: Correlation values between PM10 ground 

measurements and PM10 values predicted by monthly SVR 
models: 2008 (red), 2009 (blue) and 2010 (green). 

 

 
Table 1: Comparison of correlation values obtained by 

monthly SVR models with (w) and without (wo) AOT, [10]. 
 

This system, even if in prototype version, has been 
made available to the Austrian Meteorological centre for 
semi-operational applications. 

A further extension of this approach is envisaged also 
for other Central Eastern European Countries. 

This approach, being based on Satellite Level 2 Aerosol 
products, can be extended to future missions such as the 
Sentinel 3 missions once available, exploiting the improved 
performance of the new sensors with respect to the existing 
ones. 
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ABSTRACT 

 
The  resource  and  time  intensive  nature  of  current  data 
mining and information extraction approaches has been 
identified by the European Space Agency (ESA) as being an 
impediment to the exploitation of Earth Observation (EO) 
data. 
This paper describes the requirements gathering phase of the 
ESA project to build a collaborative research platform that 
will enable the automation of data mining and information 
extraction experiments. The collaborative platform based on 
the finalized set of requirements is also presented and how 
this platform will be utilised to develop algorithms via 
running of an EO algorithm contest. 

 
Index  Terms—  Algorithms,  Contest,  Collaboration, 

Cloud Computing, Earth Observation, Data Mining 
 

1. INTRODUCTION 
 

This paper describes the initial phase of an ESA sponsored 
project to promote the use and exploitation of Earth 
Observation (EO) data.    The resource and time intensive 
nature of current data mining and information extraction 
approaches had been identified as being a key impediment to 
the exploitation of EO data.  The project intends to address 
this impediment by delivering a common collaborative 
research platform that will enable the automation of data 
mining and information extraction experiments.          It is 
expected this platform will be used by members of the space 
community to investigate problems in a “parallel way” to 
provide the best solution.   The project will promote the use 
of the platform through an ESA sponsored algorithm 
development contest for EO researchers. 

 
The  focus of this paper is  on the  requirements gathering 
phase of the project, the derived view of the collaborative 
platform  based  upon  a  detailed  analysis  of  these 
requirements and the selection of a algorithm development 
contest. 

2. REQUIREMENTS GATHERING 
 
The project team engaged in an iterative requirements 
gathering exercise.   The first iteration was limited to EO 
researchers  from  within  the  project  consortium  but 
subsequent iterations extended to researchers across Europe 
–  in  total the  project team talked to  researchers in eight 
different organisations. 
 
In the context of the proposed EO algorithm development 
contest the primary objectives of the collaborative platform 
were identified as being: 
 

• To  support  the  reproducibility  and  sharing  of 
experimental results 

• To   allow  contestants  to   focus   their   efforts   on 
algorithm development as  opposed  to  environment 
set up or data preparation 

• To   eliminate environment costs associated with 
participating in the contest 

• To support the contest owner in the set up and 
operation of the contest 

 
Three main process flows were defined to support these 
objectives: 
 

 
 

Figure 1 - Main Process Flows 
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1. Contestants have access to a Private environment 

where their algorithm can be developed and tested 
2. Contestants  can  load  algorithms  to  a  Common 

environment  where  they  can  be  run  and  tested 
before submission for evaluation 

3.    The   contest   owner   can   run   tests   to   evaluate 
algorithms against each other, analyse results, and 
perform final ranking 

 
This process flow established the basis for partitioning the 
collaborative platform requirements gathering effort.  It was 
possible to identify ten high-level use cases covering contest 
definition, environment and data provisioning, and contest 
operation. 

 
To breakdown the use cases we iterated through a structured 
process which entailed: 

 
- building  a  low  fidelity  mock-up  of  how  the 

system could support a use case 
- refining  the  mock-up  through  discussions  with 

researchers 
- breaking    out    functional    requirements   from 

individual use case steps 
- an  exercise to  prioritise requirements based on 

the MoSCoW (Must-Have, Should-Have, Could- 
Have, Want-to-Have) scale [1]. 

 
3. COLLABORATIVE PLATFORM 

 
Figure 2 provides an illustration of the final wireframe 
mockup for the home page of the cloud based collaborative 
platform for EO algorithm analysis and execution. The 
mockup is based upon analysis of the requirements gathered. 

 

 
 

Figure 2 – Wireframe Mockup of Contest Owners 
platform interface 

Key functions identified for the platform include: 
 

• Used    of    cloud    computing   environments   by 
researchers/contestants for access to EO algorithm 
development  environments,  processing  and 
execution environments. 

• Notification mechanism to allow the Contest Owner 
to broadcast communicate with contestants and 
evaluators 

• Discussion forum – allowing contest participants to 
pose public-view questions 

• Private feed – allowing contest participants to pose 
private questions to the contest owner 

• Active  Address  Book  –  allowing  access  to  and 
interaction with all users relevant to an individual 
contest 

• Central  document  repository  to  host  documents 
related to a contest 

• An Environments overview where both contestants 
and  the  contest  owner  can  review resource 
utilisation across relevant environments 

• A  Data  section  where  both  contestants  and  the 
contest owner can review access 

• Simple  contest  metrics  –  number  of  registered 
contestants, % time lapsed, etc.. 

• Facility     for     contestants     to     easily     access 
environments 

• Facility for Evaluators to evaluate and rank results 
 
The collaborative platform will be delivered as a web based 
solution  accessible  through  standard  browsers.  The 
interfaces will provide access to virtual machines and 
associated resources for use by the algorithm development 
contestants. 
 
The Private, Common, and Evaluation environments will all 
realized as cloud based virtual environments. 
 
A  common  operational  picture  of  the  environments,  the 
users who have access to the system and the contests that are 
managed by the system are provided through different views 
tailored to the role of the end user. Roles that have been 
identified during the requirements gathering phase are: 

• Contest owner/evaluation 
• Contest participants 
• Researchers 
• Administrators 

 
Each of these views provide details on virtual environments 
deployed   ranging   from   the   individual   machines  of   a 
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contestant, through to the private, common and evaluation 
environments for access by contest owners, administrators and 
evaluators.  Figure  3  provides  the  common  view  to which 
each of the categories of users has access to. This view 
provides live statistics on memory, processor and network 
utilisation broken down for each contest category. 

 

 
Figure 3 View of system resource usage on a per contest 
basis 

 

 
 

Figure 4 View of aggregated contest evaluation criteria 
 

The  collaborative platform  provides  an  operational picture 
for contest evaluation that is viewable by contest evaluators. 
As part of the contest setup, the contest owner can define the 
specific criteria against which a contest will be evaluated. The 
criteria are then managed by the system where during the 
review phase  each  evaluator can  assign rankings for 
contestants in each category. The captured information is 
analysed and summarised in the collaborative environment. 
Figure 4 shows a mockup of the aggregated information for a 
contest broken down on a per contestant basis. 

4. CONTEST 
 
A secondary focus for the initial phase of the project was to 
define a suitable initial contest. Three separate contests were 
initially outlined: 
 

• Oil Spill Detection 
• Land Cover 
• Deforestation 

 
In the course of the requirements gathering the contest 
definitions were evolved and refined. A final analysis 
identified the Land Cover contest as offering the greatest 
scope for broad researcher participation and novel algorithm 
development.The  objective  of  the  Land  Cover  contest  is  
the  general classification and  change  monitoring of  a  
time  series  of ENVISAT ASAR WS data for two distinct 
periods. The  competitors  will  be  required  to  generate  
land  cover maps according to the hierarchical standard 
defined by the CORINE Land Cover (CLC). The first level 
of the CLC will represent the type and minimum number of 
classes to identify. Finer detailed maps, including a larger 
number of land  cover types, corresponding to the higher 
levels of the CLC, will be considered positively during the 
evaluation of the uploaded results. The area of study will be 
Northern Europe, with maximum dimension   equal   to   the   
swath   of   ENVISAT ASAR  WS which is 405 km. 
Depending on the SAR coverage and the number  of  
images  which  the  competitors  want  to exploit, they will 
select a smaller area of interest. The permitted minimum 
dimension will be given by the size of the area completely 
covered by the whole provided dataset. The amount of  data,  
in  relation  with  the  achieved  accuracy,  will  be  a 
criterion on which the evaluators will set up the scores of 
the algorithms performance. The reference dates for the 
contest will be between 2006 and 2009. The choice is made 
given the availability of reference data. The original optical 
satellite images on which the CORINE   Land   Cover   
(CLC2006) classification  is  based (e.g. SPOT, IRS, 
Landsat 7) are freely available from the EEA (European 
Environment Agency), and by the LUCAS information 
(2009). 
 

5. NEXT STEPS 
 

A detailed design and implementation of the platform will be 
performed in the next phase of the project. A key aspect of 
the design is the selection of the underlying cloud based 
environment for provision of the solution to the different 
categories of end users defined within the requirements. Key 
criteria for selection of the cloud solution [2] for development 
of the solution have been categories as follows: 

1. Pricing comparison 
2. Performance 
3. Openness 
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4. Support 
5. Level of establishment 
6. System requirements coverage 

 
The  cloud  providers  which  have  been  selected  as 
deployment platforms for the solution against which the 
comparison criteria will be applied to are: 
 

1. Amazon EC2 
2. Rackspace Cloud 
3. Windows Azure 
4. Interoute 

 
Upon completion of the implementation of the solution the 
Land Cover contest will be defined, implemented and 
contestants provided access to the solution. The system will 
be  used  to  capture, evaluate and  rank results from 
contestants after algorithm submission. This approach of 
performing a live contest execution with algorithm 
development will validate the solution as a collaborative 
research platform for data mining and information extraction 
experiments. 
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ABSTRACT 

 

The Exploitation Platform Demonstrator for Soil Moisture 

(EP4SM) is a pilot platform for scientific collaboration on 

Earth Observation (EO) topics based on the example of soil 

moisture data. The platform is primarily built from open 

source components and deployed on top of an independently 

provided cloud infrastructure (IaaS). Scientific users can 

access the platform through a web interface and claim 

software services (SaaS) and virtual machines (VMs) with 

pre-configured software environments. They can themselves 

contribute new services and VMs, which are uploaded to the 

platform to be made available to other users. EP4SM serves 

as a demonstrator platform to explore how scientific 

collaboration in the EO domain can benefit from cloud 

technology, how the requirements for scientific collaboration 

in the cloud differ from commercial cloud use cases, and 

which real world constraints limit the idealistic vision of 

unlimited and completely elastic computing resources being 

made available from seamlessly exchangeable computer 

infrastructures. 

 

1. INTRODUCTION 

 

The EP4SM project [1] was initiated and funded by ESA as 

an early pilot project for future EO exploitation platforms in 

the context of the envisioned European Science Cloud [2]. It 

is conducted parallel to the SSEP project [3], which has a 

different thematic focus, and related to the Soil Moisture 

CCI project [4], which provides the thematic context and 

scientific input. The purpose of the EP4SM project is to 

build a functionally complete prototype with a narrow 

thematic focus on soil moisture data to explore in a 

demonstrator platform how scientific collaboration in the 

EO domain can benefit from the cloud technology. AWST 

developed the platform with TU Wien GEO
1
 and IIASA

2
 

contributing as first scientific users in the roles of data 

providers, application developers and data users. An 

essential feature of the EP4SM demonstrator is that the users 

can themselves provide new services to the platform. These 

are made available either as integrated SaaS, i.e. 

                                                 
1 Vienna University of Technology, Department of Geodesy and 

Geoinformation (GEO), Austria 
2 International Institute for Applied Systems Analysis (IIASA), 

Laxenburg, Austria 

applications, which can be accessed directly from the 

EP4SM web interface, or as PaaS in form of customized VM 

templates with pre-installed software environments. EP4SM 

is tested with two independent cloud infrastructure (IaaS) 

providers, CEMS
3
 in Harwell, UK and the commercial cloud 

provider Interoute, to study issues arising with the portability 

of a cloud platform between different cloud providers. 

 

2. EP4SM ARCHITECTURE 

 

EP4SM uses a three-layered (IaaS, PaaS, SaaS) architecture 

as shown in Fig. 1, where the IaaS layer is provided by a 

cloud infrastructure on top of which EP4SM is deployed. 

 

Figure 1: EP4SM Architecture 

The IaaS layer takes care of servers, storage and 

networking. It consists of two sub-layers: 

 The Hardware and Virtualization sub-layer, which 

includes physical servers, storage, network equipment, 

the virtualization software stack, provided with defined 

reliability under service level agreements; 

 The Virtual Hardware Administration sub-layer, which 

offers access to the hardware and virtualization layer 

through a web- and an application programming 

interface; 

 

The EP4SM platform administrator interacts with the 

IaaS layer and configures all necessary components that are 

required to set up a virtual data centre providing the 

underlying infrastructure of the platform. EP4SM users have 

                                                 
3 Climate and Environmental Monitoring from Space (CEMS), 

Harwell, UK 
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a limited view on the services offered in this layer. With the 

help of a web browser they are authorized to deploy, start, 

stop and remove virtual machines. 

 

The PaaS layer consists of several sub-layers, some of 

which are directly supported by the IaaS: 

 The Cloud Orchestration sub-layer, which allows the 

deployment of virtual machines; 

 The Storage Virtualization and File Services sub-layer, 

which offers storage space to users and applications; 

 The Virtual Machine sub-layer, which allows users to 

install software on the virtual machines through the help 

of the Application Store sub-layer; 

 The Platform Management and Supporting Services 

sub-layer, which offers a computing platform consisting 

of preconfigured virtual machines with pre-installed 

operating systems, programming language execution 

environments, applications, databases and webservers. 

It allows users to develop and run applications over the 

Internet with no need for knowledge of system 

administration. 

 

The SaaS layer provides software applications to 

EP4SM users. Developers use this layer to deploy 

applications that can be accessed by other users through a 

web browser. 

 

3. EP4SM FEATURES 

 

With the current EP4SM demonstrator users can perform the 

following types of activities: 

 They can access and process soil moisture data in 

preconfigured but modifiable development and test 

(DTE) and runtime (RTE) environments with scalable 

computing resources in terms of CPUs and memory. 

 They can claim, use and release VMs from 

preconfigured VM templates or customize VMs to their 

personal needs and provide an image to create 

additional templates which are made available on the 

platform. Users log into their VMs via VPN and remote 

desktop. 

 Users can analyze soil moisture data in interactive web-

based applications, which are integrated into the 

platform and provided as SaaS. 

 They can use common platform services to access, up- 

and download data on the EP4SM file store, to share 

code in a configuration management repository (SVN) 

and to discuss and organize their work with a 

collaboration software (Alfresco). 

 

Within the project TU Wien GEO and IIASA as scientific 

platform users worked with these features to implement use 

cases in the soil moisture domain in their capacity as 

application developers, data providers and data users: 

 

 Deployment, further development and test of an early 

prototype of the Soil Moisture CCI processor on a 

dedicated VM and development and test environment. 

 Deployment and test of a web-based data viewer and a 

soil moisture data retrieval application in dedicated 

runtime VMs. 

 

In a concluding project phase other scientific users will be 

involved to explore the existing soil moisture applications 

and validate soil moisture data sets. They will typically work 

in personal VMs based on a shared RTE VM template. 

 

The EP4SM user portal is shown in Fig. 2. 

 

Figure 2: EP4SM Portal 

All EP4SM services are free for platform users, but the 

basic features are in place to add commercial services if this 

is required. A billing system will have to be added in this 

case. 

 

4. SCIENTIFIC COLLABORATION IN CLOUDS 

 

The experience from EP4SM shows that scientific 

collaboration leads to different requirements than typical 

commercial use cases for cloud services: Scientists need to 

be able to contribute their own services, they need large 

elastic resources in terms of computing power and data 

volumes, they need features to organize their work across 

flexibly changing partner networks at distributed locations, 

and they typically have little or no budget to pay on a per 

use basis for services of their collaboration platforms which 

should essentially enable scientists to do their regular work. 
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While the trend for commercial cloud services in the 

public market clearly goes to SaaS services, which are 

simple to use from almost any device that can run a web 

browser, scientists need the ability to intervene at deeper 

levels. They need development and test environments, they 

need to share code, data and documents, and they need to 

tune the optimal resources for production runs of their data 

processing software. The promise and the expectance are 

that “The Cloud” will implicitly make this all happen. 

 

5. LIMITATIONS OF REAL WORLD CLOUDS 

 

Practical experience shows that current real world clouds are 

still more constrained than users would hope: 

 

The portability of platforms between different cloud 

infrastructures is limited by the requirement to be 

compatible with the API of the cloud provider: Cloud 

providers use a range of different technologies, which 

typically are not directly compatible with each other. Even if 

the base technology is the same (e.g. VMware) cloud 

providers may use different APIs with which the platform 

needs to be made compatible. EP4SM uses the jclouds API 

[5], which supports all relevant cloud provider interfaces. 

However, a) specific adaption for each individual cloud 

provider API is still needed, and b) services or features, 

which are specific to a particular API or cloud provider 

cannot be used by the platform, since this would be in 

conflict with the portability requirement. 

 

Operating system (OS) license limitations may spoil the 

flexible use of cloud resources: OS licenses are typically 

provided by the cloud provider and claimed by users 

together with a VM. The set of available OS licenses 

depends on the specific provider. Specifically, in the case of 

Windows licenses, the offered licenses may limit the number 

of CPUs and the amount of memory which may be used on a 

VM. Thus, users are not really free any more to elastically 

increase the computing power of their claimed VMs because 

of the resource limit imposed by the infrastructure provider’s 

OS license. 

 

Licensing limitations may also come from proprietary 

software: Not all software vendors already offer licensing 

schemes for cloud environments. The underlying concern is 

that it is hard to control the use of software which is installed 

on a VM template that can be instantiated many times. 

Technically, floating licenses managed by a license server in 

the platform would address the issue. Another option are 

user-specific licenses, where users enter their license keys 

online when they start the licensed application. However, 

license policies are up to the individual vendors and 

sometimes evolve slower than technology. 

 

With current cloud offers user changes often require 

interventions of the cloud provider, which leads to delays 

and complex administration procedures: Ideally, the users 

would be enabled to largely self-administrate their platform 

through its user interface. Some changes may better be 

reserved for a user with an administrator role. In practice, 

however, the cloud provider represents an additional layer of 

system administration, and most cloud providers retain the 

ability to perform certain changes for themselves. Examples 

may be changing the total cloud resources being provided to 

the platform users or uploading new VM templates. In such 

cases the users first have to go through their platform 

administrator, who in turn has to go through the technical 

support of the cloud provider. Technical and administrative 

clarifications may be needed before the change is eventually 

implemented. For the users this means a limitation of their 

flexibility in using the platform and unexpected long waiting 

times before their requested changes are implemented. 

 

End of service issues: Commercial cloud services are 

rented for a limited period. Without service extension or 

migration to a different infrastructure the cloud 

infrastructure, together with the platform and all VMs, 

applications and data on top of it, would simply disappear at 

the end of the service period. Most cloud providers still keep 

the data for a certain grace period, so they can be migrated 

before they are ultimately lost. Migration may not be simple 

any more if a given platform has evolved over a longer time, 

complex software services have been deployed and large 

amounts of data stored. Thus the consequences of selecting a 

cloud infrastructure for a limited period have to be 

considered from the beginning. If collaboration platforms 

shall have a long term nature either the underlying 

infrastructure will require a certain minimum stability, or the 

actual portability of the platform together with all software 

and data content to a different infrastructure needs to be re-

validated in periodic intervals during the lifetime of the 

platform. 

 

6. FUTURE DEVELOPMENT 

 

The lessons learnt from EP4SM essentially are that cloud 

infrastructures, which are offered today, still have a number 

of constraints, which limit the degree of flexibility that 

scientific cloud users would like to see. Some are technical 

constraints based on the underlying technology; some are of 

an organizational or administrative nature (i.e. how much 

flexibility do commercial cloud providers eventually want to 

provide to end users), and some are commercial (accounting 

models of commercial cloud providers are not aimed at 

scientific users). At the same time there is a continuing 

overarching trend towards higher levels of virtualization, 

with the driving motivation that users of cloud services will 

not have to deal with aspects of individual machines at all, 

neither physical nor virtual. We thus conclude that further 
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development in the following directions is needed to 

continue improving the flexibility of scientific collaboration 

that is enabled by cloud platforms: 

 

1. Virtual desktops: The trend continues towards SaaS, 

even for development activities. The provision of VMs 

with custom environments should be lifted to the next 

level of virtualization by providing interactive desktop-

like SaaS services directly in the web browser. Users 

can then select the infrastructure resources, e.g. CPU 

and memory, to be used by the service, while the 

platform will automatically provide the right-sized VMs 

in the background. Users do not have to login to 

specific machines any more. Such services could either 

be narrow, e.g. provide a specific development 

environment, or broader, e.g. provide a complete virtual 

desktop. 

 

2. Modular platforms: Future scientific collaboration 

platforms will typically have to accommodate many 

projects and user groups working in different fields. 

While the total resources provided by a particular cloud 

infrastructure will always be limited, users will not want 

to compete for the available resources. Cloud resources 

thus need to be managed at the platform level as well. 

One way of addressing this issue is to build larger 

platforms from individual platform modules for user 

groups. Resources will then be managed separately for 

each platform module. User groups will independently 

collaborate within platform modules, while a common 

entry portal will provide central user accounting and 

enable collaboration across projects and user groups. 

Individual platform modules can then be added, 

removed, activated or deactivated. 

 

3. Portability and extensibility: While cloud providers and 

cloud infrastructures are in principle exchangeable, 

there are considerable differences in terms of 

technologies and APIs used and in terms of features or 

services offered by individual providers. Maintaining a 

strict portability requirement for user platforms implies 

that provider-specific services cannot be utilized by 

such platforms. It thus seems recommendable to commit 

to a base infrastructure where the platform is deployed. 

The base infrastructure should provide a certain stability 

and minimum lifetime and could, e.g., be a private 

cloud. Then the base infrastructure can be extended by a 

commercial or public cloud, e.g. the future European 

Science Cloud, to extend the total resource limits of the 

base infrastructure when this is needed. Such extensions 

are known as heterogeneous clouds. 

 

4. Scientific service accounting models: Typical 

commercial accounting models either go into the pay-

per-use direction or into the direction of paying for 

fixed maximum resources. Both are not attractive for 

scientific users: Fixed resources are in conflict with the 

desired flexible use and are expensive if not all 

purchased resources are eventually used. Pay-per-use 

leads to fluctuating costs and the need to approve the 

costs for each new user request for resources. Further, 

scientific organizations often have limited IT budgets, 

and the culture of scientific collaboration in general 

does not match well with the idea to pay for enabling 

such collaboration. While commercial cloud providers 

need to fund their infrastructure via paying customers, 

scientific clouds may instead be funded by national or 

international bodies rather than by the scientists 

themselves. So the use of scientific collaboration 

platforms would ideally be free for the users. 

 

Yet, there remains a need to manage and account 

for the cloud resources used, and a potential waste of 

resources needs to be avoided. Service accounting 

models for scientific users should thus a) not make 

using the platform unattractive and b) motivate users to 

avoid waste of resources. A reference example may be 

the rental service models of public libraries: Users can 

rent a service either for free or at a low cost for a certain 

period. Then they have to renew the service order or the 

service will be discontinued after a notice period. Here 

the rental fee does not primarily have a commercial 

purpose, but it provides an incentive for users to stop 

using resources when they are no longer needed. 

 

7. CONCLUSIONS 

 

The EP4SM platform serves as an early prototype to explore 

the benefits of cloud computing platforms for scientific 

collaboration in the EO domain. We outlined how 

requirements for scientific use cases differ from commercial 

cloud use cases and where ambitious promises of the trend 

towards cloud computing hit real world constraints of the 

current state of the art. The lessons learnt from EP4SM are 

summarized in terms of recommendations for future 

development of similar scientific collaboration platforms. 
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ABSTRACT

Continuously growing volume of remote sensed images
comes also with growing demand – not only to store these
images  –  but  also  for  spatial  databases  storing  EO
geospatial  metadata,  as  well  as  standardised  catalogue
service  to  access  them.  This  increasing  demand  for
catalogue server and its storage can be fulfilled by scaling.
This  document  describes  horizontally  scalable  EO
Catalogue project (SOROCA) which consists of two main
parts,  namely -  OpenSearch  based  server  and  MongoDB
storage element.

Index Terms—  SOROCA,  EO catalogue,  MongoDB,
NOSQL,  no  relational  spatial  database,  parallel  query
execution, opensearch 

1. INTRODUCTION

SOROCA is highly scalable open source earth observation
(EO)  catalogue.  Has  been  developed  based  on  European
Space Agency (ESA) request to speed up and horizontally
scale up, fast growing earth observation image catalogues.
This  catalogues  usually  store  a  meta-data  of  remotely
sensed  images  in  PostgreSQL database   extended  with
PostGIS and this  solution  (relational  SQL database)  does
not offer enough possibility for horizontal scaling (except
e.g.  STADO  [1]  extension  which  hasn't  been  enough
sufficient  for  our  purpose).  This  paper  describes  solution
using  MongoDB  [2]  (no  relational)  database  as  highly
scalable and reliable storage solution and Pycsw server [3]
as a skeleton for SOROCA catalogue server developed in
conformance with OpenSearch standard 10-032r3. Mongo
database  didn't  included  enough  sufficient  spatial
functionality  and  due  to  this  reason  has  been  extended.
Data in  SOROCA catalog are divided to same size block
and  distributed  to  several  nodes.  During  the  query
execution,  all  node including  relevant  data  will  work on
answer to query in parallel. 

2. INITIAL INVESTIGATION

During the investigation of input data we found, that they
don't  have 'ideal'  spatial  character  (there are images with
such huge footprint, that approx. 33 pcs of this footprints
cover entire earth and most of these geometries will have

almost  same  bounding  boxes.  Commonly  used  R-tree
spatial  indexing  uses  bounding  box  filtering  (Fig.1)  to
avoid unnecessary CPU utilisation.

Fig. 1.: Bounding Box & R-Tree hierarchy

Since there are lots of footprints of remote sensed images
which bounding boxes cover entire earth (Fig.2 and Fig. 3),
sometimes it is more advantageous to not use this indexing
at all. Of course this is strongly related to count of returned
results and spatial characteristics of geometries. The rule of
thumb being that indexing is effective if less than half of all
records  is  returned.  Therefore  in  some  cases,  sequential
scan of the whole database is faster.

   
        Fig. 2.:  Large footprint example

Fig. 3.: Multipolygon footprint in 2D space
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3. SCALING – DATA DISTRIBUTION

Investigation  of  available  storage  solutions  had  been
performed in  the beginning of this  project,  to serve as  a
principal  component  of  EO  catalogue  service.  We
investigated  possibility  to  scale  existing  PostgreSQL
database  with  application  STADO  [1].  This  application
offers  parallel  computing  without  replication.  Data
distribution to nodes was based on hashing of selected key –
field value.  MongoDB in  contrast  offers  replication,  data
distribution balancing and two methods how to distribute
data (hashing and range based distribution – which is the
opposite of first one).

4. MONGO SHARDING

The basic concept behind MongoDB’s sharding is to break
up collections into smaller  chunks.  These chunks can  be
distributed across shards so that each shard is responsible
for  a  subset  of  the  total  data  set.  We  don’t  want  our
application to have to know what shard has what data, or
even that our data is broken up across multiple shards, so
we run  a  routing  process  called  Mongos  in  front  of the
shards. This router knows where all of the data is located,
so  applications  can  connect  to  it  and  issue  requests
transparently.  As far  as  the  application  is  concerned,  it’s
connected to a normal Mongod. The router, knowing what
data is on which shard, is able to forward the requests to
the appropriate shard(s).

If  there  are  responses  to  the  request,  the  router  collects
them and sends them back to the application. In a sharded
set-up, like shown Fig. 4, the client connects to a Mongos
process,  which  abstracts  the  sharding  away  from  the
application. From the application’s point of view, a sharded
setup looks just like a nonsharded setup. There is no need
to change application code when you need to scale.

 Fig. 4.: Mongo Sharding

5. SHARDED COLLECTION  BALANCING

Balancing is the process MongoDB uses to distribute data
of  a  sharded  collection  evenly  across  a  sharded  cluster.
When  a  shard  has  too  many  of  a  sharded  collection’s
chunks compared to other shards, MongoDB automatically
balances  the  chunks  across  the  shards  (Fig.  5).  The
balancing  procedure  for  sharded  clusters  is  entirely
transparent to the user and application layer. [4]

                             Fig. 5.: Balancing

6. CATALOG SERVER /SERVICE 

Catalog  Services  has  been  developed  in  conformance  of
OpenSearch  Specification  10-032r3  (part  of  future  CSW
3.0). SOROCA catalogue has this characteristics:

Functionality (base):
           -Full text search
           -Bounding box search
           -Arbitrary geometry search (using WKT)
           -Spatial search using a point and a radius
           -Get record by id
           -Search by name
           -Temporal search

  Relational geo function:
           -Contains
           -Overlaps
           -Disjoint

 Geometries:
           POINT
           LINESTRING
           POLYGON
           MULTIPOINT
           MULTILINESTRING
           MULTIPOLYGON
 .
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7. PRELIMINARY BENCHMARK

A preliminary comparative benchmark had been performed
(only on DB level only – due to the fact that PostGIS based
catalogue was not available in  lab for comparison).  Until
now  we  have  performed  three  main  comparisons.  We
compared  PostgreSQL and  Mongo  database  running  on
single  machine/node with  Mongo database  running  on  3
nodes -   i.e.  scaled with  factor  3.  As we can  see on the
chart, real scale factor in case of use 3 shards (3SH) / nodes
was approx. 2,25. This factor is assumed to be improvable
by additional optimization. The query description and setup
condition are listed under chart.

GEO1 - Search by arbitrary geometry (Luxemburg defined 
by 68 coordinates) in series of 1422303 records.  
Count of results =8974.

GEO2 -  Search  by arbitrary geometry (defined  by 104  
coordinates) in series of 1422303 records. Count of
results =9242.

GEO3  -  Search  by arbitrary  geometry  (defined  by 82  
coordinates) in series of 1422303 records. Count of
results =9116.

Input data:  Real  EO database (sample  GPOD database  
provided by ESA)

3x Equipment:
3GHz  CPU  4xCORE,  8GB  RAM,  OS  Linux

Debian 6, Software RAID0, 

8. CONCLUSION

The system had been developed and more complex testing
and benchmarking is going to be performed in following
months, as well as demonstration of deployment in cloud.
Preliminary  benchmark  results  look  promising,  even
though it is expected to improve after optimization. One of
the significant lessons learnt in this project is that the R-
Tree spatial indexing is not optimally suited to all spatial
data.  Result  of  this  work  is  a  Catalogue  service  able  to
select the best filtering/indexing (bounding box filtering or
grid  index)  or  disable  it  completely  –  with  option  to
manage it separately for each different group of data (with
different  spatial  characteristics).  Performance of this  new
features and type of filtering was not fully tested yet, but
high scalability should offer sufficient performance without
spatial indexing.
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ABSTRACT 
 

The Earth Observation Exploitation Platform (EOXP) is an 
innovative concept representing future facilities for EO 
dissemination and   processing services,   geographically 
distributed, organized in federated domains, largely scalable 
and with reliable quality of service. Currently, a proof of 
this concept has been developed through a demonstrator, 
meant to provide a high-level overview of the capabilities of 
a full EOXP system. The proposed tools/technologies have 
been  selected  taking  into  account  an  optimal  trade-off 
among development maturity, spread, functionalities, 
reliability and costs.   Namely, the EOXP demonstrator, 
deployed  by means  of  a standalone  system,  provides  the 
end-user  with  a  web  console,  where  a  subset  of 
functionalities are presented. The implementation of these 
functionalities is tailored to provide a self-contained 
standalone environment that can, in principle, be used as 
starting point for a larger and more complex infrastructure. 

 
Index Terms— Earth Observation Exploitation 

Platform, EO dissemination, Collaborative Ground 
Segment, Processing Services 

 
1. INTRODUCTION 

 
The Earth Observation (EO) data volumes and related 
processing demand for scientific projects are more and more 
increasing in the last few years. In general data access 
concepts  like “Open  Data”  and  “Linked  Open  Data”  and 
their  related  policies  are spreading  in the scientific 
community [1]. This is forcing for implementation of new 
and  better  dissemination   and  processing  services,  with 
respect to the “traditional” ones. This is the context in which 
Cloud Computing surging has played a central role (also in 
terms of user’s experience expectation). It commonly refers 
to network-based services, which appear to be provided by 
real server hardware, and are in fact served up by virtual 
hardware, simulated  by software running on one or more 
real machines. Such virtual servers do not physically exist 
and can therefore be moved around and scaled up (or down) 
on the fly without affecting the end user capabilities. 

In the EO User Service world, this has been translated in the 
concept of “Collaborative Ground Segment” [2] in which 
synergic exploitation of EO data collected from different 
missions  allows  different  user  communities  to  analyse, 
display and process (or re-process) EO data, and to make 
available their work to the community. A Collaborative 
Ground Segment is intended to allow complementary access 
to the data and/or to specific data products or distribution 
channels.  It  provides  moreover  the  framework  for 
international cooperation. The collaborative elements are 
expected to bring specialized solutions to further enhance 
missions’ exploitation in various areas: 

•  Data acquisition and (quasi-) real-time production; 
•  Complementary products and algorithms definitions; 
•  Data dissemination and access; 
•  Development of innovative tools and applications; 
•  Complementary   support   to   calibration/validation 

activities. 
 
In  this  light  the  Earth  Observation  Exploitation  Platform 
(EOXP) is a facility providing the following capabilities: 

•  Exposing data on a “virtual” exploitation platform; 
•  Federating services from different providers; 
•  Allowing  scientific  users  to  develop  value  added 

services (or data) within a common framework. 
The actual implementation of a full EOXP system needs a 
considerable effort in terms of design and development. The 
EOXP demonstrator presented in this paper could be 
considered as the first step towards a full Earth Observation 
Exploitation Platform facility. 
 

2. THE EOXP DEMONSTRATOR 
 
The  EOXP  demonstrator  represents  a  proof  of  concept, 
meant to provide a high-level overview of the capabilities of 
the EOXP system. It is implemented through a stand-alone 
system exposing a set of functionalities.  The logical high 
level schema with his nested structure - from the Operating 
System to the Application Layer - is represented in Figure 1. 
On top of the OS, VAGRANT is free and open-source 
software [3] permitting to create and configure lightweight 
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and reproducible virtual development environments. Virtual 
Box [4] has been selected as one of the most known 
virtualization applications. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. EOXP demonstrator logical schema 
 

Namely,  everything  is  thought  to  be  self-contained  in  a 
single host machine. Therefore, all the virtual hosts are 
actually competing for the same resources (CPU and disk 
space). But in principle  the web application could leverage 
a     more complex     stack     with     a     limited     effort, 
integrating  APIs from VMware or KVM suites. 
The EOXP web console (shown in Figure 2) is accessible 
by a standard authentication mechanism, with username and 
password. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2 EOXP demonstrator Main Menu 
 

The commands are organized according to a “Desktop” 
paradigm where the left-most column contains several pools 
of “resources”, whilst right column shows the set of the 
available resources associated or chosen by the user. The 
commands organizations is summarized in Figure 3. 

Figure 3 Available resources and selected resources 
 

The  IT  Provisioning   functionality   permits  to  generate, 
handle and provide to end-users virtual machines resources 
(see e.g. Figure 4). Once generated, the virtual machines, 
equipped  with graphical  environment,  are available  under 
My Servers. The Application Store service offers a set of 
available   applications,   which   can   be   installed   on   the 
machines. Once installed, the application (e.g. the BEAM 
toolbox) will be accessible under My Applications. 
Access  to the  virtual  machine  is  also  allowed  by remote 
desktop access. Into the virtual machine, the BEAM 
application  can  be  launched,  permitting  to  display  and 
process   products   from   the   shared   directory   My   Data 
Sources.   Data   Discovery   offers   a  series   of   tools   for 
accessing EO datasets, either through catalogue queries (e.g. 
the G-POD Catalogue [5] implemented in the EOXP 
demonstrator) or through direct access to data repositories 
(e.g. the ESA Virtual Archive 4 VA4 [6] integrated into the 
demonstrator). 

 

 
 

 

Operating System 
VAGRANT 

Virtual Box 
Application Layer 
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The  Billing  function  permits  to  access  to  services 
monitoring  interface  for  the virtual  machines  (e.g.  global 
disk  usage,  memory  usage,  use  of  computing  resources, 
etc.), while My Projects provides detailed information on 
user’s projects 

3. CONCLUSIONS 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4 EOXP: IT Provisioning Console 
 

In Figure 5 we show the data access through the ESA VA4 
as an example. Results from Data Discovery can be 
downloaded into the shared folder My Data Sources. The 
Processing Services provides a set of services for processing 
the EO datasets. The user selects the virtual machine and the 
processing service (processor) to be used over a previously 
selected data set. A list of available machine for processing 
is shown to the user. Under My Processing Console the user 
can see the details of the processing workflow (e.g. input 
and output filename) and can visualize the results.. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5 EOXP: ESA Virtual Archive 4 (Data Discovery) 

The developed demonstrator described in this paper is the 
first step towards a full Earth Observation Exploitation 
Platform (EOXP) i.e. an innovative set of facilities for EO 
dissemination and   processing services,   geographically 
distributed, organized in federated domains, largely scalable 
and with reliable quality of service. The demonstrator is 
deployed  by means  of  a standalone  system,  provides  the 
end-user  with  a  web  console,  where  a  subset  of 
functionalities are presented. The prototypal framework is 
chosen to be flexible enough to be tailored for a larger and 
more complex infrastructure. 
The EOXP demonstrator has been successfully tested  on an 
application   scenario.   In   particular   a   set   of   graphical- 
equipped Linux virtual machines have been generated 
including the “Beam” application. Queries to the G-POD 
catalogue and data download from  the ESA Virtual Archive 
4 VA4 have been performed exploiting   the demonstrator 
data discovery tool. Downloaded data have been then 
visualized by “Beam” in the virtual environment. The 
Processing services has been tested executing a simple 
geometric  feature  extraction  from    a  selected    EO  data. 
Billing functionalities are currently simulated 
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ABSTRACT 

 

The current paper describes the rational, the objectives and 

the high-level architecture of the ESE project, which is 

sponsored by ESA in the frame of the GSTP programme. In 

this project VITO and Spacebel collaborate to prototype an 

end-to-end solution with the potential to drastically improve 

the exploitation of the SPOT-VEGETATION and PROBA-

V EO-data (Earth Observation-data) by both researchers and 

end-users.  The analysis of time series of data is addressed, 

as well as the near real-time data needs; the solution can be 

an example to be applied for exploitation platforms on 

Sentinel data in the future in support of the 

vegetation/agricultural community. Although the ESE 

project focusses on many aspects, this paper has a focus on 

the visual analytics part with the aim to offer flexible and 

dynamic Web-based dashboards to the users. 

 

1. INTRODUCTION 

 

Due to rising food prices and its impact on climate change 

on a global scale, agriculture is more and more at the top of 

the political agenda. To meet the objectives of viable food 

production, the sustainable management of natural resources 

and climate action requires sophisticated and timely 

information. Similar information needs exist to monitor the 

environment more effectively (drought monitoring, 

ecosystems mapping, habitat quality mapping, etc), which 

can be extracted from various EO-data available from space-

borne and air-borne sensors. Today, we already have 

extended timeseries of data from current and past missions 

as SPOT-VEGETATION, MERIS, MODIS, etc. In the near 

future, these data will grow drastically, thanks to new 

sensors with increased data volumes such as PROBA-V 

from November 2013 onwards and Sentinel-3 and Sentinel-2 

in the future. Furthermore heterogeneous data, which cannot 

be available anymore at one single data centre, needs to be 

analysed simultaneously and on-demand processing of high-

resolution data becomes more and more a need. To address 

these challenges from an infrastructure point of view, VITO 

and Spacebel collaborate in the ESA/ESRIN funded project 

‘European Support Environment Enhancements (ESE)’. 

 

The Belgian research institute VITO has been active in the 

vegetation/agricultural domain since many years, both on a 

global (see e.g. the Global Monitoring for Food Security 

initiative) as on a local scale introducing e.g. innovative 

information feeds for precision agriculture. VITO also hosts 

since 1998 the production and archiving facility (PAF) of 

the SPOT-VEGETATION missions and hosts the PAF of 

the PROBA-V mission from 2013. These missions provide 

every day a near global multispectral image of land masses, 

suited for vegetation applications. VITO hosts also an 

operational centre for the production of various bio-

geophysical parameters in the frame of Copernicus Global 

Land. This ESE project aims to build on those achievements 

by expanding and building an image processing and 

information extraction system allowing generating user-

ready information on agriculture with the final aim to build a 

platform for the research and operational community to 

foster open innovation. The ambition of the ESE project is 

to add innovative information-retrieval and on-demand 

processing services on top of the existing data distribution 

services. This will contribute significantly to the scientific 

exploitation of the data and will open the data to a broader 

community of users. In this project, VITO collaborates with 

SPACEBEL, which has a proven experience in software 

engineering, system integration, EO application and Web-

based software development, specifically focussing on the 

interoperability and standardisation of interfaces to EO 

ground segments through Web services, OGC and 

Heterogeneous Missions Accessibility (HMA) standards.  

 

2. OBJECTIVES 

 

During the last decade, interoperability standards for Web-

based access and visualisation of EO-sensor data and 

derived products have been adopted and are increasingly 

being applied within emerging Spatial Data Infrastructures 

(SDIs).  One of the more recent evolutions is the emergence 

of standards related to Web-based GeoProcessing, which 

empowers users of SDIs with processing-on-demand 

capabilities.   

This evolution allows to provide more advanced services to 

both an agricultural/vegetation expert and non-expert users, 

to allow extraction of information from our extensive 
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portfolio of  EO-products, rather than providing only data. 

This allows the user to: 

 

 Analyse time-series of data in a convenient way. 

Global earth observation system (GEO) themes as 

climate, biodiversity, agriculture and ecosystems 

require long time series and integration of other 

data sources to analyze changes and trends to better 

predict the future and adapt their policies. A huge 

amount of data and algorithms are required both 

from EO and modelling perspectives.  

 Prototype algorithms by including new components 

into EO-processing chains with immediate access 

to the data; this provides a more efficient way to 

design EO-applications from the research phase 

into an operational service. 

 Design and deploy multi-mission applications, 

invoking data at different archiving centres as 

efficiently as possible, by connecting to 

infrastructures of other providers via open 

standards. 

 

With this ESE project we aim to provide processing-on-

demand capabilities on two levels: 

 

 Software level: by providing interactive Web-based 

processing applications, ready to be used by any 

non-expert user by only providing some input 

parameters. 

 Platform level: by providing a platform for EO-

specialists which allows them to design EO-

applications as workflows, involving processing 

services and data from VITO, powerful Open 

Source EO Processing libraries from third-parties, 

as well as algorithms and data from the user 

themselves. Hence we provide a research platform 

to experienced users with near real-time access to 

the extensive data archive at VITO. 

 

3. OFFERING AN END-TO-END SOLUTION 

 

The ESE project will develop a single end-to-end solution 

with tools for data visualization and analysis, on-demand 

data processing, EO data access and e-collaboration. Hereby 

we integrate as much as possible existing components into 

one solution: 

 

 Array database technology is used to provide fast 

access to the large time series of EO-data and 

derived products for on-the-fly statistical analysis 

and calculation of vegetation indices for user-

defined regions. Within ESE the ‘Rasdaman’ [1] 

raster data manager is integrated as a prototype to 

provide a standardized query interface (WCPS – 

Web Coverage Processing Service) to analyse the 

time-series. To optimize performance, pre-

processed query results are stored in an Online 

Analytical Processing (OLAP)  cube to realize fast-

responding services and the generation of reports.  

 Hadoop, as a software framework for data-intensive 

distributed applications according to the 

MapReduce software paradigm, 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. 

It’s applied often for processing big data and will 

be applied in this context for the on-demand 

processing of EO-data. Oozie is used as a workflow 

processing engine to design an EO-application as a 

workflow of multiple processes. In ESE, the 

Cloudera Hadoop distribution [2] is used for the 

distributed EO-data processing. The EO raster data 

is uploaded to the Hadoop Distributed Filesystem 

(HDFS) using the DataManager which integrates 

with several catalogues implementing different 

protocols (i.e. HMA discovery and ordering 

protocols, ngEO interfaces, …).  

 Cloud computing technology will enable dynamic 

resource provisioning and, therefore, providing a 

performing and scalable solution. The system will 

be demonstrated both on private (using openNebula 

at VITO) and public cloud resources (at Interroute). 

A key item here is to discover and access the data 

on a (public) cloud or to move the processing 

towards a cloud where the data is available. 

 The ESE project will offer interactive Web-based 

dashboards to provide user-tailored information 

from the EO-data archives of VITO and other 

providers, by combining existing components such 

as Javascript libraries, Business Intelligence tools 

and GIS components into one single solution. The 

combination of these different components and 

allowing interactions between these, applied on 

data available in disparate data stores, will offer 

powerful Web portals to the users. Figure 1 below 

shows a prototype which allows users to analyse 

different vegetation parameters for different regions 

and drill-down on specific land cover classes. The 

information is served by the OLAP cube. Thanks to 

the use of commonly known interfaces, existing 

tools can also be used by experts to analyse the 

information, beyond the capabilities of the 

dashboards. 
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Figure 1: Web-based component for the analysis of global vegetation parameters 

 
 The ESE Portal is built on top of a Liferay [8] 

Portal. Expert users can create pages containing 

portlets and gadgets, which provide access to 

catalogues, EO processing workflows and reports 

showing statistics gathered from the Rasdaman EO 

database. Through a loosely coupled inter 

Portlet/Gadget communication mechanism the child 

components of a dashboard can communicate with 

each other to become an interactive dashboard. The 

Portal will also enable collaboration (e.g. share 

processing requests and data analysis results) 

between ESE users by integrating various 

components (e.g. page comments, forum) which is 

natively provided by the Liferay technology. 

 For security reasons, access to the ESE services is 

controlled. User credentials and related attributes 

are stored in a separate LDAP user registry, which 

makes it possible to authenticate using an Identity 

Provider (IdP) allowing to enable Single Sign-on 

(SSO). As the system is designed using (Service 

Oriented Architecture (SOA) principles, access to 

web services is secured by a Security Token 

Service (STS).  

 

4. VISUAL ANALYTICS 

 

Good visual representations are a key requirement for 

making vast amounts of data understandable. Traditionally, 

this was done using ‘business intelligence’ tools which 

focused on report generation from various data sources. 

These reports were usually created once by sufficiently 

trained person, and then used by the decision makers. 

 

In recent years, new technologies have enabled a more 

interactive version of business intelligence. These allow end-

users to directly navigate and visualize the data. This implies 

that fast access to the data is available, which can be 

achieved using an OLAP cube, or more recent NoSQL 

technologies. 

 

In the ESE project, we will investigate the options that are 

currently available to implement this based on existing 

components. We already mentioned that business 

intelligence tools exist which are specifically designed to 

enable data analysis. Therefore this is the first option which 

was investigated, however not fully satisfying the 

expectations of the users. 

 

Another option is to use Javascript libraries to create a 

solution which is more tailor made for our goals. This would 

allow us to provide solutions that more closely match the 

needs of the Earth Observation community, but is also 

motivated by the fact that these libraries provide a lot of 

high level functionality, at a fraction of the price of a 

complete tool.  
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In the ESE project, we have created a prototype which 

combines mapping and graphing components into a single 

integrated solution for the visualization of time series. 

The prototype application will connect to various data 

providers: 

 

 The Rasdaman array database for ad-hoc queries 

 The OLAP data cube for sub-second queries on a 

large set of pre-calculated time series. 

 Third party sources such as data.fao.org to enable 

correlations with other parameters. 

 

 

 
Figure 2: Data visualization prototype 

 

 
 

A second prototype will make the same components 

available as a dashboard, which allows users to assemble a 

number of interesting visualizations into one view. 

 

Another goal of the project is to provide e-collaboration 

features between users of the system. One example is 

sharing of dashboards between users. This functionality will 

be provided by the Liferay portal environment.  

 

Additionally, the Liferay portal will also host other generic 

components such as a Discovery Application acting as a 

client to various types of Catalogue Services and a 

Processing Application acting as a client to Processing 

Services. In this way, the system will provide a single 

integrated solution for Earth Observation data analysis. 

 

 

 

5. CONCLUSION 

 

The ESE project will design and demonstrate an 

infrastructure to ease the exploitation of massive amounts of 

EO-data. The system will be generic in nature and can be 

used for rapid realization of Web-based applications for 

vegetation related and wider environmental EO 

Applications.  During the project, demonstrations of the 

technology are done in collaboration with three pilot 

projects. 
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ABSTRACT 
 
National Space Agencies under the umbrella of the 
European Space Agency are performing a strong activity to 
handle and provide solutions to Big Data and related 
knowledge (metadata, software tools and services) 
management and exploitation. 

Several tools, both open source and commercial, are 
already providing technologies to handle data and metadata 
preparation, access and visualization via OGC standard 
interfaces. This study aims at describing the Multi-sensor 
Evolution Analysis (MEA) system and the Data Curation 
concept as approached and implemented within the ASIM 
and EarthServer projects, funded by the European Space 
Agency and the European Commission, respectively. 
 

Index Terms - Time series, Data Curation, big data 
 

1. INTRODUCTION 
 
Big Data for Earth and atmosphere sciences are realty from 
a while: the data scientist profile has been recently proposed 
during the Big Data from Space event, [1], to uniquely 
identify professionals devoted to handle huge volume of 
data and metadata. The availability of efficient tools to 
organize, store, access and exploit EO products is essential 
to provide user communities with advanced value added 
products and services based on the use of satellite data in 
different application domains. Activities related to Data 
Curation (DC, see [5]) are fundamental in order to guarantee 
wide and “easy” access to large databases. 

In the framework of the Automatic, Semantic Image 
Information Mining from Time Series of HR/VHR images 
(ASIM) project, [2], the European Space Agency has 
requested the development of a specific platform, named 
Multi-sensor Evolution Analysis (MEA), [3], with the scope 
of demonstrating that long term satellite datasets coming 
from different sensors are accessible and exploited in real 
time from a web application. In November 2013, the MEA 
platform has been also adopted to handle Atmosphere and 
Climate products within the European Scalable Earth 
Science Service Environment (EarthServer), [4], increasing 

the number and the volume (+100TB) of coverages offered 
by the web application, [6], [7]. 

The present work aims at introducing the basis of EO 
products handling to provide fast data access service via 
Web Coverages Services (WCS), [8], and Web Coverage 
Processing Services (WCPS), [9].  
 

2. EO PRODUCTS AND MODEL DATA 
 
Vegetation indexes, Soil Moisture, Land and Sea Surface 
Temperatures, Precipitation, Aerosol content and properties 
are just examples of products retrieved (observed / 
estimated) from satellite instruments. Apart from the 
geophysical content, each product has specific spectral and 
spatial characteristics that make really challenging the 
handling the large variety of EO products within a common 
approach. In the ASIM project, the European Space Agency 
sponsored the feasibility analysis and implementation of a 
multipurpose geospatial database infrastructure in support to 
the scientific community. Software and data requirements 
have been collected from User Interest Groups (UIGs) 
belonging Earth and atmosphere communities addressed 
within ASIM and EarthServer initiatives respectively. 

In addition to the initial basket of EO products consisting 
of ESA daily composite products over Europe and Africa, 
the user communities asked to insert their own data 
(including forecast model and reanalysis coming from 
numerical model scientists); a complete list of the presently 
available data can be found in Section 4.1. 
 
The MEA platform has been developed with the scope of 
demonstrating the feasibility of an advanced tool for long 
term multi-sensor / multi-resolution / multi-temporal data 
management system. Conceived to support installation in 
cloud environment, the MEA platform consists of five main 
sub-components (see Figure 1) to handle distinct 
functionalities of the system: 

• ADI - Automatic Data Ingestion module, that 
handles data collection and data curation processes 
(e.g. download of data from remote archive, 
extraction of geophysical parameters, re-projection, 
…) 
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• DAR.LDR - Data Archive Loader, that handles 
loading of data according to default and/or pre-
defined tiling schema 

• DAR.MDB - Data Archive Multi-dimensional 
DataBase, that stores the coverages (EO products 
and model data) 

• DAR.IFC - Data Archive Interface, that provides 
data access and data processing access services to 
the coverages via OGC standard protocols 

• GUI - Graphic User Interface, that provides web 
functionalities for system administration and to 
access, process and visualize time series 

 

 
Figure 1. Multi-sensor Evolution Analysis (MEA) 

platform: details on software modules and interfaces. The 
use of standard interfaces permits to access (WCS) and 
process (WCPS) data distributed in local and remote 
servers.  
 

3. DATA CURATION 
 
The level of processing (from Level 0 to Level 4 or higher), 
the data format (e.g. HDF, netCDF, GeoTIFF, JPG2000), 
data compression, projection in local and global scales are 
separately approached by data experts when working with 
EO products. All these actions can be expressed with the 
concept of Data Curation. 

Facing multi-temporal applications, Data Curation 
requires also addressing data sorting and data structuring 
especially when real time data access and data processing 
performances are requested. User requirements related to 
data access aspects (e.g. long time series of a single 
geophysical parameter, or single temporal slice of several 
EO products, or comparison of different algorithms or 
sensors) drive data structuring. 

The MEA platform presently implements the tiling 
options offered by the rasdaman technology, [10]. Once the 
time series of multi-dimensional datasets is available, the 
system operator defines the N-D tiling schema according to 
the user needs. Most of the coverages currently available 

through MEA consist of regular time series of single 
geophysical parameters, for which, the most appropriate 
tiling schema is the 3-D that in rasdaman rasql query 
language looks like: 
 

"tiling regular [x1:x2,y1:y2,t1:t2] tile size 16384" (1) 
 

Thanks to the support of multi-dimension datasets, the 
expression (1) can be generalized and extended to N axes in 
order to enable N-D handling. 
 

4. APPLICATION EXAMPLES 
 
4.1. Data Availability 
Following the data curation / data preparation approach 
described in Section 3, a wide set of data has been pre-
processed, ingested, and made available through MEA. Two 
main domains have been identified: Land-related datasets 
and Atmosphere-related datasets. Figure 2 shows the 
complete list of available datasets at the date of writing the 
document.  
 

 
Figure 2. MEA data availability at 03 Feb. 2014 Green 

lines represents the datasets that belong to the “land” 
domain, while the Orange lines represent the dataset 
belonging to the “atmosphere” domain. 
 

The data curation phase has allowed preparing and 
ingesting the data in a way that they can be visualized and 
exploited singularly or combined. Presently the consistency 
of the MEA database of environmental data is of about 
50TB, one of the largest available data exploitation 
platforms.  
 
4.2. Single and Multi-collection exploitation 
The MEA interface allows users to access and visualize 
single available collections or combined ones. There are two 
main functions available for data visualization and 
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exploitation: time series extraction on a single point, and 
map retrieval at a defined time. 

The time evolution of a single collection is represented 
by a 2D graph where the “x” axis represents the time, while 
the “y” axis shows the selected parameter; each displayed 
line represents a selected point, to allow their comparisons. 
The time evolution of multiple datasets can be represented 
either by many 2D graphs, one for each collection or, for 
collections representing the same value (e.g. land surface 
temperature from AATSR and MODIS) single graph with 
many lines each representing one collection: this allows 
comparing data from different sources, or different 
algorithms for the same collection 

The 2D maps can be visualized selecting the Area of 
Interest (AoI) on the MEA map, and retrieving the image for 
a defined time / timeframe. The extracted maps can be 
superimposed to the MEA background, and the stacked 
maps can be managed through a specific interface, 
managing transparency and on/off switch. If a single 
collection is selected, only one image is retrieved: if more 
collections are selected, one image per collection is 
retrieved per time step. 

All information necessary to create time series graphs or 
2D maps are retrieved from the database by means of WCS 
queries. 
 
4.3. Application examples 
Some examples are provided in order to show how well-
prepared collections can be used to analyze specific natural 
events. 

Figure 3 shows how three fields, namely soil moisture, 
vegetation index and precipitation, are used to identify 
drought events in Africa. A total of six collections are 
selected in a 12 year time interval. Data on a single point are 
retrieved from the database in less than 10 seconds.  

Figure 4 shows how the evolution of three points allows 
identifying flooded areas in Pakistan (bottom map): the top 
graph represents the evolution of a vegetation index on the 
three points, identifying the two flooded ones (yellow and 
orange) and the non-flooded one (pink, where the 
phonological cycle is unchanged with respect to the 
.previous and following years). The bottom graph 
(precipitation) shows the difference in impact of the short 
and intense the precipitation event (September 2010), with 
respect to similar but longer events occurred in future (see 
may 2011 and September 2011).  

 

 
Figure 3. identification of drought / famine events in 

Eastern Africa (Somalia) and evolution trends using multi-
temporal data analysis of Soil Moisture (top), NDVI 
(middle) and precipitation (bottom) time series (from 2001 
to 2013). The top graph is formed by four Soil Moisture 
collections: the WACMOS long time series collection, and 
three versions of the Soil Moisture algorithm from SMOS 
that are successively applied. 

 
Figure 5 shows one of the possible applications of the 

use of maps extracted from multiple collections. On the top 
figures, a global MODIS NDVI map, a global WACMOS 
soil moisture map, and a global SMOS soil moisture map 
are provided from left to right respectively, for the 1st of 
January 2010. The bottom figure represent the composite 
image, that contains all available information for the 
selected collections for the same day, providing a complete 
figure that can be exploited verifying, on the identified hot 
spots, the evolution of the selected collections (e.g. 
verifying the temporal evolution of the precipitation field 
over points with high soil moisture value and low NDVI 
values). 

Figure 5 shows one of the possible applications of the 
use of maps extracted from multiple collections: a global 
MODIS NDVI map, a global WACMOS soil moisture map, 
and a global SMOS soil moisture map are used to create a 
composite image that contains all available information for 
the selected collections for the same day; this complete 
figure can be used e.g. to verify, on the identified hot spots, 
the evolution of the selected collections (e.g. verifying the 
temporal evolution of the precipitation field over points with 
high soil moisture value and low NDVI values). 
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Figure 4. Three points investigated. The yellow and the 

Orange ones were flooded on August 24th 2010. The violet 
one shows no floods detected. 
 

 
Figure 5. Multi-collection global composite image for 

Jan, 1st 2010 formed by MODIS NDVI, WACMOS soil 
moisture and SMOS soil moisture.  
 
 

5. CONCLUSION 
An active archive with online query capability, accessed via 
an advanced web application, provides data access and data 
processing access to EO products and model data. Multi-
sensor, multi-resolution, multi-projection and cross-domain 
coverages are available to science communities and user 
interest groups to exploit terabytes of data for dynamic 
phenomena monitoring: drought, floods, fires and burned 
areas, displacement maps, pollution, meteorological events. 

In order to allow to effectively exploiting these large 
datasets, a detailed Data Curation phase must be performed. 
The approach implemented within the MEA system has 
demonstrated its effectiveness in data structuring and in the 
successive data exploitation phases. This approach can be 

generalized to manage any type and any dimension of EO-
based dataset. 

The description of the system that implements the 
proposed approach (the MEA system) and a series of use 
cases that demonstrate the effectiveness of the exploitation 
of very large time series of environmental data (mainly 
retrieved by satellite sensors) are provided. 
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