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ABSTRACT
Polarimetric Synthetic Aperture Radar (PolSAR) is having an
increasingly positive impact in the Remote Sensing commu-
nity since the launch of the first practical fully polarimetric
sensor, AIRSAR, in 1985. The availability and relevance of
these data makes it important to offer users state-of-the-art
techniques for PolSAR image processing and analysis. One
of the most used platforms is PolSARpro, a freely available
software which includes tools for data processing, extraction,
analysis and visualization. As PolSARpro has not yet incor-
porated some of the advances stemming from the Information
Theory framework, in this work we present the current state of
the development of a system which integrates such tools using
TerraLib.

1. INTRODUCTION

Remote Sensing data from Polarimetric Synthetic Aperture
Radar (PolSAR) are becoming easily available since the launch
of the first practical fully polarimetric sensor, AIRSAR, in
1985 [1]. Since then, many sensors have been deployed and the
relevance of these images for Remote Sensing is increasingly
recognized.

Such availability and relevance, along with the peculiar
nature of the data [2], makes it important to offer users state-
of-the-art techniques for PolSAR image processing and anal-
ysis. One of the most used platforms is PolSARpro [3, avail-
able at https://earth.esa.int/web/polsarpro/
home]. This software includes a number of tools for data
processing, extraction, analysis and visualization.

Albeit a complete toolbox, PolSARpro has not yet incor-
porated some of the latest advances in PolSAR image pro-
cessing and analysis, in particular those stemming from the
Information Theory framework. In this work we present
the current state of the development of a system which in-
tegrates such tools using TerraLib [4, available at http:
//www.terralib.org/] as platform.

TerraLib’s Web site states that
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TerraLib is a GIS classes and functions library,
available from the Internet as open source, allow-
ing a collaborative environment and its use for the
development of multiple GIS tools. Its main aim
is to enable the development of a new generation
of GIS applications, based on the technological
advances on spatial databases. TerraLib is a free
software.

TerraLib is developed in C++.

2. INFORMATION-THEORETIC TOOLS FOR
POLSAR

New tools emerged from Information Theory after the advent
of important connections between stochastic divergences, en-
tropies, and statistical tests. Pardo et al [5, 6] showed that,
under mild conditions,

a) a large class of divergences between distributions can be
turned into distances which, once properly scaled, have
known asymptotic properties, and that

b) a large class of entropies can be compared with tests
statistics which have known asymptotic properties.

Frery et al [7, 8] obtained such statistics under the as-
sumption of the scaled complex multivariate complex Wishart
distribution, a widely accepted model for full PolSAR data
from textureless targets. The authors present examples of
classification procedures based on those statistics.

These analytic tools were recently used for edge detec-
tion [9], and for PolSAR image filtering using Nonlocal
Means [10]. Using a numerical approach, Silva et al. [11]
devised a supervised classification scheme for bivariate
Gamma models, useful for dealing with pairs of intensi-
ties as those provided by Radarsat-2, Envisat and Cosmo
Skymed. These tools were developed in several program-
ming languages as, for instance, R [12, freely available
at http://www.r-project.org/], OX [13, freely
available at http://www.doornik.com/ox/], and
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IDL/ENVI, as proofs-of-concepts rather than intended for
final users.

The system here described incorporates those and other
tools. The system focus is threefold, namely:

• Ease-of-use: it inherits well-tested user-interaction
tools.

• Numerical accuracy: as it employs routines from R,
which is well known for being more dependable than
other computational platforms in this respect [14].

• Completeness, since it incorporates not only techniques,
but state-of-the-art assessment procedures [15].

3. SYSTEM ARCHITECTURE

The system is conceptually organized in three main operational
parts; cf. Figure 1:

Input: A set of routines for reading and organizing several
types of input formats, with emphasis on those currently
employed by PolSARpro.

Data Processing: The core of the system, where the proce-
dures for estimation, hypothesis testing, classification,
filtering and segmentation, as well as the extraction of
quality measures are implemented. It also includes tools
for PolSAR image stochastic simulation.

Output: A set of routines for saving output data (images,
maps, plots and reports) in freely available formats.

figure
Three main types of information can be used as input:

cartoon models, training samples or parameters, and images.
Cartoon models are specified to serve as classes; cf. Fig 2(a).
Training samples are used to obtain the parameters that char-
acterize the models used to describe PolSAR data, namely the
number of looks and the complex covariance matrix. Finally,
real or simulated images can be the input, either in covariance
or correlation matrix format.

The data processing part is the system core. It provides
tools for simulating images, currently under the scaled com-
plex Wishart model, but easily extensible to other models [16]
as, for instance, the polarimetric K, G0 and G laws, the Kum-
merU distribution etc. This simulation requires a cartoon
model for the classes, and a parameter (or a sample from
which the parameter will be estimated) for each class; Fig. 2(b)
shows an image formed by data simulated with parameters
from real samples, assigned to the classes stipulated by the
cartoon model shown in . This is described by the dotted green
arrows, and the output, indicated by the solid green arrow, is a
simulated image as, for example, the one shown in Fig. 2(c).

PolSAR images can be filtered using the Stochastic Dis-
tances Nonlocal Means presented in Ref. [10]. The system
only needs an image as input (as Fig. 3(a)), and it also outputs

an image (as Fig. 3(b)); cf. dashed light brown and red lines
in Fig. 1.

Another segmentation is presented in Fig. 4(b), which
is the result of applying the image segmentation procedure
described in Ref. [17] to the original data shown in Fig. 4(a).
Using the training samples shown in Fig. 4(c), a classification
can be obtained using the region classifier system described in
Ref. [11]; the result is shown in Fig. 4(d). Additionally, as a
measure of the quality of the classification, the same procedure
returns the p-value of each assignment, and its visualization is
shown in Fig. 4(e).

The region classifier allows specifying a number of stochas-
tic distances, as well as measures of dissimilarity based on
entropies. These distances and entropies are from the (h-φ)
family of stochastic measures [7, 8], so users can experiment
and compare results. The same holds true for the measures
of similarity employed to build the convolution matrices on
which the Nonlocal Means technique relies.

The pre-processing module is responsible for unifying all
possible input types (PolSARpro, ENVI etc. formats) into a
unique raster representation of Hermitian matrices. The system
will evolve to include techniques for PolSAR decomposition
as, for instance, the one proposed by Bhattacharya et al. [18]
that is based on stochastic distances.

4. CONCLUDING REMARKS

Using a C++ infrastructure, namely TerraLib, a system for
PolSAR image processing and analysis is being developed by
gathering a collection of procedures available in a number of
different platforms. Such procedures have in common the use
of techniques stemming from Information Theory, applied to
the processing and analysis of this kind of data. The user is
not aware of such diversity; rather than that, he/she is able to
experiment with the many options this approach provides, in
an amenable way.
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Fig. 1. System architecture and main elements of each part.
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(a) Cartoon model (b) Simulated image (input)

(c) Segmented image (output)

Fig. 2. Classes, single-look simulated image (false color
R=|Shh|2, G=|Shv|2, and B=|Svv|2), and its segmentation.
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Fig. 3. Pauli decomposition of the original AIRSAR image
over San Francisco, and its filtered version.

(a) PolSAR image (input) (b) Cartoon model (input)

(c) Training samples (input) (d) Classified image (output)

(e) p-value image (output)

Fig. 4. 4-look C-band image (R=|Shh|2, G=|Shv|2, and
B=|Svv|2), segmented image (cartoon model), training sam-
ples, and the outputs: classification and associated p-values.
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