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ABSTRACT
Recent interest in dual-pol SAR systems has lead to a
novel approach, the so-called compact polarimetric
imaging mode (CP) which attempts to reconstruct fully
polarimetric information based on a few simple
assumptions. In this work, the CP image is simulated
from the full quad-pol (QP) image. We present here the
initial comparison of polarimetric information content
between QP and CP imaging modes. The analysis of
multi-look polarimetric covariance matrix data uses an
automated statistical clustering method based upon the
expectation maximization (EM) algorithm for finite
mixture modeling, using the complex Wishart
probability density function. Our results showed that
there are some different characteristics between the QP
and CP modes. The classification is demonstrated using
a E-SAR and Radarsat2 polarimetric SAR images
acquired over DLR Oberpfaffenhofen in Germany and
Algiers in Algeria respectively.
1.

INTRODUCTION

Recently, new system configurations have been
proposed and called compact polarimetry (CP) [1][2]. In
these
polarimetric
configurations,
only
one
transmit/receive cycle is required instead of two in a
quad-pol system, reducing the pulse repetition
frequency and data rates by a factor of two for a given
swath width. Souyris et al. [2] introduced the π/4
compact polarimetric mode, in which the transmitted
polarization is the superposition of linear horizontal and
vertical polarizations H+V, resulting in a linear
polarization oriented at 45° with respect to the
horizontal. The radar receives returns in horizontal and
vertical polarizations simultaneously. Another hybrid
CP mode is the circular transmit, linear receive (CTLR)
mode [1]. As the name suggests either a left or right
circularly-polarized signal is transmitted and both H and
V polarizations are coherently received. An equivalent
covariance or coherency matrix may be reconstructed to
produce the so-called pseudo quad-pol data.
Compact polarimetry was proposed to assess various
architecture designs that could be implemented on lowcost/low-mass. In that context, the comparison between
QP- versus DP-mode is a subject of most importance.
By using both modes, an unsupervised polarimetric
classification algorithm based on probability models

has been applied to the characterization of natural
scenes [3]. This classification is a typical clustering
problem: Image pixels containing random scatterers
must be grouped into ”classes” according to some
statistical distributions. In this context the data are
viewed as coming from a mixture of probability
distributions, each representing a different cluster.
The distributed and often rough textured nature of
radar targets, necessitates the use of a statistical
approach and interest lies in the statistical properties of
collections of target scattering measurements. Finite
mixtures of distributions have provided a mathematical
based approach to the statistical modeling of a wide
variety of random phenomena [4][5]. Because of their
usefulness as an extremely flexible method of modeling,
finite mixture models have continued to receive
increasing attention over the years [4].
In statistical classification, such mixture models allow a
formal approach to unsupervised clustering. Fitting
mixture distributions can be handled by a wide variety
of techniques, such as graphical methods, the method of
moments, maximum likelihood and Bayesian
approaches. A standard method to fit finite mixture
models to observed data is the ExpectationMaximization (EM) algorithm, first proposed by [6] and
is still commonly used in image analysis, e.g., [4].
This study investigates the matrix-variate Wishart
distribution mixture model for characterizing full and
compact polarimetric SAR data. The motivation is to
implement the models, and investigate the differences
between both modes. The modeling is investigated with
the objective of practical image segmentation and the
Pearson's chi-squared testing is used in the context of
goodness-of-fit (GoF) [7][8].
Once the mixture model has been specified and its
parameters have been estimated, one central question
remains: "How many clusters?". This paper proposes an
unsupervised clustering algorithm for PolSAR data
developed by the second author. It automatically
determines the number of statistically distinct clusters in
finite mixture modeling in an image.
Optional steps of sub-sampling and Markov Random
Field (MRF) based contextual smoothing are applied to
the clustering algorithm. This work presents a Wishart
multi-channel SAR segmentation method that produces
good, smooth, fast and robust results for image
segmentation and interpretation.

Our results showed that there are some different
characteristics between the QP and CP modes which
will be the subject of this paper. The classification is
demonstrated using a E-SAR and Radarsat2
polarimetric SAR images acquired over DLR
Oberpfaffenhofen in Germany and Algiers in Algeria
respectively. It is assumed that all calibrations and
terrain corrections are already applied to the data-sets.
2.

DATA USED

The First study area is the DLR polarimetric data which
are acquired on 19th May 2001 by the Ex private
Aerosensing GmBH company. An airborne radar (AeS1) with a P band (72 cm) was used for the acquisition of
SAR images in a fully polarimetric mode. This site is
known as Oberpfafenhoffen located in germany. The
terrain is generally flat with weak undulations. The
study area consists mainly of forests, agriculture fields,
houses, buildings and roads. The forest area present in
the image is mainly covered with deciduous and
coniferous forests which are the two main forest types
that can be recognized at a glance, the later being the
majority. Fig. 1a is the lexicographic RGB image (R:
HH, G:HV and B:VV) of the test site.
The second study area is located in the west of the
Algiers town, which is the capital of Algeria. It consists
mainly of urban areas, agriculture fields and sea. The
data was acquired on 11th April 2009 by RADARSAT2
in a fully polarimetric C-band at an illumination angle
between 38,34-39,81°. Fig. 1b shows the RGB image
of the test site (R:HH, G:HV and B:VV).
3.

POLARIMETRIC RADAR DATA

A 1-look polarimetric data set can be represented by a
scattering vector
whose components are the four
complex backscattered fields
in the four
polarization channels .
=

ℂ

(1)

For a reciprocal medium, in the monostatic
backscattering case, the cross-polarized channels are
approximately equal (
=
) and the corresponding
4-D Lexicographic scattering vector becomes
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DATA STATISTICAL PROPERTIES

4.1. Complex Normal Distribution

(a)

(b)
Figure 1. RGB composite color of the polarimetric data
(R:HH, G:HV and B:VV) of a) DLR-Oberpfaffenhofen
(1000x950 pixels) , b) Algiers (1600x1600 pixels)
The scattering vector represents deterministic target if
the resolution cell embraces a dominant scatterer.
Consequently, the data do not present any random
behavior, that is, they are deterministic. The situation
differs whenever the number of scatterers within the
resolution cell increases. In this case, the scattering
process is often described by a random walk model.
Let the EM field measured at the sensor be a sum of the
field components reflected by N scatterers in the
resolution cell. Under this situation, the total value of
the resolution cell results from the coherent combination
of the responses of the individual scatterers within the
resolution cell. The scattering vector can be written as
the sum of vectors of the individual scatterers:
=∑

(3)

Here
is the scattering vector associated with the kth
scattterer, whose polar decomposition yields the

amplitude
and phase component
. N is the total
number of these individual scatterers.
Under the assumption that N is large enough and
constant, considering the Central Limit Theorem, S is
characterized by a zero-mean. complex Gaussian
distribution [9].
For a speckled stationary “homogeneous” surface, the
random vector
follows circular complex multivariate
Gaussian distribution with zero mean and covariance
dispersion matrix Σ = E
, and polarimetric
dimension d ( ∈ "#ℂ $0, Σ'). Its probability density
distribution (PDF) is given as[9]
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where |. | is the determinant of a matrix and d is the
dimensionality of .
4.2. Complex Wishart Distribution
To reduce the statical variation due to speckle effects,
polarimetric data are frequently multi-look processed by
averaging several 1-look outer products. The L-look
convariance matrix is:
7=〈
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where ; is the ith single-look lexicographic vector and
L is the nominal number of looks. 7 stands for the Llook sample covariance matrix i.e. L denotes the
number of independent samples used for averaging.
Alternatively, the Pauli based scattering matrix for a
pixel i can be used. Let
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The multilook coherency matrix is:
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where tr(.) is the trace operator and Σ = EECG. We write
J #ℂ $?, Σ'. the normalization constant
this as 7~I
Γ# $?' is the multivariate Gamma function, defined as
Γ# $?' = K #$#4

'/M

∏#4
; P Γ$? − O'

The distribution parameters are the shape parameter L
and the scale matrix Σ. In radar statistics, L is
recognized as the number of looks, with reference to the
degrees of freedom. The equivalent number of looks
should be inserted for L to account for correlation
between the looks.
5.

COMPACT POLARIMETRY THEORY

Compact polarimetry is a technique that allows
construction of pseudo quad-pol information from
hybrid dual-polarization SAR data.
If a single polarization is transmitted, and the two
canonical orthogonal linear polarizations (H and V) are
received, the 2-D measurement vector (or observable)
QRAS is the projection of the full backscattering matrix
on the transmit polarization state.
The scattering vectors QRAS for the π/4, dual circular
polarimetric (DCP), and right circular transmit, linear
(horizontal and vertical) receive or hybrid (CTLR)
modes are given in Tab. 1.
Table 1: Compact polarimetry modes
Trans/Recep
QRAS
45°/(H,V)
+
+
RC/(RC,LC)
=
:
−
+ O2
O$
2
RC/(H,V)
−O
−O
+

Mode
π/4
DCP

CTLR

(9)
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In this table, 45° stands for linear polarization with a
45°inclination.
The measured compact polarimetric covariance matrix
7>< are given by:
∗ 〉
=W
7>< = 〈 QR>< QR><

(7)

The coherency matrix representation has the advantage
over the covariance matrix of relating to interpret
underlying physical scattering mechanisms.
The PDF of the covariance matrix C under the Gaussian
model is given by [10]:
(> $7; ?, Σ' =

Where Γ$?' is the standard Euler Gamma function.
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The construction of the pseudo quad-pol covariance
matrices from the compact polarimetry modes is based
on a pair of equations that are iteratively solved for
〈| |M 〉 [2]. The pseudo quad-pol covariance matrix is
then constructed by:
7 <YZ[#\ ][^# =
− 〈| |M 〉
0
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The null components are the characteristic of the
reflection symmetry assumption.

For comparison, the original QP data represented by
lexicographix RGB composite color are shown in
Figure 2a with 〈| |M 〉 in red, 〈| |M 〉 in green, and
〈| |M 〉 in blue. The π/4 mode synthesized result is
shown in Fig. 4b. We notice some differences between
these two images, especially in the 〈| |M 〉 intensity in
some urban areas, which is noticeably lower for the CP
mode. However, strong similarity does exist in
polarimetric response of most of the rest of test area.
Figure 3 shows scatter plots detailing how well the
derived pseudo-quad-pol results fit the original quadpol. It shows also the performance of the reconstruction
algorithm. Most of the points of the scatter plot fall
close the one-to-one line with small spread. A small
systematic overestimation of the | |M can be observed
over this data. For every channel, an overall agreement
is observed between the reconstructed and actual
radiometric values.

(a)

(b)

(c)
Figure 3. Scatter plot of the intensities of full versus
CP-mode (in db), a) HH, b)VV and c)HV
formally, we say that a distribution f is a mixture of M
component distributions f1,f 2,... fM if
($/; a' = ∑b

K ( $/; a ' (12)

where the ( $/; a ' are densities.
Each a is the set of parameters defining the ith
component, and a ≡ Ea , K Gb is the complete set of
parameters needed to specify the mixture. The quantities
EK Gb are called the mixing proportions or weights and
they are nonnegative quantities that sum to one; that is,
(a)

(b)
Figure 2. RGB composite color image (R: 〈| |M 〉,
G: 〈| |M 〉 and B: 〈| |M 〉 with 19x19 window) : a)
QP-mode and b) CTLR-mode
6.

MIXTURE MODELS

The objective of the mixture distributions is to produce
a probability model composed of a subclasses set. More

0 ≤ K ≤ 1 $f = 1, … , h' and ∑b

K = 1 (13)

As the functions ( $/; a ' ,..., (b $/; ab ' are densities, it
is obvious that ($/' defines a density. The ( $/; a '
are called the common densities of the mixture. In this
formulation of the mixture model in our approach, the
number of component K is unknown and has to be
inferred from the available data, along with the mixing
proportions and the parameters in the specified forms
for the component densities.
The framework of Wishart mixture model (WMM)
makes the following assumtions:
• The data was generated using a set of M probability
distributions.
• Each of the individual probability distributions is a
Wishart:
J #ℂ $/; a ' (14)
/; a ~I

J #ℂ $/; a ' denotes the multivariate Wishart
where I
distribution i.e., the probability of generating a data
point / under the mth model is given according to a
Wishart distribution with L-look and parameter a .

7.

AUTOMATED CLUSTERING AND
SELECTION OF NUMBER OF CLASSES

Once the mixture model has been specified and its
parameters have been estimated, one central question
remains: "How many clusters?". One of the key issues
in unsupervised image segmentation is to determine the
appropriate number of segments, M. In most algorithms,
M is assumed to be known. In our approach, we propose
an unsupervised algorithm. which has two properties: 1)
it is capable of selecting the number of classes
automatically and 2) unlike the standard expectationmaximization (EM) algorithm, it does not require
careful initialization.
The simplest adaptive strategy of the developed
method, listed in Table 2 is to start with one cluster and
repeatedly: estimate the model parameters with the
traditional EM-algorithm; apply goodness-of-fit tests;
and split the worst fitting cluster. If all classes are good
fits, then the algorithm stops.
Each class is analyzed using the class posterior
memberships already generated in the expectation step
of the EM-algorithm. The hypothesis test against the
fitted model is derived from a weighted class histogram.
Splitting only the one worst class and testing the
absolute goodness-of-fit ensures finding the minimum
number of classes.
In this algorithm, the Goodness-of-fit is implemented
based on the Pearson’s Chi-squared test, which
compares the total squared error of the class histogram
to the estimated model. The estimated class histogram is
obtained from the data samples weighted by the class
memberships estimated in the E-step and compared to
the class model with parameters estimated in the Mstep.
The worst cluster at each iteration will keep on splitting
till all clusters pass the Gof testing. At this stage the
clustering is complete and a Markov Random Fields
(MRF) based smoothing is optionally performed on the
full image resulting in the segmented image.
Table 2. Basic adaptive strategy
1) Initialise with one class.
Repeat steps 2–4
2) Estimate the class parameters with a traditional EM
algorithm (to convergence).
3) Goodness-of-fit test each class against their
membership weighted proportion of the data-set.
4) Exit/accept if all are good fits, or split the single
worst fitting class into two.
8.

RESULTS AND INTERPRETATION

The automatic clustering has been used with
multivariate Gaussian distributions as the underlying
statistical models, and the performance of the algorithm
has been assessed on both modes: quadrature and
Compact polarimetric data.

8.1. Results on DLR site
The overall performance of the classification is given by
the Kappa coefficient, while the Producer Accuracy is
used to estimate the performance for the different
classes.
In the case of DLR site, It has been shown that all
modes almost have the same kappa coefficient (95.47%
for QP, 90.93% for C2 and 88.32% for CP) and
producer accuracy (96.31% for QP, 92.59% for C2 and
90.47% for CP). It can be noticed that a small confusion
is observed for the class 2 and class 5 for the three
cases.
In the CP- and C2-mode, class 2 has the characteristics
of the class 3 in some regions compared to the QPmode . The same observations are done for the class 5
which has some parts of the class 4.
Fig. 4 shows six reasonably distinct clusters perfectly
recovered. These results demonstrate both the ability of
the EM-algorithm to fit the mixture model and the
goodness-of-fit testing to determine the major
distinguishable clusters in the image. The overall results
appear to be reasonable. The same classification process
with different iterations and scores are done for C2 and
CP modes. the results are shown in Fig. 4b and 4c.
8.2. Results on Algiers
The same algorithms and evaluations have been applied
on of the Algiers PolSAR data. The overall results of
segmentation shown in Fig. 5 appear to be reasonable.
Six classes have been identified (e.g., two classes of
buit-up area, two classes of smooth surfaces, and two
classes representing the bare soils and agriculture
fields). Our analysis to the final results is given as
follows:
1. The three urban classes identified by all modes have
almost the same structures but with different classes in
some regions,
2. For the QP-mode, the class C3 represents the
majority of the second
For the QP-mode, all the pixels of the agriculture, grass
fields and bare soil regions (classes 3 and 4) are
represented mostly by the class 3. the class C4 have
been increased in the C2-mode but both classes (C3 and
C4) are merged to the class C3 in the CP-mode.
4. For the third type of classes, (Sea and smooth
surfaces) represented by classes 5 and 6, : The QP (Fig.
b) approaches to the reality of the region, however the
C2-mode (Fig. c) losses this property especially in the
airport.
5. A new class (6 in Fig. d) has been identified by CPmode in the sea surface because the clustering
algorithm found this class distinction more significant
than within the vegetation classes.
Using the confusion matrix, it has been shown that all
modes have different kappa coefficients (90.41% for

QP, 64.53% for C2 and 75% for CP) and producer
accuracy (93.41% for QP, 74.49% for C2 and 82.64%
for CP). It can be noticed that the class 4 have 0.00
because it is new identified class with respect to the QP
mode. It has been created due to the sensitivity of the
clustering program which depends on the choice of the
sub-sampling, the confidence level and the number of
dimensions.
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(1,2): Urbain, (3,4): Agriculture fields & bare soils, (5,6):Sea &
smooth surfaces
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(1,2): Urbain, (3,4): Agriculture fields & bare soils, (5,6):Sea &
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Figure 4. Mixture Clusterig results (Window=19): a)
QP, b) C2 and c) CP

(d)
(1,2): Urbain, (3): Agriculture fields & bare soils, (3,5,6):Sea &
smooth surfaces

Figure 5. (a) Pauli RGB-image of Algiers city
(Radarsat2:1600x1600) , (b) QP, (c) C2 and (d) CP.

9.

CONCLUSION

A useful unsupervised clustering algorithm for
polarimetric data is applied, which automatically
determines the statistically distinct clusters in the data,
and has the additional property of being independent of
initialization, resulting in consistent clustering results.
As a general conclusion, we give some important
points:
• In all cases, the segmentation distinguished the
main terrain classes (Water, urban, vegetation)
,
• Automatic number of significant classes, given
the chosen sensitivity level may have been
overly constrained this study (You can observe
obvious mixtures),
• The quad-pol imagery produces the highest
accuracy, and the CP mode was consistently
the worst,
• Most importantly, the CP-mode is consistently
worse than C2, which means the reconstruction
has lost information (We need more careful
study to determine the cause).
Our future work concerns the following main points:
• Repeat the analysis with more classes and
details,
• Extend the work to the
other CP
configurations to determine which polarimetric
configurations allow best classification results.
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