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ABSTRACT
In recent years, we have presented many algorithms for polarimetric SAR image segmentation that show the continually
improving developments in the field. However, there are two
distinct and divergent approaches - one using highly flexible
textured models for the covariance matrix statistics (such as
the Wishart, K-Wishart, and U-distribution), and the other using simple features extracted from such data (the Extended
Polarimetric Feature Space method). In this study we will
present a summary and comparison of both approaches and
discuss the pros and cons for each with respect to image segmentation applications.
Index Terms— Polarimetric, Synthetic Aperture Radar,
clustering, segmentation
1. INTRODUCTION
It is now well established that the range of natural textures encountered in polarimetric synthetic aperture radar (PolSAR)
scenes requires non-Gaussian models for the scattering coefficients, i.e. single look complex (SLC) data, and generalised
Wishart models for the multi-looked covariance matrices, i.e.
multi-look complex (MLC) data. The non-Gaussian statistics may be described by a scalar product model of a scalar
texture variable and a multivariate speckle variable, for a textbook description see [1]. For SLC data, the speckle term has a
complex Gaussian vector distribution and for MLC data, the
speckle has a complex Wishart distribution. Homogeneous
areas are suitably modelled by the complex Gaussian/Wishart
models, and heterogeneous areas have recently been modelled by more and more advanced and flexible textured models from the K-distribution family [2, 3], the G0 -distribution
family [4] and more recently the doubly-flexible, i.e. two texture parameters, U-distribution [5, 6, 7] and G-distribution
[8]. This work shall use the doubly-flexible U-distribution
distribution for MLC covariance matrix data, as it encompasses the K, G0 and Wishart models as special cases, and
has the same texture range as the G-distribution.
We have also presented an alternative to the complicated
statistical modelling with a simple feature extraction ap-

proach [9, 10]. The features are also based upon the textured
product model and consists of five real features from the covariance matrix and a non-Gaussianity measure, based upon
kurtosis, to incorporate radar texture. Hence, we named it the
extended polarimetric feature space (EPFS) method. It produces reasonable results, with smooth (solid) regions, and is
fast and simple to implement. The features are extracted from
the SLC data level, although an MLC neighbourhood version
is also possible. In this study we will extract from SLC data
to the same window size as the MLC data to be comparable
with the U-distribution modelling. No speckle smoothing
is performed, over the box-car window in the multi-look
averaging and feature extraction, as the advanced dynamic
speckle smoothing methods produce a variable smoothing
level (and variable equivalent number of looks parameter)
that complicates the rigorous statistical modelling with the
U-distribution modelling.
Both approaches may be used for both supervised and
unsupervised image segmentation, but this work shall only
consider unsupervised image segmentation, or mixture model
clustering, because no prior knowledge or ground-truth data
is required. Finite mixture model clustering is generally
performed with the well known expectation maximisation
(EM) algorithm, which has been modified for our specific
purposes. The number of clusters shall be determined automatically with the goodness-of-fit based approach described
in [11, 12]. The automatic approach will also be used for the
simple mixture of Gaussian clustering in the feature space
approach, because it does identify the major clusters at lower
sample sizes even though we know that the Gaussian model is
only a coarse approximation to the data cluster distributions.
The sample sizes may easily be adjusted with a sub-sampling
approach in the clustering stage that reduces the number of
statistically significant clusters found, thereby simplifying the
resulting image, and greatly reduce the processing time.
In addition, Markov random field (MRF) based contextual smoothing will be applied after clustering to improve the
quality and smoothness of the final images for easier comparison. MRF smoothing is based upon rigorous statistics and can
be applied consistently to both models, textbook description
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Fig. 1. Common Flow-chart for both methods.

The class parameters are estimated with a mixture of
membership weighted moments and membership weighted
log-cumulants, within the EM-algorithm environment. Σ is
just the weighted sample mean over C, and L, α and λ are
found with a minimum distance search in the log-cumulant
domain from the membership weighted log-cumulants. The
details can be found in [7].
Pros
Rigorous data statistics
Rigorous Goodness-of-fit
Sensitive to polarimetry

Cons
Computationally slow
Numerical problems at high L

3. EPFS FEATURE EXTRACTION
The six real features are extracted within a sliding/stepping
window method, where the sample covariance matrix, C (the
same as for MLC multi-looking), is first calculated from the
SLC image data, s, and then the following features are extracted:
1. A non-Gaussianity measure: relative kurtosis RK
PN H −1 2
1
RK = N d(d+1)
si ]
i=1 [si C
2. An absolute backscatter: multi-variate radar cross section
p
MRCS = d det(C)

in [13] and our implementation [7]. The common workflow
may be summarised in Fig. 1, where the EM-algorithm stage
is performed with the U-distribution model for the covariance
matrices, or the Gaussian model in the EPFS approach.

3. A cross-polarisation fraction or ratio
Rcr = Chvhv /MRCS
4. A co-polarisation ratio
Rco = Cvvvv /Chhhh

2. U-DISTRIBUTION STATISTICAL MODELLING
The U-distribution model for PolSAR MLC covariance matrix data, C, has a probability density function (PDF) defined
as
LLd |C|L−d Γ(α + λ)Γ(Ld + λ)
×
Γd (L) |Σ|L
Γ(α)Γ(λ)
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where L is the number of looks, d the polarimetric dimension,
Σ is the class covariance matrix, α and λ are the class texture
parameters, | · | is the determinant operator, tr(·) is the trace
operator, Γ() is the Euler gamma function and U () is the hypergeometric Kummer-U function. This PDF is incorporated
into the EM-algorithm for clustering.
The log-cumulant expressions are


λ−1
κ1 {C} = ln |Σ|+ψd0 (L)+d ψ 0 (α) − ψ 0 (λ) + ln(
) (2)
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where ψ ν () is the polygamma function of order ν and ψdν is
the multivariate polygamma function from [14].

5. The co-polarisation correlation magnitude: |ρ|
p
ρ = Chhvv / (|Chhhh | |Cvvvv |)
6. The co-polarisation correlation angle
6

ρ =< φhh − φvv >

As explained in [10], these basic features are then transformed to make their sample distributions more symmetric,
such that a simple clustering algorithm, like the Gaussian
mixture model, may be appropriate. Although we have observed some deviation from Gaussian clusters, the mixture
modelling generally finds the major class distinctions before
finding the smaller side clusters due to non-Gaussian peak
shapes, particularly when the sensitivity or samples size is
low. We have set a limit of ten thousand sample for the
goodness-of-fit testing to try to avoid any non-Gaussian data
from dominating the cluster splitting. Otherwise, it will find
and fit several clusters to describe the non-Gaussian feature
data.
Pros
Fast and simple
Smooth results
Strong non-Gaussianity

Cons
Not perfectly Gaussian
Non-Gaussianity oversplitting
Strong non-Gaussianity

Fig. 2. San Francisco city, Radarsat-2, 25-look, sub-sampling 7 (many samples). Pauli RGB (left), EPFS (middle), Udistribution (right), 10 and 12 classes, respectively.

Fig. 3. San Francisco city, Radarsat-2, 25-look, sub-sampling 20 (few samples). EPFS (left), U-distribution (middle), difference
image (bottom), 3 and 5 classes, respectively. The difference image is black for no-difference.

Fig. 4. Foulum, EMISAR sample, 18-look, sub-sampling 3 (many samples). Pauli RGB (left), EPFS (middle), U-distribution
(right), 8 and 21 classes, respectively.

Fig. 5. Foulum, EMISAR sample, 18-look. Sub-sampling 6 for EPFS (left), sub-sampling 7 for U-distribution (middle), and
difference image (bottom), 7 and 7 classes, respectively. The difference image is black for no-difference.

4. COMPARISON

5. CONCLUSION

We have analysed many different sub-sampling factors for all
images, but could only show a small sample in this article.
Some general observations are:

Two alternative approaches to unsupervised image segmentation of PolSAR images have been presented and compared.
The overall segmentation of both approaches are shown to be
similar for a variety of images. We observe some differences
with the level of detail and with the apparent priority of polarimetry, brightness and non-Gaussianity. These differences
are explained from the modelling differences of the two approaches. For a fast, coarse resolution analysis the EPFS approach is suitable, whilst the U-distribution modelling gives
more confidence in the number of distinct clusters and their
boundaries.

• Both approaches are segmenting the main image features at the visible boundaries, and both have a comfortable degree of smoothness. See all Figures 2 to 5.
• The two approaches achieve different numbers of significant clusters, with in general more clusters in the
U-distribution result. This is from essentially identical
data, and, hence, we would say that the U-distribution
clustering is more sensitive than the EPFS approach.
This is most likely due to additional variance associated
with the feature extraction stage, before the statistical
clustering takes place. And also due to more rigorous
goodness-of-fit testing for the U-distribution model.
• The EPFS approach produces smoother (more solid)
regions in the bright areas, but more speckled results
in the dark areas. See Fig. 2 and compare the water
classes and the bright urban areas.This is probably due
to the logarithmic transform of the total brightness feature making all scales equally important. The statistical clustering is taking radar’s geometric scaling into
account, but in a different way in the PDF expressions.
• The EPFS seems to prioritise non-Gaussianity. This
may be seen in the coarse images of Fig. 3, where all
of the urban regions are considered one cluster (red) in
the EPFS method, but consist of four clusters in the Udistribution. This makes sense when we consider that
we have given the non-Gaussianity measure an equal
prominence to all the other features. So brightness
and polarimetric properties are considered equally with
non-Gaussianity. The U-distribution will incorporate
non-Gaussianity in a much more complex way.
• The U-distribution seems to prioritises polarimetry
over brightness. This may be seen by observing Fig. 3,
and observing the diagonal streets area in the centreright side of the image. In the Pauli image, you can see
that this diagonal area is green, but brighter than the
vegetation areas, rather than equally bright but reder for
the rest of the urban areas. The U-distribution, at this
large sub-sampling, has placed this area closer to the
vegetation, i.e., closer polarimetrically, while the EPFS
has placed it closer to the rest of the urban, closer with
respect to non-Gaussianity or brightness. At higher
sample sizes, both methods separate these clusters.
• The EPFS is generally much faster, although we have
gained huge time improvements with the U-distribution
modelling recently. The difference may still be a factor
of 10 or more.

6. ACKNOWLEDGMENT
The author would like to thank Prof. Henning Skriver, Dr. Jorgen Dall and the Danish
Technical University for the Foulum data-set. Data-set downloaded from the European
Space Agency website (http://earth.esa.int/polsarpro/datasets.html).
RADARSAT-2 Data and Products c MacDonald, Dettwiler and Associates
Ltd. (2011)–All Rights Reserved. RADARSAT is an official mark of the Canadian
Space Agency.
7. REFERENCES
[1] C. Oliver and S. Quegan, Understanding Synthetic Aperture Radar Images,
SciTech Publishing, Raleigh, USA, 2nd edition, 2004.
[2] E. Jakeman and P. N. Pusey, “A model for non-Rayleigh sea echo,” IEEE Trans.
Antennas Propagat., vol. 24 (6), pp. 806–814, Nov. 1976.
[3] J. S. Lee, D. L. Schuler, R. H. Lang, and K. J. Ranson, “K-Distribution for multilook processed polarimetric SAR imagery,” in IEEE Int. Geosci. Remote Sensing
Symp., Pasedena, USA, August 1994, vol. 4, pp. 2179–2181.
[4] C. C. Freitas, A. C. Frery, and A. H. Correia, “The polarimetric G distribution for
SAR data analysis,” Environmetrics, vol. 16, no. 1, pp. 13–31, 2005.
[5] L. Bombrun, G. Vasile, M. Gay, and F. Totir, “Hierarchical segmentation of polarimetric sar images using heterogeneous clutter models,” Geoscience and Remote
Sensing, IEEE Transactions on, pp. 1 –12, 2010.
[6] L. Bombrun and J.-M. Beaulieu, “Fisher distribution for texture modeling of polarimetric sar data,” Geoscience and Remote Sensing Letters, IEEE, vol. 5, no. 3,
pp. 512 –516, July 2008.
[7] A. P. Doulgeris, V. Akbari, and T. Eltoft, “Automatic PolSAR segmentation
with the U-distribution and Markov random fields.,” in 9th European Conference
on Synthetic Aperture Radar (EUSAR2012), Nuremberg, Germany, April 23-26
2012.
[8] S. Khan and R. Guida, “On single-look multivariate cal G distribution for polsar
data,” Selected Topics in Applied Earth Observations and Remote Sensing, IEEE
Journal of, vol. 5, no. 4, pp. 1149–1163, Aug 2012.
[9] A. P. Doulgeris and T. Eltoft, “Scale Mixture of Gaussian Modelling of Polarimetric SAR Data,” EURASIP Journal on Advances in Signal Processing, vol. 2010,
no. 874592, pp. 1–12, 2010.
[10] A.P. Doulgeris, “A simple and extendable segmentation method for multipolarisation sar images,” in The 6th International Workshop on Science and Applications of SAR Polarimetry and Polarimetric Interferometry (POLinSAR 2013),
Frascati, Italy, January 28 - February 1 2013.
[11] A. P. Doulgeris and T. Eltoft, “Automated Non-Gaussian clustering of polarimetric
SAR.,” in 8th European Conference on Synthetic Aperture Radar (EUSAR2010),
Aachen, Germany, June 7-10 2010.
[12] A. P. Doulgeris, S. N. Anfinsen, and T. Eltoft, “Automated non-Gaussian clustering of polarimetric synthetic aperture radar images,” IEEE Trans. Geoscience and
Remote Sensing, vol. 49, no. 10, pp. 3665–3676, 2011.
[13] S. Li, Markov random field modeling in image analysis, Springer, 2009.
[14] S. N. Anfinsen and T. Eltoft, “Application of the Matrix-Variate Mellin Tranform
to Analysis of Polarimetric Radar Images,” IEEE Trans. Geoscience and Remote
Sensing, vol. 49, no. 6, pp. 2281–2295, June 2011.

