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Abstract—SAR images can be used to help ship routing in sea-ice condi-
tions. In this study, we focus on the Antarctic region where no multi-year ice
nor big ice floes are to be found. As a matter of fact, each clutter obeys to
a backscattering mechanism that induces a specific pixel distribution and
our attempt is to identify automatically the correct distribution for each
ice type. The problem is that of generalized mixture estimation and unsu-
pervised image classification. In this work, we modelled the mixture with
distributions from the Pearson’s system. Parameters estimation is realized
according to the ICE algorithm in the context of hidden Markov chains.
The results obtained from the Pearson’s system are compared to the ones
obtained with a classical mixture of Gaussian distributions.

I. INTRODUCTION

AR IMAGES can be used to help ship routing in sea-ice

conditions. The knowledge of sea-ice characteristics is of
importance in order to find the most appropriate route for a given
ship. In this study, we focus on the Antarctic region where no
multi-year ice nor big ice floes are expected to be found. Ice
types are mostly pancakes, brash or small ice floes. A typical
example is given is Fig. 1. The image histogram shape (see the
vignette in Fig. 4) does not show obvious thresholds. Thus, re-
motely sensed images should not be analyzed using structural
methodology but with the help of statistical modelling.

In the context of SAR image processing, Gaussian distribu-
tions remain the most used ones. In order to take into account
theoretical results in the modelling of backscattering mecha-
nisms, a number of candidate families has been presented previ-

Fig. 1. Sar image of sea-ice used for experimentation. The image gray-levels
have been equalized for better visualization of clutters. Copyright IRFTP -
RadarSat-SW - 512 x 512 (October 24, 1996 - Dumont d’Urville sea).

ously, such as Gamma distributions [1], K distributions (based
on the modified Bessel function of the second kind) [2], [3] and
Beta distributions [4]. The interest of these distribution func-
tions comes essentially from the large variety of possible shapes
that can be obtained by modifying a limited number of param-
eters (up to four). In particular, all of them can take into ac-
count the dissymmetry of class densities, which is not the case
of Gaussian densities. Another interesting point is that some of
them have a finite or semi-finite support, which is of great in-
terest in SAR image processing. In order to enlarge the set of
available shapes, one solution is to consider, not only one of the
families cited above, but all of them in a unified way with the
help of the Pearson’s system of distributions [5].

As a matter of fact, each clutter obeys to a backscattering
mechanism that induces a specific class distribution and our at-
tempt is to identify automatically the correct family of distri-
butions, from the Pearson’s system, of each ice type. We thus
seek both the nature of the corresponding distribution and the
parameters that best describe its samples. The problem is that of
generalized mixture estimation and unsupervised image classi-
fication. From the large variety of methods (including EM and
SEM), we chose the Iterated Conditional Estimation (ICE) al-
gorithm proposed by W. Pieczynski [6] in the context of Hidden
Markov Chains (HMC) [7], [8]. The HMC framework exploits
the spatial dependencies between neighboring pixels and impose
a spatial regularity constraint on the classes. It is also a substan-
tially quicker alternative to hidden Markov fields.

The entire algorithm is summarized in section Il and illus-
trated in section 111 for the image in Fig. 1. The results obtained
from the generalized mixture estimation are compared to the
ones obtained with a classical Gaussian mixture. Conclusions
and future work are drawn in section IV.

Il. SEA-ICE CLUTTERS DISTRIBUTION ESTIMATION

This section is not intended to give a theoretical justification,
neither a complete description, of the ICE algorithm in the con-
text of Hidden Markov Chains. Interested readers may con-
sult [8], [9]. We only briefly sum up the entire algorithm and
give an overview of the Pearson’s system of distributions.

A. Description of the algorithm

The 2D original image is modelled as a 1D chain using a
Hilbert-Peano scan. We consider two sets of random vectors:



X = (Xg),eqg and Y = (Y;),.q Where S is the set of im-
age pixels. Each X takes its value in a finite set of classes
Q = {wy,...,wk}, and Y; takes its value in R (gray-levels).
The segmentation problem is to estimate the unobserved real-
ization X = =z from the observed realization Y = vy, where
y = (ys)ses is the image to be segmented. In the context of un-
supervised bayesian segmentation, we need to estimate all the
parameters defining the distribution of (X,Y), i.e. Px the dis-
tribution of X, and the family PX=* of the distributions of Y
conditional to X. Let us denote by « all the parameters concern-
ing Px, and by 8 = (f1,...,0k) all the parameters defining
the family P¥=% (6 = («a, 8)). In the case of HMC, « is given
by the initial state and the transition matrix of the homogeneous
Markov chain. In classical mixture estimation, densities P3=*
are Gaussian and 3 is composed by means and variances.

From the observed image Y to the segmented image X, the
algorithm can be decomposed into three main phases:
Initialization: The objective is to furnish a first estimation BAO of
the parameters. We used the k-means algorithm.

Parameter estimation: This phase is realized according to
the ICE algorithm. It is based on the iterative estimation
of the conditional expectation of # according to §n+1 =

E; (§(Xn, Y)|Y), where X,, is a realization of X.

Segmentation: The restoration is then achieved using the Maxi-
mum Posterior Mode (MPM) segmentation rule.

B. Pearson’s system of distributions

This Pearson’s system consists of a set of height families of
distributions, including Gaussian, Gamma and Beta ones. Com-
prehensive introduction and detailed statements on the Pearson’s
system are given in [10], [11]. All the families parameters can be
expressed in terms of the mean (u = 1), variance (02 = u»),

skewness (v/B1 with 81 = p3 \ 13) and kurtosis (82 = 4 \ p2),
which leads to very flexible distribution forms (w2, 3 and pg
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Fig. 2. Pearson’s graph (note that the (32 axis is reversed). The plots represent
the iterated estimations of (31, 82) for each class during the ICE process
applied on the image in Fig. 1 (see section IlI).

denote centered moments).

All the distributions can be in represented in the Pearson’s
graph (Fig. 2). Gaussian are located in (8; = 0,3, = 3), and
Gamma are located according to > = 1.5 81 + 3. Beta distri-
butions of the first kind are located below the Gamma line. Beta
distributions of the second kind and Type IV (which are very
similar to K-distributions) are located above the line.

From a realization z,, of X, one can estimate the empirical
moments and compute (51, 82) for each class. Given the graph,
it becomes possible to select the corresponding family and re-
cover the parameters which identify the distribution.

I1l. EXPERIMENTAL RESULTS

The algorithm is first illustrated in the framework of classic
gaussian mixture estimation and then for generalized mixture
estimation (according to Pearson’s system). The results we ob-
tained with four classes on the image in Fig. 1 are presented in
Fig. 3and 4.

The upper plots shows the four distributions estimated by 30
ICE iterations. The pathes taken in the (31, 82)-plane during the
ICE process are drawn in Fig. 2. The two estimated mixture (see
vignettes), i.e. weighted sum of the distributions of the different
classes, clearly approaches the overall distribution of the image.
Table | shows the estimated distributions and their parameters.
All the classes are of beta type in the case of generalized mix-
ture, one can note:

Class 1: is nearly a Gaussian distribution. It represents polynya
or thin ice.

Class 2: is nearly a Gamma distribution. It represents brash or
pancakes.

Class 3: may represent compact white ice floes.

Class4: This class is specialized in the histogram queue and
acts as a threshold for icebergs.

TABLE |
PARAMETER VALUES FOR GENERALIZED AND GAUSSIAN MIXTURES.
| W [ w1 | w2 | ws | pa [ B ] B2 ]
1 (Beta 1) 28.8 41.5 59 5132 0.05 | 2.98
2 (Beta 1) 40.3 67.2 206 14098 0.14 | 3.12
3 (Beta 2) 60.9 217.2 2317 183472 0.52 | 3.89
4 (Beta 1) 169.5 1682.9 | 27234 | 5771854 0.16 | 2.04
1 (normal) 27.0 33.9 0 6399 0 3
2 (normal) 35.9 46.2 0 20099 0 3
3 (normal) 46.5 81.9 0 3443 0 3
4 (normal) 65.8 284.3 0 242495 0 3

Bayesian decision thresholds are clearly different in the two
mixture cases, which results in quiet different segmented im-
ages.

1VV. CONCLUSION

The results illustrate the fact that no obvious single model
emerged which adequately fit all ice types, and justify the use of
generalized mixture estimation. The algorithm described above
is not limited to the Pearson’s system but can be extended to any
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Fig. 3. Results obtained with a mixture of four Gaussian distributions. (a) plot

of the estimated gaussian distributions. The mixture is shown in the vignette.
(b) result of segmentation.

finite sets of distributions [8], using the Kolmogorov distance.
This can be useful when backscatter results on the expected den-
sities are known a priori. One interesting point is also to test the
specific SAR-oriented KUBW system described in [12] in the
context of sea-ice image.

ACKNOWLEDGMENTS

The authors would like to acknowledge W. Pieczynski for

valuable discussions on Markov models and ICE algorithm.
This work has been partly supported under project GET RE-109.

(1]
[2

(3]

(4]

REFERENCES

A.R. Webb, “Gamma mixture models for target recognition,” PR, vol. 33,
pp. 2045-2054, 2000.

J.K. Jao, “Amplitude distribution of composite terrain radar clutter and
the K-distribution,” 1EEE trans. on Antennas and Propagation, vol. 32,
no. 10, pp. 1049-1062, 1984.

W.J.J. Roberts and S. Furui, “Maximum likehood estimation of K-
distribution parameters via the EM algorithm,” |EEE trans. on SP, vol.
48, no. 12, pp. 3303-3306, 2000.

A.L. Maffett and C.C. Wackerman, “The modified beta density function
as a model for SAR clutter statistics,” IEEE trans. on IP, vol. 29, no. 2,
pp. 277-283, 1991.

160

300

Fig. 4. Results obtained with a mixture of four distributions from the Pearson’s

(5]

(6]
[71

(8]

(9]

[10]
[11]

[12]

system. (a) plot of the estimated distributions. The mixture is shown in the
vignette. (b) result of segmentation.

Y. Delignon, A. Marzouki, and W. Pieczynski, “Estimation of generalized
mixtures and its application in image segmentation,” |EEE trans. on GRS
vol. 6, no. 10, pp. 1364-1375, 1997.

W. Pieczynski, “Statistical image segmentation,” Mach. Graph. and \Ms.,
vol. 1, no. 1/2, pp. 261-268, 1992.

B. Benmiloud and W. Pieczynski, “Estimation de paramétres dans les
chaines de Markov cachées et segmentation d’images,” TS vol. 12, no. 5,
pp. 433-454, 1995.

N. Giordana and W. Pieczynski, “Estimation of generalized multi-sensor
hidden Markov chains and unsupervised image segmentation,” |EEE
trans. on PAMI, vol. 19, no. 5, pp. 465-4754, 1997.

R. Fjertoft and al, “Unsupervised classification of radar images based on
hidden Markov models and generalised mixture estimation,” in Conf. on
SAR Image Analysis, Modelling, and Techniques, Barcelona, Spain, 25-29
September 2000, vol. SPIE 4173.

N.L. Johnson and S. Kotz, Distribution in statistics: Continuous univari-
ate distribution, Wiley-interscience, 1969.

D.W. Miller, Fitting frequency distributions, Book Resource, second edi-
tion, 1998.

Y. Delignon, R. Garello, and A. Hillion, “Statistical modelling of ocean
SAR images,” |EE Proc. on Radar, Sonar and Nav., vol. 144, no. 6, pp.
348-354, 1997.



