SAR Image Segmentation using Generalized
Pairwise Mark ov Chains

StephaneDerrode? and Wojciech Pieczynskp

aENSPM, GSM, Institut Fresnel(UMR 6133),DU de Sairt Jeréme, F13013Marseille
BINT, Departement CITI, 9 rue CharlesFourier, F91011Evry

ABSTRA CT

The e ciency of Markov models in the context of SAR image segmemation mainly relies on their spatial
regularity constraint. However, a pixel may have a rather dierent visual aspect when it is located near a
boundary or inside a large set of pixels of the sameclass. According to the classical hypothesisin Hidden
Markov Chain (HMC) models, this fact can not be taken into consideration. This is the very reason of the
recent Pairwise Markov Chains (PMC) model which relies on the hypothesisthat the pairwise process(X;Y)
is Markovian and stationary, but not necessarilyX. The main interest of the PMC model in SAR image
segmetation is to not assumethat the spedle is spatially uncorrelated. Hence, it is possibleto take into
accourt the di erence betweentwo successie pixels that belongto the sameregion or that overlap a boundary.
Both PMC and HMC parametersare learnt from a variant of the Iterativ e Conditional Estimation method. This
allows to apply the BayesianMaximum Posterior Marginal criterion for the restoration of X in an unsupervised
manner. We will comparethe PMC model with respect to the HMC one for the unsupervised segmetation of
SAR images,for both Gaussiandistributions and Pearsonsystem of distributions.

Keyw ords: Unsupervised classi cation, Bayesianrestoration, Markov chain, pairwise Markov chain, iterativ e
conditional estimation, generalizedmixture estimation, Pearsonsystem, SAR image segmeimation.

1. INTR ODUCTION

In the only image processingarea, the eld of applications of Hidden Markov Chains (HMC) is extremely vast.
HMC can be usedin image segmemation *, hand-written word recognition?, vehicle detection®, or even gesture
recognition®. Multisensor and multiresolution imagescan still be segmeted using HMC®> 8. The successof
HMC models is mainly due to the fact that when the unobsenable processX can be modeled by a nite

Markov chain and when the noiseis not too complex, then X can be recovered from the obsened processY
using di erent Bayesianclassi cation techniqueslike Maximum A Posteriori (MAP) or Maximal Posterior Mode
(MPM) 7:8.

The e ciency of Markov models in the context of Synthetic Aperture Radar (SAR) image segmeiation
mainly relies on their spatial regularity constraint. This is justied by the fact that for many natural scenes,
neighboring pixels are more likely to belongto the sameclassthan pixels that are farther away from ead other.
Howewer, a pixel may have a rather di erent visual aspect whenit is located near a boundary or inside a large
set of pixels of the sameclass. According to the classicalhypothesisin Markov models, this fact can not be taken
into consideration. This is the very reasonof the recert Pairwise Markov Field (PMF °) and Pairwise Mark ov
Chain (PMC % 1) modelsin which the pairwise process(X ;Y) is supposedto be Markovian. In this paper, we
deal with PMC. Such model is strictly more generalthan HMC sincethe (single) processX is not necessarily
a Markov one. In the SAR image segmeimation corntext, the main interest of the PMC model is to not assume
that the spedkle is spatially uncorrelated. Hence, unlike the HMC model, it is therefore possibleto take into
accourt the di erence betweentwo consecutie pixels that belongto the sameregion and two consecutiwe pixels
that overlap a boundary betweentwo regions.
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It has beenshawn that, similar to HMC, the PMC model allows one to perform Bayesian MAP or MPM
restorations®. Sincewe are concernedwith unsupervisedclassi cation, the statistical properties of the di erent
classesare unknown and must rst be estimated. In this work, all of the parametersare learnt from a variant
of the general Iterativ e Conditional Estimation (ICE) method?. ICE is an alternative to the Expectation-
Minimization (EM) procedure and has been successfullyapplied in seweral unsupervised image segmermation
applications: sonart® and medical'* images, spatio-temporal video!, radar'® and multiresolution ¢ 17 images,
amongothers. The only image dependart parametersthat must be ertered by the useris the number of classes.
All other parametersare computed automatically.

The main issue of this work is to test and compare the PMC model with respect to the HMC one for
the unsupervised segmemation of SAR images. This article is organized as follows: In the next section, the
PMC model and the ICE principle are recalled. Sections3 and 4 are dewoted to the parameters estimation
problem. In particular, we specify how the original ICE based method works in the Gaussiancaseand how
it can be extended to the generalizedmixture estimation case. Sections5 and 6 compare the segmemation
results obtained from the HMC and PMC basedrestoration algorithms on two noisy simulated imagesand a
real JERS1 image of rice plantation in Indonesia. Finally, conclusionsand further work are drawn in section7.

2. PAIR WISE MARK OV CHAIN

Since we are concernedwith the restoration of images, one have rst to transform the bi-dimensional data
into a one-dimensionalchain. A solution consistsin traversing the image line by line or column by column.
Nevertheless,only horizontal or vertical neighbourhoods are taken into accourt. Another alternative is to use
a Hilb ert-Peanoscanwhich alternates horizontal and vertical transition, asillustrated in gure 1. Generalized
Hilb ert-Peanoscant® can be applied to image whoseheight and width are even.

2.1. Pairwise Mark ov Chain distribution

and Y. Realizations of such processewill be denoted by lowercaseletters. To simplify notations, we will write
p(xn) for p(X, = x,) and we will denote dierent distributions by the sameletter p, except for distributions
on R and R? wheref will be used.

The processZ is then called a \pairwise Markov chain" assaiated with X and Y if its distribution can be
expressedas p(z) = p(z1) p(zz2jz1) ::: p(znv jzv 1) : In this paper, we only considerthe \stationary PMC" in
which p(z,;zh+1) doesnot depend on n. The processZ is then a Markov chain whosedistribution is de ned
by

P(z1;22) = p(i; J) fig (Yi:Y2); (1)
where p(i; j) is a probability on 2, and fij (y1;y2) = p(y1;Y2ii;j ) is a distribution density on R2. Hence,
p(z1;22) is a probability distribution on 2 R2. The distribution of the Markov chain Z will equivalertly be
determined by the initial probabilities p(z;), using (1):

z

X X
p(z1) = p(i;j)  fij (Yiiy2) dyz = pi; i) fij (va); (2
j=1 R j=1

and the transition matrix p(zzjz;), using (1) and (2):

= bz z2) _opQis ) fig (Yirye) |
P(z2jz1) = o) X : 3)
pQi; ) fij (v)
j=1
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Figure 1. Construction of a Hilb ert-Peanoscanfor a8 8 image (initialisation, intermediate stage and result).

2.2. Relations to Hidden Mark ov Chain

It hasbeenshawn (seeRef. 10) that (i) fi; (y1) = fi(y1) implies that X is a Markov chain and, (i) reciprocally
the markovianity of X implies fi; (y1) = fi(y1). Theseproperties state a necessaryand su cien t condition that
a PMC be an HMC and show that a PMC is strictly more generalthan a HMC. Furthermore, the distribution
of a classicalstationary HMC, in which X is Markovian, can be written as

P(z) = p(x;y) = p(X1) fx; (Y1) P(X2)X1) Fx, (¥2) 20 p(XnjXn 1) Fxy (UN) -

This is a particular PMC de ned by p(z1;z2) = p(i; j) fi (y1) fj (y2). This illustrates the classicalhypotheses

of eadh Y,, conditional to X is equalto its distribution conditional to X,,. The classicalHMC cannot take into

accourt situations in which f;; (y;) doesdependonj. This can be a seriousdrawbadk sincesud dependencies
may occur. For example, following Ref. 10, considerthe problem of restoring a two classesmage with \F orest"

and\W ater: = fF;Wg. Fori = F, the random variable Y, modelsthe natural variabilit y of the forest and,

possibly, other \noise" which is not consideredhere. Considering(F; F) and (F; W) astwo possibilities for (i; j ),

it seemsquite natural that fr.r (y1) and fr.w (y1) canbedierent. In fact, the secondcasecan appear when
sometrees are near the water, giving them a di erent visual aspect. More generally, the possibledependence
of fi; (y1) onj allows oneto easily model the fact that the visual aspect of a given classcan be di erent near
a boundary than inside a large set of pixels of a sameclass. Hence,a kind of \non stationary", which models
the fact that the noisecan be di erent closeto boundaries,is taken into accourt in the context of a stationary

PMC model. Regarding the problem of restoring SAR images, the main interest of PMC is to allow to take
into account spatially correlated spedle noise,which can not be donein the HMC case.

2.3. ICE principle and segmentation algorithm overview

As speci ed above, the distribution of a PMC Z is given by the distribution p(z;;z2). From Eg. 1, the set

of parametersis made up of the K 2 probabilities p(i; j), and the parameters that describe the K 2 densities
fi; (Y1,y2). In the caseof unsupervised classi cation, these parametersare unknown and must be estimated
from the obsened data Y = y. We use here the ICE procedure whose principle is the following. Let P, be
the distribution of Z = (X;Y), depending on a parameter 2 . The problem is to estimate from a sample

1. There exists an estimator of from the completedata: "= "(2);
h i
2. Foreah 2 , either the conditional expectation E "(Z)jY = y is computable or simulation of X
accordingto its distribution conditional to Y = y is feasible.

The ICE procedureis an iterative method which runs as follows: Irp]itialize = io; For g> 0,

if the conditional expectation is computable, put g+ = E A(Z)jY =y,

if not, simulate L realizations xy;:::;x. of X (eac X iﬁaherea sequence)according to its distribution

conditional on'Y = y and basedon ¢, and put g+1 = % :‘:1 “xi0y).



X

Figure 2. Diagram of the complete ICE basedrestoration algorithm.

When unsupervised restoration is concerned,the ICE procedure can be incorporated into the algorithm
sketched in gure 2. Giventhe original sequencey (the Hilb ert-Peanoscanof the image), the rst stageallows
to obtain an initial estimation ‘y of the set of parameters describing the model. Then the ICE procedureis
applied iterativ ely until convergenceor until a given number of iterations is reached. The estimated parameters
"o are then usedfor Bayesian restoration, and an inverseHilb ert-Peano scan allows to recover the segmered
image x.

The next two sectionsshonv how the ICE can be usedto perform the estimation of the two sets of PMC
parametersfrom the obsened data Y = y. For later use,let A;; denotesthe setof indicesl n N 1 for
which (Xn;Xn+1) = (i ).

3. MODEL PARAMETERS ESTIMA TION

Similar to HMC, to estimate the PMC parametersp(i; j ), we needthe following distributions :

- \F orward" and \bac kward" probabilities

n()= Py Ynixn=1i); 1 n N;
n() = P(Yn+1;ii55yniXn=1j); 1 n N

The \forw ard” and \backward" probabilities can be computed recursively, using Baum's algorithm 7. However,
the original algorithm is subject to serious numerical problems and we use its \normalized" variant'®, which
can be iterativ ely calculated by:
x - .
_ n(!) P(Xn+1 = 13 Yn+1jXn = ! 5Yn)
X1 = i . !
y= xPEZEW s X2 _ @
p(X1 = ! ;Y1) n(!1) P(Xn+1 =1 2i¥Yn+1 X0 = 1 17¥n)
2 (Y131 2)2 2

(i

and X
net (1) P(Xn+z = !5 Yn+1iXn = JiYn)

i) = 1 n j)= )\(2 : °
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- Joint a posteriori  probabilities The \join t a posteriori probability" of two subsequen classesgiven all
the obsenations can be expressedas

n(iij) = p(Xn =1 Xns1 = Jjy);
- X n(D)P(Xn+1 = i VYn+1 JXn : iy Yn) i+1 () -1 N 1:
n(!1)P(Xn+1 = 1 2;Yn+1 Xn = 115 Yn) nea (! 2)
(Y1t 2)2 2

(6)

- Marginal a posteriori  probabilities The \marginal a posteriori probability" of two subsequenh classes
given all the obsenations can be expressedas

n (1)

p(xn = 1jy);
n() n(!)

12

Similar to HMC, the last equation allows the BayesianMPM restoration of the hidden sequenceX . Let usalso

notice that equations (4) to (7) give the classicalHMC formulas when the PMC is an HMC.

Otherwise, the joint a priori probabilities p(i; j) can be estimated from X by using the following stan-

dard estimation p(i; j) = % Applying ICE, the conditional expectation of p(i; j) at iteration q+ 1 is
computable and gives
PP . 1 Xt . .
P =B DY =yl= gy P =X =Jy); ®)
n=1
where p% (X, = i; Xp+1 = j Jy) are calculated from (6), at iteration q.

Let us notice that, similar to the HMC case, it is possibleto simulate X according to its distribution
conditional onY = y. Indeed, the a posteriori distribution of X, i.e. p(xjy), isthat of a non stationary Markov
chain!! with transition matrix:

ther (i5]) = P(Xnsr = TjXn = j3y) = ”n(i(;i;); 1 n N L 9)

4. MIXTURE PARAMETERS ESTIMA TION

The parametersof the K 2 possibly correlated bi-dimensional densitiesfi; (y1;y2) are not known and must be
estimated from the obsenation Y = y. In radar image segmemation, the choicefor the family of distributions is
crucial sinceit modelsour a priori knowledgeon the nature and shape of the noise,induced by the badkscattering
mechanisms. One simple choice is to considerthat all distributions are bi-dimensional Gaussianand we rst

presern the classic mixture estimation algorithm. However, on the rst hand, it is well known that Gaussian
densities are not suited to the segmemation of SAR images. On the other hand, non Gaussian bivariate
distributions can sometimesbe di cult to obtain explicitly . Hence,in section 4.2, we proposea method that
reducesthe problem into the estimation of two 1D independen distributions, ead of them belongingto a nite

set of possibleshapes. Finally, the Pearsonsystem of distributions is introduced and its usein the genealized
mixture estimation algorithm is preserted.

seeRef. 20 for a synthesis on contin uous multiv ariate distributions.



4.1. ICE in Gaussian PMC
A PMC is called Gaussianif all densitiesfi; (y1;y2) in (1) are Gaussian. Denoting by ;; the meanvector and

by i; the variance-coariance matrix of fij (y1;y2), we may usethe following estimatesfrom (X;Y):
1 X 1 Y,
AL - 1a. n . 1
1% Carda) M yae (10)
and " 1
N - 1 Yn AL t Yn A .
ij (2) = 7Card(Ai;j) - 1ai Vi i (2) Vsl ij (2) - (11)

The conditional expectations of #;; and Ai;j are not computable and thus we must perform simulations by
using (9). In practice, just one realization of X = x9 is sampled according to its distribution conditional to
Y = y and basedon "y. Thus the next ™ and "{i"™* are estimated using (10) and (11), with x9 instead of x
for the computation of A; ;.

4.2. ICE in generalized PMC

When the nature of the K 2 densitiesfi; (y1;Y2) on R? is not known, but ead of them belongsto a xed setH;

of possibleshapes, the problem of nding them is called \generalized mixture estimation". Let us notice that
whenead setH;; isreducedto oneelemen, the generalizedmixture becomesa classicalmixture. Furthermore,
when all elemeris are Gaussianfamilies, we nd a Gaussianmixture and the generalizedlCE becomesa classical
ICE in PMC as speci ed previously. In somesituations, fi; (y1;y2) may be dicult to obtain explicitly. For
example, we have an idea about fi; (y1) and fi; (y2), and we have their correlation. Of course,this does not
give us the density fi; (y1;y2) which is neededin generalizedICE iterations. We can then usethe following
method, inspired from the method successfullyapplied to bi-sensorimage segmemation in Ref. 6.

Let denote ; and , the standard deviations of Y; and Y,, and their correlation coe cien t. Considering

=1 2 ; (12)
| iz )
A

with w = P 1 2andv= P 2+ 2 2 1 ,w,wehave: (i) Var(U;) = Var(Up) = 1, (i) Cov(Uy;Up) = 0,
and (iii) Cov(Uq;Y1) = Cov(Uy;Y2). The condition (i) makes the choice for (Uy;U,) unique. This ensures
that the general PMC condition accordingto which the marginals of p(z;;z;) are equal. Such condition was
not neededin Ref. 6.

As the random variables (U;; U,) with densitiesg; and g, are not correlated, we simplify things by assuming
that they are independert, and g(uy; uz) = gi(uz1) g2(u2). At ead iteration of the generalizedICE and for eac
(i:j) 2 2, weseekg; and g,. Sincethey are densitieson R, this is much simpler than to seeka density on R?.
The density f of the distribution of (Yy;Y>) is then linked to g; and g, by the relation

fij (Y1;¥2) = jdet(A)j g1(u1) gz(u2): (13)

Hence,the mixture parametersthat have to be estimatedis rst ;, , and and, second,depend on the
family of the candidate distributions g; and g,. If both g; and g, belongto the Gaussianfamily, we then nd
again the classicalPMC-ICE algorithm. Let us now examinethe more generalcasewherethe families of g; and
02 belongto the Pearsonsystem.
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Figure 3. Pearson'sdiagram in term of skewness i and kurtosis .. Note that the , axis is reversed.

4.3. ICE in Pearson PMC

The problem is now reducedto the seard for one-dimensionaldensities. In order to take into accoun theoretical
results in the modelling of badkscattering mecanisms,a number of candidate families has beenproposed,suc
as Gamma, K and Beta densities:?2. The interest in these distributions comesessetially from the large
variety of possibleshapesthat can be obtained by modifying a limited number of parameters. In particular, all
of them cantake into accourt the dissymmetry of classdensities, which is not the caseof Gaussiandistributions.
Another interesting point is that someof them have a nite or semi- nite support, which is of great interest in
SAR image processing.In order to enlargethe set of available shapes, one solution is to consider,not only one
of the families cited above, but all of them in a uni ed way with the help of the Pearsonsystem of distributions.
Comprehensie introduction and detailed statemerts on the Pearsonsystem are given in Ref. 23.

This systemconsistsof mainly eight families of distributions of various typeswith mono-madal and possibly
non symmetrical shapes (Gamma, Exponertial and Beta distributions among others) and has shavn to be
ecient in HMC in the context of radar image segmemation®?24. Let ,, 3 and 4 denote the certered
momerts of order 2, 3 and 4. All the families can be expressedin terms of the mean ( 1), variance ( »),
skewness( 1 = %= 3) and kurtosis ( 2 = 4= ;) and located in the so-called Pearsonsdiagram, cf. Fig. 3.
Gaussiandistributions are locatedin ( ; = 0, 2 = 3). Type Il and Studernt't distributions are respectively
situated accordingto ( 1 = 0;1< ,< 3)and( ;= 0;3< ;< 45). Gamma distributions are located on the
straight line, and inverse Gamma distributions are located according to the secondcurveY. Beta distributions
of the rst kind are situated betweenthe lower limit and the Gamma line, Beta distributions of the secondkind
are located betweenthe Gamma and the inverse Gamma distributions, and Type IV distributions are located
betweenthe inverse Gamma distribution and the upper limit.

We thus seekboth the family of the distribution and the parametersthat best describe its samples. From
a realization x of X by using (9), one can estimate the empirical momerts using classicalestimators (or more
sophisticated estimators as the onesproposedin Ref. 25) and compute ( 1, 2). Given the Pearson'sdiagram,
it becomespossibleto selectthe correspponding member family and recover the parameters, which precisely
identify the distribution, from the estimated momerts.

YGamma line : = 1:5 1+ 3,inverseGamma curve: 72— 13 1+ 16+ 2( 1+ 4)™° for 0 ;%



5. EXPERIMENTS ON NOISY SIMULA TED IMA GES

In this section,we presen a setof experiments concerningthe segmetmation of a noisy simulated image corrupted
with somecorrelated noise and then restored by HMC and PMC basedBayesian segmetation methods. The
question is whether PMC have to be usedinstead of HMC or not, in sud situation. Fig. 4 shows the original
image and the two noisy image with correlated noise generatedaccording to : (1) the two classeshave been
corrupted with two independert noises(parameters are reported in Tab. 1); (2) the correlation is obtained by
performing the following Itering on the ertire image:

0 1
1 0 07 O
28 @:7 1 07A:
: 0 07 O

In this way, the test imagesare corrupted with two correlated noises. Note that suc imagesneither represent
a HMC nor a PMC process.However, they are segmetted in an unsupervised manner by HMC and PMC based
MPM restoration methods, with all parameters estimated by ICE algorithm, as specied in Sections3 and 4.
We test HMC and PMC classical mixture estimation (Gaussian densities) on the rst noisy image and HMC
and PMC generalizedmixture estimation (Pearsonsystem) on the secondnoisy image. The number of ICE
iterations is setto 100, and we compute only one a posteriori realization per iteration for the estimation of the
mixture parameters.

@ (b) ()

Figure 4. Original image and noisy simulated images (128 128). = fBlack; Whiteg. The \noise parameters" are
reported in Table 1.

Table 1. Noise parameters used for the two experiments.

Noise parameter values
Image
Law 1 2 3 4 1 2
(b) fBlack Gaussian | 120.0| 49.0| 0.0 7203.0 | 0.0 | 3.0
fw hite Gaussian 125.0| 75.0| 0.0 | 16875.0| 0.0 | 3.0
© fBlack Gamma 120.0| 49.0 | 343.0 | 10804.5| 1.0 | 4.5
fwhie Inv. Gamma | 125.0| 75.0 | 918.6 | 40159.1| 2.0 | 7.1

The segmetmation results are reported in Fig. 5. Both the error rates and a visual inspection show that
ICE-PMC based segmemations using classicaland generalized mixture estimation [images(b) and (d)] give
better results than the correspnding ICE-HMC ones[image (a) and (c)]. We can also note that the error rates
are a little bit bigger in the caseof generalizedmixture. One reasonis that the mixture is much more di cult
to estimate since the \degree of freedom" is greater than in the Gaussiancase. Table 2 givesthe estimated
parametersfound with PMC-ICE and generalizedmixture estimation. Most of the 1D densitiesselectedamong
the Pearsonsystemare Beta of the rst kind. In order to illustrate the approximation preseried in section4.2,
we also reported in Fig. 6 the bi-dimensional density obtained from equation (13), for (i; j) = (0;0).



(@) G-HMC - 1398%  (b) G-PMC - 6:66%  (c) P-HMC - 15:34%  (d) P-PMC - 8:36%

Figure 5. Segmeration results obtained with ICE estimation and MPM classi cation for both HMC et PMC models. "G’
and "P' stand respectively for Gaussian and Pearson. The percertages give the error rates of misclassi cation according
to the original image in Fig. 4.

Table 2. Parameter values estimated using Pearson PMC based ICE algorithm.

6(ii]) = 0:3399 0:0086
1= 0.0086 0:6428

Estimated parameters for the 1D densities

1D Law 1 2 3 4 1 2
foo 0.53 o¥® TypelV | 24.69 | 1.00 | 0.44 | 3.40 | 0.20 | 3.40

' 0® Betal | 2652 | 1.00 | 0.37 | 3.18 | 0.14 | 3.18
0! Betal | 37.21 | 0.99 | 0.85 | 2.93 | 0.74 | 2.97
o' Betal | -2250|0.99 | 0.72 | 3.13 | 0.52 | 3.18
fro 0.35 0r° Betal | 24.89 | 0.99 | 0.72 | 2.71 | 0.53 | 2.75

’ %° Betal | 315 | 099 |0.15| 249 | 0.02 | 2.53
o' Betal | 3156 | 1.00 | 0.32 | 3.08 | 0.10 | 3.08
o' Betal | 31.60 | 1.00 | 0.34 | 3.12 | 0.12 | 3.12

fo1 0.60

fi1 0.48

Bi-dimensional density - (i,j)=(0,0)

Figure 6. Plot of the bi-dimensional density f .o obtained from the estimation of g%*° and g2'°.
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Figure 7. ERS-1 SAR image of a rice plantation in Java Island (Indonesia) and histogram. Image size: 512 512.
Date : 1994, 10 february.

6. EXPERIMENTS ON A REAL SAR IMA GE

Figure 7 shaws an extract of a JERS image of rice growing in Semarang(Java island) with mainly early rice,
late rice and other cultivations®®. It was decidedto classify the image into four classeswith again 100 ICE
iterations and one realization per iteration. We only test the generalizedmixture casefor both HMC and PMC
models. The MPM classi cation results are reported in gure 8, together with the normalized histogram of
ead class. It is clear that the PMC basedsegmetation is much more regular than the HMC one and rice plots
seemto be better extracted. Note alsothat only three classeshave beendetected with the HMC model (four
attempted), and the con gurations of classhistograms are quite di erent for the two models.

The computation time betweenthe two algorithms is quite dierent. The program basedon HMC spert
about 35 minutes on a PC with Pertium IV 1.3 GHz processorrunning Linux, whereasthe program basedon
PMC needs2 hours and 40 minutes. The complexity of the PMC-ICE algorithm is more important since not
only K = 4 densities have to be estimated (HMC case),but 2K 2 = 32 one-dimensionajgensities (PMC case).
Another time consumingpoint of the algorithm comesfrom the estimation of fij (y1) = fij (y1;Y2) dy2 which
happensin the computation of p(z,) and p(z,+1 jzn ). In the generalizedmixture case,no analytic calculation
can be made and numerical integration must be used.

7. CONCLUSIONS AND FUR THER W ORK

This article describes unsupervised classi cation of SAR imagesin the framework of the recert model called
\P airwise Markov Chain". The method is basedon a variant of the general lterativ e Conditional Estimation
(ICE) and Bayesian Maximum a Posteriori Mode (MPM). As the PMC model is more general { and more
complex{ than the HMC one, the aim of our work wasto examine whether the useof PMC instead of HMC is
justi ed in this cortext. Numerous experimerts, the results of someof them are preseried in the paper, show
that the useof PMC is of interest and can signi cantly improve the segmemation obtained usingHMC. Methods
basedon PMC constitute an interesting alternative mainly becausethe spatial correlated spedle noise can be
directly taken into accourt in the model. This generally gives more regular classin the segmeted images.
Howewer, comparedto ICE-HMC, the parameters estimation is time consuming since the complexity of the
ICE-PMC algorithm is more important.

As perspectivesfor further work, we may mertion the extension of PMC to multisensor image processing.
Both spatial and inter-sensorcorrelation should be taken into accourt at the sametime. The extensionof PMC
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Figure 8. Segmenation results and classeshistograms for both ICE and HMC classi cation (up) and ICE and PMC
classi cation (down). The classvalues (1;:::; 4) has been changed to the mean values of the classesto facilitate visual
comparison with the original image.

to the family of modelscalled\Hidden Markov Tree", described in Ref. 27, would also possibly be of interest for
multiresolution image processing. Another direction concernsthe new model called \T riplet Markov Chain" 28
and its application in unsupervised image segmeiation.
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