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Abstract—SAR imagescanbeusedto help ship routing in sea-icecondi-
tions. In this study, wefocuson the Antar ctic regionwherenomulti-year ice
nor big ice floesare to be found. As a matter of fact, eachclutter obeysto
a backscattering mechanismthat inducesa specificpixel distribution and
our attempt is to identify automatically the correct distribution for each
ice type. The problem is that of generalizedmixtur e estimation and unsu-
pervised image classification. In this work, we modelled the mixtur e with
distributions fr om the Pearson’s system.Parametersestimation is realized
according to the ICE algorithm in the context of hidden Mark ov chains.
The resultsobtained fr om the Pearson’s systemare compared to the ones
obtainedwith a classicalmixtur e of Gaussiandistributions.

I . INTRODUCTION�
AR IMAGEScan be usedto help ship routing in sea-ice
conditions. The knowledgeof sea-icecharacteristicsis of

importancein orderto find themostappropriateroutefor agiven
ship. In this study, we focuson the Antarctic region whereno
multi-year ice nor big ice floesareexpectedto be found. Ice
typesaremostly pancakes,brashor small ice floes. A typical
exampleis givenis Fig. 1. Theimagehistogramshape(seethe
vignettein Fig. 4) doesnot show obviousthresholds.Thus,re-
motely sensedimagesshouldnot be analyzedusingstructural
methodologybut with thehelpof statisticalmodelling.

In the context of SAR imageprocessing,Gaussiandistribu-
tions remainthe mostusedones. In orderto take into account
theoreticalresults in the modelling of backscatteringmecha-
nisms,anumberof candidatefamilieshasbeenpresentedprevi-

Fig. 1. SAR imageof sea-iceusedfor experimentation.Theimagegray-levels
havebeenequalizedfor bettervisualizationof clutters. c
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ously, suchasGammadistributions[1], K distributions(based
on themodifiedBesselfunctionof thesecondkind) [2], [3] and
Betadistributions [4]. The interestof thesedistribution func-
tionscomesessentiallyfrom thelargevarietyof possibleshapes
that canbeobtainedby modifying a limited numberof param-
eters(up to four). In particular, all of themcan take into ac-
countthedissymmetryof classdensities,which is not thecase
of Gaussiandensities.Anotherinterestingpoint is thatsomeof
themhave a finite or semi-finitesupport,which is of greatin-
terestin SAR imageprocessing.In orderto enlarge the setof
availableshapes,onesolutionis to consider, not only oneof the
familiescited above, but all of themin a unified way with the
helpof thePearson’ssystemof distributions[5].

As a matterof fact, eachclutter obeys to a backscattering
mechanismthat inducesa specificclassdistribution andour at-
tempt is to identify automaticallythe correct family of distri-
butions,from the Pearson’s system,of eachice type. We thus
seekboth the natureof the correspondingdistribution and the
parametersthatbestdescribeits samples.Theproblemis thatof
generalizedmixture estimationandunsupervisedimageclassi-
fication. Fromthe largevarietyof methods(includingEM and
SEM), we chosethe Iterated Conditional Estimation (ICE) al-
gorithmproposedby W. Pieczynski[6] in thecontext of Hidden
Markov Chains (HMC) [7], [8]. TheHMC framework exploits
thespatialdependenciesbetweenneighboringpixelsandimpose
aspatialregularityconstrainton theclasses.It is alsoasubstan-
tially quickeralternative to hiddenMarkov fields.

The entire algorithm is summarizedin sectionII and illus-
tratedin sectionIII for theimagein Fig. 1. Theresultsobtained
from the generalizedmixture estimationare comparedto the
onesobtainedwith a classicalGaussianmixture. Conclusions
andfuturework aredrawn in sectionIV.

I I . SEA-ICE CLUTTERS DISTRIBUTION ESTIMATION

This sectionis not intendedto givea theoreticaljustification,
neithera completedescription,of theICE algorithmin thecon-
text of Hidden Markov Chains. Interestedreadersmay con-
sult [8], [9]. We only briefly sumup the entirealgorithmand
giveanoverview of thePearson’ssystemof distributions.

A. Description of the algorithm

The 2D original image is modelledas a 1D chain using a
Hilbert-Peanoscan. We considertwo setsof randomvectors:




���
������ ����� and � ��
������ ����� where � is the set of im-
agepixels. Each

� �
takes its value in a finite set of classes� �! �"$#�%�&'&�&(%�"*),+

, and
�-�

takesits valuein . (gray-levels).
The segmentationproblemis to estimatethe unobserved real-
ization
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is theimageto besegmented.In thecontext of un-

supervisedbayesiansegmentation,we needto estimateall the
parametersdefiningthe distribution of
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tribution of



, and the family 5 6-798: of the distributionsof �

conditionalto



. Let usdenoteby ; all theparametersconcern-
ing 5 6 , andby < �=
 < # %�&'&�&(% < ) � all the parametersdefining
thefamily 5 6>7(8: ( ? �@
 ; % < � ). In thecaseof HMC, ; is given
by theinitial stateandthetransitionmatrixof thehomogeneous
Markov chain. In classicalmixtureestimation,densities5 6>7(8:
areGaussianand < is composedby meansandvariances.

From the observed image � to the segmentedimage



, the
algorithmcanbedecomposedinto threemainphases:
Initialization: Theobjectiveis to furnishafirst estimation A?CB of
theparameters.We usedthek-meansalgorithm.
Parameter estimation: This phase is realized according to
the ICE algorithm. It is basedon the iterative estimation
of the conditional expectation of ? according to A?CDFE #G�HJIK�L3M A? 
�
 D % � �'N �PO , where


 D is a realizationof



.

Segmentation: Therestorationis thenachievedusingtheMaxi-
mum Posterior Mode (MPM) segmentationrule.

B. Pearson’s system of distributions

This Pearson’s systemconsistsof a setof heightfamiliesof
distributions,includingGaussian,GammaandBetaones.Com-
prehensiveintroductionanddetailedstatementsonthePearson’s
systemaregivenin [10], [11]. All thefamiliesparameterscanbe
expressedin termsof themean( Q � Q # ), variance( R>S � Q S ),
skewness( T < # with < # � Q(SU9VWQ US ) andkurtosis( < S � Q>X9VWQ S ),
which leadsto very flexible distribution forms ( Q S , Q U and Q>X
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Fig. 2. Pearson’s graph(notethat the vFw axis is reversed).Theplots represent
the iteratedestimationsof xivcy{z�vFw{| for eachclassduring the ICE process
appliedon theimagein Fig. 1 (seesectionIII).

denotecenteredmoments).
All the distributions can be in representedin the Pearson’s

graph(Fig. 2). Gaussianarelocatedin

 < #}��~�% < S ���t�

, and
Gammaarelocatedaccordingto < S ���F&�� < #J��� . Betadistri-
butionsof thefirst kind arelocatedbelow theGammaline. Beta
distributionsof the secondkind andType IV (which are very
similar to K-distributions)arelocatedabovetheline.

From a realization
0 D of



, onecanestimatethe empirical

momentsandcompute

 < #q% < S � for eachclass.Giventhegraph,

it becomespossibleto selectthe correspondingfamily andre-
cover theparameterswhich identify thedistribution.

I I I . EXPERIMENTAL RESULTS

The algorithmis first illustratedin the framework of classic
gaussianmixture estimationand then for generalizedmixture
estimation(accordingto Pearson’s system).Theresultswe ob-
tainedwith four classeson the imagein Fig. 1 arepresentedin
Fig. 3 and4.

Theupperplotsshows thefour distributionsestimatedby 30
ICE iterations.Thepathestakenin the


 < #�% < S � -planeduringthe
ICE processaredrawn in Fig.2. Thetwo estimatedmixture(see
vignettes),i.e. weightedsumof thedistributionsof thedifferent
classes,clearlyapproachestheoveralldistributionof theimage.
TableI shows the estimateddistributionsandtheir parameters.
All theclassesareof betatype in the caseof generalizedmix-
ture,onecannote:
Class 1: is nearlyaGaussiandistribution. It representspolynya
or thin ice.
Class 2: is nearlya Gammadistribution. It representsbrashor
pancakes.
Class 3: mayrepresentcompactwhite ice floes.
Class 4: This classis specializedin the histogramqueueand
actsasa thresholdfor icebergs.

TABLE I

PARAMETER VALUES FOR GENERALIZED AND GAUSSIAN MIXTURES.��� � y � w �t� ��� vcy vFw
1 (Beta1) 28.8 41.5 59 5132 0.05 2.98
2 (Beta1) 40.3 67.2 206 14098 0.14 3.12
3 (Beta2) 60.9 217.2 2317 183472 0.52 3.89
4 (Beta1) 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

Bayesiandecisionthresholdsareclearly differentin the two
mixture cases,which resultsin quiet different segmentedim-
ages.

IV. CONCLUSION

The resultsillustrate the fact that no obvious single model
emergedwhichadequatelyfit all ice types,andjustify theuseof
generalizedmixtureestimation.Thealgorithmdescribedabove
is not limited to thePearson’ssystembut canbeextendedto any
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Fig. 3. Resultsobtainedwith a mixtureof four Gaussiandistributions. (a) plot
of theestimatedgaussiandistributions.Themixtureisshown in thevignette.
(b) resultof segmentation.

finite setsof distributions[8], usingthe Kolmogorov distance.
Thiscanbeusefulwhenbackscatterresultsontheexpectedden-
sitiesareknown apriori. Oneinterestingpoint is alsoto testthe
specificSAR-orientedKUBW systemdescribedin [12] in the
context of sea-iceimage.
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