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Abstract— SAR imagescan be usedto help ship routing in sea-icecondi-
tions. In this study, wefocuson the Antar ctic regionwhere no multi-y ear ice
nor big ice floesare to be found. As a matter of fact, eachclutter obeysto
a backscattering mechanismthat inducesa specific pixel distrib ution and
our attempt is to identify automatically the correct distrib ution for each
ice type. The problemis that of generalizedmixtur e estimation and unsu-
pervised image classification. In this work, we modelled the mixtur e with
distrib utions from the Pearson’s system. Parametersestimation is realized
according to the ICE algorithm in the context of hidden Mark ov chains.
The resultsobtained from the Pearson’s systemare compared to the ones
obtained with a classicalmixtur e of Gaussiandistrib utions.

|. INTRODUCTION

AR IMA GEScan be usedto help ship routing in sea-ice

conditions. The knowledgeof sea-icecharacteristicss of
importancen orderto find themostappropriateoutefor agiven
ship. In this study we focuson the Antarctic region whereno
multi-yearice nor big ice floes are expectedto be found. Ice
typesare mostly pancales, brashor smallice floes. A typical
exampleis givenis Fig. 1. Theimagehistogramshapeg(seethe
vignettein Fig. 4) doesnot showv obviousthresholds.Thus,re-
motely sensedmagesshouldnot be analyzedusing structural
methodologybut with the help of statisticalmodelling.

In the context of SAR imageprocessingGaussiardistribu-
tions remainthe mostusedones. In orderto take into account
theoreticalresultsin the modelling of backscatteringnecha-
nisms,anumberof candidatdamilieshasbeenpresentegbrevi-

Fig. 1. SARimageof sea-iceusedfor experimentationTheimagegray-levels
have beerequalizedor bettervisualizationof clutters.(© IFRTP - RadarSat-
SW- 512 x 512 (October24,1996- Dumontd’'Urville sea).

ously, suchas Gammadistributions[1], K distributions (based
onthemodifiedBessefunctionof the secondkind) [2], [3] and
Betadistributions[4]. The interestof thesedistribution func-
tionscomesessentiallyfrom thelargevariety of possibleshapes
that canbe obtainedby modifying a limited numberof param-
eters(up to four). In particular all of them cantake into ac-
countthe dissymmetryof classdensitieswhichis notthe case
of Gaussiardensities.Anotherinterestingpointis thatsomeof
themhave a finite or semi-finitesupport,which is of greatin-
terestin SAR imageprocessing.In orderto enlage the setof
availableshapespnesolutionis to considernot only oneof the
familiescited above, but all of themin a unified way with the
helpof the Pearsors systemof distributions[5].

As a matterof fact, eachclutter obeys to a backscattering
mechanisnthatinducesa specificclassdistribution andour at-
temptis to identify automaticallythe correctfamily of distri-
butions, from the Pearsors system,of eachice type. We thus
seekboth the natureof the correspondinglistribution and the
parameterghatbestdescribdts samplesThe problemis thatof
generalizednixture estimationand unsupervisedmageclassi-
fication. Fromthe large variety of methodg(including EM and
SEM), we chosethe Iterated Conditional Estimation (ICE) al-
gorithmproposedy W. Pieczynski6] in the context of Hidden
Markov Chains (HMC) [7], [8]. The HMC framework exploits
thespatialdependenciesetweemeighboringpixelsandimpose
aspatialregularity constrainontheclasseslt is alsoa substan-
tially quicker alternatve to hiddenMarkov fields.

The entire algorithmis summarizedn sectionll andillus-
tratedin sectionlll for theimagein Fig. 1. Theresultsobtained
from the generalizedmixture estimationare comparedto the
onesobtainedwith a classicalGaussiarmixture. Conclusions
andfuturework aredrawn in sectionlV.

Il. SEA-ICE CLUTTERS DISTRIBUTION ESTIMATION

This sectionis notintendecdto give a theoreticajustification,
neithera completedescriptionof the ICE algorithmin thecon-
text of Hidden Markov Chains. Interestedreadersmay con-
sult [8], [9]. We only briefly sumup the entire algorithmand
give anoverview of the Pearsors systemof distributions.

A. Description of the algorithm

The 2D original imageis modelledas a 1D chain using a
Hilbert-Peanaoscan. We considertwo setsof randomvectors:



X = (Xs),es andY = (Y;), g Where S is the setof im-
agepixels. EachX; takesits valuein a finite setof classes
Q = {w,... ,wk}, andY; takesits valuein R (gray-levels).
The sggmentationproblemis to estimatethe unobsered real-
ization X = z from the obsened realizationY = y, where
y = (ys)ses is theimageto be sgmentedIn the context of un-
supervisedbayesiansggmentationwe needto estimateall the
parameterslefiningthe distribution of (X,Y), i.e. Px thedis-
tribution of X, andthe family P£=* of the distributionsof Y
conditionalto X. Let usdenoteby « all theparametersoncern-
ing Px, andby 8 = (81, --- , BKk) all the parameterslefining
thefamily P£=% (§ = (a, 8)). In thecaseof HMC, « is given
by theinitial stateandthetransitionmatrix of thehomogeneous
Markov chain. In classicalmixture estimation densitiesP¥ =2
areGaussiarandg is composedy meansandvariances.
Fromthe obsenedimageY to the sggmentedmageX, the
algorithmcanbedecomposethto threemainphases:
Initialization: Theobjectiveis to furnishafirst estimatiorﬁAo of
the parametersWe usedthe k-meansalgorithm.
Parameter estimation: This phase is realized according to
the ICE algorithm. It is basedon the iteratve estimation
of the conditional expectation of € accordingto §n+1 =

E; (67(Xn, Y) |Y) , whereX,, is arealizationof X.

Segmentation: Therestorations thenachiezedusingthe Maxi-
mum Posterior Mode (MPM) segmentatiorrule.

B. Pearson’s system of distributions

This Pearsors systemconsistsof a setof heightfamilies of
distributions,including GaussianGammaandBetaones.Com-
prehensieintroductionanddetailedstatementsnthe Pearsors
systemaregivenin [10], [11]. All thefamiliesparametersanbe
expressedn termsof the mean(u = p), variance(o? = u»),

skewness(/B1 with 81 = p2 \ p3) andkurtosis(Bs = pq \ p2),
which leadsto very flexible distribution forms (s, us and g

Normal

£

Fig. 2. Pearsors graph(notethatthe 85 axisis reversed).The plotsrepresent
the iteratedestimationsof (81, 82) for eachclassduring the ICE process
appliedontheimagein Fig. 1 (seesectionlll).

denotecenterednoments).

All the distributions canbe in representedn the Pearsors
graph(Fig. 2). Gaussiararelocatedin (5, = 0,82 = 3), and
Gammaarelocatedaccordingto 32 = 1.5 8; + 3. Betadistri-
butionsof thefirst kind arelocatedbelor the Gammadine. Beta
distributions of the secondkind and Type IV (which are very
similarto K-distributions)arelocatedabove theline.

From a realizationz,, of X, one canestimatethe empirical
momentsandcompute(81, 52) for eachclass.Giventhegraph,
it becomegossibleto selectthe correspondindgamily andre-
coverthe parametersvhichidentify thedistribution.

I1l. EXPERIMENTAL RESULTS

The algorithmis first illustratedin the framework of classic
gaussiammixture estimationand then for generalizedmixture
estimation(accordingto Pearsors system).The resultswe ob-
tainedwith four classeon theimagein Fig. 1 arepresentedn
Fig. 3 and4.

The upperplots shows the four distributionsestimatedy 30
ICE iterations.Thepathegakenin the (8;, 52)-planeduringthe
ICE processaredrawnin Fig. 2. Thetwo estimatednixture (see
vignettes)j.e. weightedsumof thedistributionsof the different
classesclearlyapproachetheoverall distribution of theimage.
Tablel shows the estimatedistributionsandtheir parameters.
All the classesare of betatype in the caseof generalizednix-
ture,onecannote:

Class 1: is nearlyaGaussiamlistribution. It representpolynya
orthinice.

Class 2: is nearlya Gammadistribution. It represent®rashor
pancales.

Class 3: mayrepresentompactwhiteice floes.

Class4: This classis specializedn the histogramqueueand
actsasathresholdfor icebegs.

TABLE |
PARAMETER VALUES FOR GENERALIZED AND GAUSSIAN MIXTURES.
[ w [ w1 [ pe [ w3 | wa [ B | B2 |
1 (Betal) 28.8 41.5 59 5132 0.05 | 2.98
2 (Betal) 40.3 67.2 206 14098 0.14 | 3.12
3 (Beta2) 60.9 217.2 2317 183472 0.52 | 3.89
4 (Betal) 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

Bayesiandecisionthresholdsare clearly differentin the two
mixture caseswhich resultsin quiet different segmentedim-
ages.

IV. CONCLUSION

The resultsillustrate the fact that no obvious single model
emegedwhich adequatelyit all ice types,andjustify theuseof
generalizednixture estimation.The algorithmdescribedabove
is notlimited to the Pearsors systembut canbeextendedo ary
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Fig. 3. Resultsobtainedwith a mixture of four Gaussiardistributions. (a) plot
of theestimatedjaussiamistributions. Themixtureis shavn in thevignette.
(b) resultof sggmentation.

finite setsof distributions[8], usingthe Kolmogoror distance.

This canbeusefulwhenbackscatteresultsontheexpectedien-
sitiesareknown a priori. Oneinterestingpointis alsoto testthe
specificSAR-orientedKUBW systemdescribedn [12] in the
context of sea-icémage.
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