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SonarlmageSementationJsing an Unsupervised
HierarchicalMRF Model

Max Mignotte, ChristopheCollet, Patrick Pérez andPatrick Bouthemy

Abstract—This paper is concemned with hierarchical Mark ov
random field (MRF) modelsand their application to sonarimage
segmentation.We presentan original hierarchical segmentation
procedure devotedto imagesgiven by a high-resolutionsonar. The
sonarimageis segmentednto two kinds of regions:shadaw (cor-
respondingto a lack of acousticreverberation behind eachobject
lying on the sea-bed)and sea-bottomreverberation. The proposed
unsupelrvised schemetakes into account the variety of the laws
in the distribution mixtur e of a sonar image, and it estimates
both the parameters of noisedistrib utions and the parameters of
the Mark ovian prior. For the estimation step, we usean iterative
technique which combines a maximum likelihood approach
(for noise model parameters) with a least-squaes method (for
MRF-based prior). In order to model more precisely the local
and global characteristics of image content at different scales,
we intr oduce a hierarchical model involving a pyramidal label
field. It combinescoarse-to-fne causalinteractions with a spatial
neighborhoodstructur e. This new method of segmentation,called
scale causal multigrid (SCM) algorithm, has been successfully
applied to real sonar imagesand seemsto be well suited to the
segmentationof very noisy images.The experimentsreported in
this paper demonstratethat the discussednethod performs better
than other hierarchical schemedgor sonarimage segmentation.

Index Terms—Hierar chical MRF, parameter estimation, sonar
imagery, unsupervised segmentation.

. INTRODUCTION

N high-resolutiorsonarimagery threekindsof regionscan

bevisualized:echo, shadow andsea-bottomreverbeation.
The echois causedby the reflection of the acousticwave
on an object while the shadev zone correspondgo a lack
of acousticreverberationbehind this object. The remaining
information constitutes so-called sea-bottomreverberation.
On the picturesgiven by a classifcation sonar[1], the echo
featuresaregenerallylessdiscriminantthanthe shadev shapes
for the classifcation of objectslying on the sea-bedFor this
reasonthe detectionof eachobjectlocatedon the sea-bottom
andits classifcation (as wreck, rock, man-madeobject, etc.)
aregenerallybasedon the extractionandthe identification of
its associatedastshadev [2]. Thus,beforeary classifcation
step,one must sggmentthe sonarimagein termsof shadev
areasandsea-bottonreverberatiorareas.
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Few studiesdescribecompleteapproachesllowing to per-
form automaticallysucha segmentationof sonarimageswith
resultsthat canbe efficiently usedafterward for objectidenti-
fication. Someof themarebasedon simple,andoftenad-hoc,
clusteringechniqueg¢suchasfuzzy k-meansyvorkingonlumi-
nancemeanandvariancewithin smallwindows|[3], [4]. In that
casepnly acoarsayrainclassifcationis obtainedandno mod-
eling of the luminancewithin the differenttypesof regionsis
introduced.This latteraspectesultsin alack of robustnessor
this type of methods Similar techniqguescanhowever include
moreadwancedelementf imageformationmodeling[5].

Unfortunately this is not sufficient in generalbecausehe
specklenoisepresentin sonarimagesaffectsary simple sey-
mentationschemeTo copewith theseproblems contextual in-
formationis importantto be taken into account.This canbe
donea posteriori, using either morphologicalfilters [3], [4],
or MRF-basedmodels[5]. As in mary otherlow-level vision
issues(especiallyclassifcation and sgmentationissues)it is
known thattheintroductionof contextual dependencieis more
properandefficientif consideredh priori within the modeling
step.Suchan approachis particularly well formulatedwithin
MRF-basednodelingframework.

Theadwantage®f thisconsistenstatisticaframeavork areal-
readyexploitedin thecontext of sea-bottormeconstructiofirom
rangesonardata[6], [7]. For this task,which hasreceved a
largerattentionthansegmentatiorproblemfrom sonarcommu-
nity, onecopeswith thefusionof highresolutiorside-scasonar
imageswith independenibw resolutionbathymetricdatato re-
cover athree-dimensiond3-D) modelof obseredsea-floor

As concernghesggmentatiorof sonarimagesaMRF-based
modelis usedin [5], but, asalreadysaid, this is donea pos-
teriori, in orderto “clean” the binary classifcation obtained
beforehandy a simpleclusteringtechnique. By contrastwe
think that MRF framework shouldbe usedto capturein ajoint
andversatileway both a precisemodelingof sonarluminance
in the differentregionsanda regularizingprior on the regions
to berecovered[8]. Thisis thetype of approactthatis investi-
gatedin [2]and[9], andthatwe furtherstudyin this paperwith
a specialemphasion the additionalproblemof estimatingthe
parameterén anautomaticway.

The genericproblem of unsupervisedMarkovian segmen-
tation is quite comple, and remainsa very active domain of
researclin thelow-level visioncommunity The maindifficulty

IMoreover, theclassifcationmethodproposedn [5] is appliedto imagespro-
videdby alow frequeng sonarwherethepixel resolutionis around400 x 400
m. We suspecthatthe proposednodelis not well-suitedto the high resolution
sonarimageswe wish to sggmentfor objectclassifcationpurposes.
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is thattheestimatiorof parametergs requiredfor thesegmenta-
tion, while oneor severalsegmentationsreusuallyrequiredfor

parametetestimation.To circumwent this difficulty, a scheme
is proposedn [10] wherethe estimationandthe sggmentation
are conductedalternatively. Although the methodproved to

converge in the caseof independenGaussiarmodelsiit is not

clearthatit canbe extendedto spatialIMRF models.Besides,
the methodrequiresvery heary computationsThe alternatve

approachwe chooseto solve the unsupervisedVIRF-based
segmentationproblem consistsin having a two-stepprocess.
First, a parameteestimationstepis conductedo infer boththe

noisemodelparameterandthe MRF modelparametersThen,

asecondstepis devotedto the segmentatioritself basedon the

valuesof estimatecparameters.

For the parameterestimationstep, we adopt an iterative
methodcallediterative conditionalestimation(ICE) [11]-[13].
Similarto stochasti@xpectation-maximizatio(SEM) methods
[14], we shall seethatit offers however moreflexibility in the
choiceof the actualtechniquesusedfor estimatingeachtype
of parametersin particular it allows to accomodateasilythe
“completedata”’basedestimatorghat seemthe bettersuitedto
the differentpartsof the model.

The datamodelwe introducedin [15] hasproved successful
in capturingthevarietyof thenoiselaws presentn thedistribu-
tion mixture of sonarimages.The parametersnvolved by the
differentlaws thatcomposehis modelwill be estimatedn the
proposedschemeAs for the prior, we have introducedin [16]
anovel hierarchicaimodelbasedon both hierarchicalandspa-
tial Ising-typeinteractionsThisprior hasproven suitablefor the
purposeof sggmentingsonarimageswith strongspecklenoise.
We shawv herethatits parameterganbe estimatedwithin the
ICE approachandthatit canusedin conjonctionwith above-
mentionneddatamodel in orderto yield unsupervisedsonar
imageseggmentation®f goodquality.

This paperis organizedasfollows. In Sectionll, we detail
the estimationstep for the chosendata model combined,at
this stage with a standardspatial(anisotropic)lsing prior. The
applicationof the estimationprocedureis illustrated on both
syntheticpicturesand real sonarimages.Sectionlll presents
the sggmentationstep and the proposedhierarchical prior
modelthat is actually used.Experimentalresultsobtainedby
themethodonrealscenesrereportedn SectionlV, alongwith
comparisondo thoseobtainedby other classicalMRF-based
approachesThen,we concludewith someperspecties.

Il. PARAMETER ESTIMATION

A. Introduction

First,letusconsidettheestimatiorof thenoisemodelparam-
eters.To performthis task,a numberof methodausetheimage
histogram.Most of them (Fourier, polynomials,and cumulate
histogrammethods)are inefficient in caseof importantnoise
andcannotbeusedto estimateamixtureof notpurely Gaussian
laws [17].

Othertechniqueshave beenproposedo determinea max-
imum likelihoodestimateof thenoisemodelparameterfom a
given image.Expectatiormaximization(EM) or stochastiex-
pectationmaximization(SEM) algorithmscan be usedin the
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caseof Gaussiardistribution mixtures[14], [18]. However, in

thespecifc caseof sonaiimagery onehasto dealwith amixture
of lawsthatarenotall Gaussiarj1], andthesetechniqueslike

theformerones.arenotwell suited.By contrastJCE technique
is ableto copewith the variousnon-Gaussianistributionsthat
arerelevantin this contet, asexperimentallydemonstratedh

[1].

Letusstresoutthatall theabosementionneapproachegely
on the restrictve assumptiorthat all the underlying“hidden”
classlabelsareindependentWhenthesehiddenlabelsarecon-
sideredasmutuallyinteractingwithin a prior Gibbsdistribution
(or, equivalently, they areassumedo constitutea MRF), new
parameterappearwhich are even moreintricate to estimate.
However, MRF modelingprovidesa powerful tool to incorpo-
rateanapriori knowledgeaboutthespatialstatisticsof thelabel
field, andit is thusworth the pain.

Using Markovian modeling, the prior knowledge about
the “scene”is incorporatedwithin an enegy function which
consistsof a sum of appropriatelocal interaction potentials
involving a few parameters.n mary works that address
segmentationand classifcation problemswith this formalism,
the parameterof the prior model are either assumedo be
known, or determinedn anad-hocfashion[6], [7], [19]-[22].
However, in our application,it is difficult to find manually
appropriatevalues for the prior parameterssince the real
scenesmay vary dramatically from one image to another
(e.g.,sea-floorwith pebblesdunes,ridges,sand,etc.). Thus,
estimatingtheseparametersn an automaticway is a crucial
issuefor the practicalrelevanceof the labelingtechniqgueOne
way to estimateaheseparameterfrom agivenimageis to usea
simulatedannealing-basethethodwhich alternateshe estima-
tion of parameterandthe classifcationitself, for a numberof
iterations[23]. Unfortunaltely this methodis slow even with a
first orderisotropicmodelruled by a singleparameterin [24],
the algorithm is extendedto Markovian prior. The resulting
iterative schemealsorequiresalot of computingtime, andmay
getcaughtin local maximawithoutreachinga properestimate.
Also notethatthe EM formalismdoesnot allow explicitely to
estimatethe parameterof standard(Ising or Potts) labeling
priors. It only gives accesgo local conditional specifcations
which define imperfectlythe prior. In [25], theauthorspropose
to implementthe estimationof the parametersssociatedvith
cliquefunctionsasa neuralnetwork whoseweightsarelearned
from examplesby the error backpropagtion algorithm. This
methodrequiresa learningstepfrom atraining dataset,which
canbe problematic.

Consideringhetypeof modelwe aregoingto dealwith (non-
Gaussiardatalikelihoodssuchas Weibull or Rayleigh laws,
andlsing-typeprior), we foundmoreappropriatego usethe ICE
framework, which is moregeneralandflexible [26], for thein-
ferenceof parametersln the following we first briefly review
the ICE approachin caseof genericmodelingelementsWe
shallthenspecifythe underlyingestimatorghatwe usedin our
contet, andfurther describehow the proposedCE procedure
is initialized andled.

B. Iterative Conditional Estimation

We considera coupleof randomfields Z = (X,Y), with
Y = {Y,, s € 5} thefield of obsenationslocatedonalattice.S
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Fig. 1. Second-ordemneighborhoodand associatedabeling notations;the
four types of two-site cliques and associatecparametersn the anisotropic
Ising model.

of N sitess, andX = {X,,s € S} thelabelfield. Eachof the
Y takesitsvaluein A ;s = {0, - - -, 255} andeachX; in {eg =
shadow, ey = sea — bottom}. The distribution of (X,Y) is
defined, first, by Px (x), the distribution of X supposedo be
stationaryand Markovian, andsecondly by the site-wisecon-
ditional datalikelihoods Py, | x_(ys|x,), which dependon the
concernectlasslabelz,. If thedataareassumedo beindepen-
dentconditionedon the labelingprocessX, onegets Py x =
Il;es Py, x,. Weshallstickto thisassumptiorthroughoutThe
obserableY is calledthe incompletedata whereasZ consti-
tutesthe completedata Prior distribution Px (x) dependson
someparametevector®,,, while datalik elihood Py x (y|«) de-
pendson anotherparametewrector ¢,,.. Jointandposteriordis-
tributions Px y (x,%) = Px(2)Py|x(y|z) and Pxy (x]y) o«
Px (x)Py|x (y|z) thusdependon ¢ 2 (®4, ®,). This depen-
dencewill bemadeexplicit whennecessarje.g.,denotingpos-
terior distribution as Py y, ¢ (z|y, ®)].

Thesinglescalesggmentatiorof sonarimagesn two classes
canbe viewed as a statisticallabeling problemaccordingto a
globalBayesiarformulationin which the posteriordistribution
Pxy(zly) x exp{—U(z,y)} hasto be maximized[27]. This
is the maximuma posteriori(MAP) estimationln the standard
caseof Ising-typeprior [8], the correspondingposteriorenegy
to be minimizedis

U(xay) = Z ‘Ps(ws,ys) +

sCS

S Bl = 8(zam)] (@)
)

whereW,(z,,y,) = —In Py, x,(ys|zs), ¢ is the deltaKro-

necler function, and g8, = 1, (2, B3 or B4 dependingon

whetherthe pair of neighboringsites (relative to the second-
orderneighborhooaystem)or clique (s, t) is horizontal,ver-

tical, right diagonalor left diagonal(seeFig. 1). In thisenegy

setting,the first enegy term expressegshe adequag between
obsenationsandlabels,whereasthe secondoneis relatedto

thea priori.

To performthe unsupervisedegmentationwe have to esti-
matethe parameterectors®, and®,,. To this end,we resort,
within a first step,to aniterative methodof estimationcalled
iteratedconditionalestimation(ICE) [11]. This methodfirst re-
quiresto gettwo estimatorsb,, () andéy (z,y) which provide
respectrely anestimateof ¢, basedon a configurationz, and
anestimatef ®, basednacompletedataconfiguration(z, y).
Randomfield X beingunobserable,the iterative ICE proce-
duredefnesparametefits 25+ and@+ atstepk + 1 as
theconditionalexpectationof &, and®, givenY = y andthe
currentparametefits @L;k] and@Lk]. Thefixed pointof thisiter-
ationcorrespondso the betterapproximation®f ¢, and®,, in
termsof the meansquarerror[13]. By denotingF. the con-
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ditional expectationbasedon ®!*!
procedurds defned asfollows:

- onetakesaninitial value®[] = (ol ay;
« ¢+l is computedrom ¥ andfrom y using
U = B[, (X)|Y =y, @
QY = B2, (X, Y)Y = y]. ©)
The computatiorof theseexpectationss impossiblein prac-

tice, but we canapproactthemthanksto thelaw of large num-
bers

(<I>Lk1, <I>[yk1), this iterative

. 1 . A
ol = SPalz) £t Palz)] 4
4 1. -
ol = S@u(z@),y) + o Sy, y)] (5)
wherez;y,« = 1,---,n arerealizationsdravn from the pos-

terior distribution Py |y o(z|y, ®*). Asit turnsout,n = 1 is
sometime$oundsufficient(or evenbetter)to getgoodestimates
when corvergenceis reachedjn caseof stationaryprior with
low-dimensionaparametewector[11]. It is thecasen ourun-
supervisectlassifcation model,andwe actuallychosen = 1
in our experiments.

By letting free the choiceof estimatorsb,. and®,,, the ICE
procedureoffersagreatdealof flexibility whichallows aneffi-
cientadaptatiorio theMRF modelathand Contraryto EM-type
approacheghelCE allowsto handleproperlytheestimationof
Ising-typeprior parametersjsingtheleast-squared.SQR) es-
timator[28] introducedby Derin et al. (seeSectionll-C2). As
for éy(x,y), we useda maximumlikelihood (ML) approach
thatproved well suitedin our context wherethe speckledistri-
bution in the sonarimagesis not exactly knowvn, andmayvary
accordingto experimentalconditions(seeSectionll-C1).

Finally, we needtwo otheringredientsn orderto usethelCE
procedurenamely:

« atechniqueo getaninitial value®!°! whichis nottoofar
from the optimal parametersTo this endwe usea clus-
teringapproachwhichis describedn Sectionll-D.

» away of simulatingrealizationsfrom posteriordistribu-
tion Px|y,o(x|y, ®). Thisis performedoy usingtheGibbs
samplerf29].

C. Estimationof the Model Parametes for the CompleteData

1) Noisemodelparametes: The Gaussiaraw, N (u, o?),
is awell-adaptediegradationmodelto describethe luminance
Y within shadev regions(wherenoiseis essentiallydueto elec-
tronic aspects]1]. We thuslet

1 Ys — 1)°
Py, x, s, (ys|co, @) = Voo P <—%> - (6)

The correspondingViL estimatoris defined by the empirical
meanandtheempiricalvariancelf Ny 2 #{se S:ixs=e}?
pixelsarelocatedin the shadowareaswe have

2.

sES:ms=eg

iz, y) = N

Ys,

1 ~Y2

sCS:xs=eq

6%(z,y)

2Recallthate, standsfor the “shadav” labelwhile e, correspondso “sea-
bottom” class.
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Fig. 2. Variousrealizationsof the second-ordeanisotropicsing model,correspondindo specifed parameterseportedn Tablel.

In thereverberatiorareasWeibull law providesanappropriate with Z = 1 — §. Consideringhe following expressiornfor the
modelfor luminanceto copewith specklenoisephenomenon two possiblevaluesof X, X, = ¢q (shadowabel)and X, =
[30]. This law impliesa shapeparametethatcanbe estimated ¢; (sea-bottoniabel), for a sameneighborhoodconfguration

from completedata.lt turnsout thatestimatedraluesareoften
closeto 2. We thusrestrict oursehesto Rayleighlaw which
exactly correspondso 2 shapeparametef31]. More precisely
we modelthe conditionaldensityfunction for the sea-bottom
classhy a shiftedRayleighlaw R (min, a?)

_ min{0,y, — min}
= 2

(ys — min)Q) o

Py x, 0, (Wsler, @) o

exp <_

If Ny 2 #{s € S: z; = e} is thenumberof pixels of the
sea-bottonregions, we obtainthe following expressionof the
ML estimator1]:

202

min(z,y) ~ min{y,: z, = e} — 1,

1
N 2

sES:w,=eq

&?(x,y) = (ys — min)®.

If required[cf. Fig. 4(a)], proportions =g 2 Px _(eg) and
m 2 Px (e1) = 1 — mp of the mixture of laws (independent
from s) canbeapproximatedy theempiricalfrequenciesi.e.,
m; = N;/|S|.

2) A priori model parametes: At this stage, we con-
sider the standardprior model introducedin (1). It is a
second-ordeanisotropié Ising modelruled by four parame-
ters®, = (B3, 32,33, 34)% (seeFig. 1). The corresponding
local conditional specifcation can be written down as fol-
lows. If s is some site and v, denotesits neighborhood,
the probability that X 5 given some configuration
X, = (w1, u2,u3,us,v1,v2,v3,04)% 2 7 on the neighbor-
hood (referto Fig. 1) is

PXS|X,/S,<I>3, (-Ts|777 (I)az) X eXp{_@(xsv U)T(I)a;}

8
where

Oas,m) 2 [L(wswr) + Lo, us), Iws, us)
+I(.’L’S,U4),I(.’L’S,U1) +I(‘T87U3)7I(‘T87U2)
+I($sav4)]T

3The conceptof anisotroly we referto throughouthe paperis relatedto the
dependencef localinteractiononthedirectionmodulo2, thatis only onthe
orientation.

X,, = n, onegets

P
n XS|X,/S(61|77) —ln

Px,1x,.(eoln)

PXS,X,/S (61,77)
Px, x,.(e0,n)
= [@(607 77) - @(617 n)]T(I)l‘ (9)

where®, is theunknavn parametevectorto beestimatedThe
modelbeingstationary(shift-invariant),the secondatio canbe
approximatedor eachpossibleneighborhoodatonfigurations,
usingsimplehistograming:

Px,x, (c1,n) #{s€ S z,=c1,3, =1}
-PXS,XVS (60777) #{8 €Siws = €0y Ty, = 77} .

By substitutingheseempiricalratio estimatesn (9), we obtain
28 = 256 linear equationdn four unknavns. A given combi-
nation(e;, n) may of coursenotoccuratall in thelabelfields.
In this case,we cannotobtain linear equation(9) becauseof
thelogarithm.Moreover, neighborhoodonfigurationssuchthat
O(eg,n) = O(e1,n) (€.9.,0(eq, n) — Ofer,n) = 0if ug # us,
us # ug, v1 # vs, andvs # vy) imply equationof type0 =
constantThereforewe simply ignorethesecasesTheover-de-
terminedinearsystenof equationgshusobtaineds solvedwith
theleast-squaremethod.

Thismethodfor estimatingsing-type(andPotts-typeklique
parameterfrom histogramindhasbeernproposedy Derinetal.
[28]. It is not iterative and provides estimatedoarametershat
areoptimalin the least-squaresense.

We now presentsomeresultsof this parameterestimation
procedurepbtainedon variousrealizationsof the second-order
Ising model, for differentparametersb,. (seeFig. 2). 1t is a
completedataproblem,andthe estimategprovided by LSQR
estimatord,, arecomparedo realparameterin Tablel. These
few examplesllustratetheaccurag thatcanbeachieved by the
methodin caseof obseneddata.

Synthetidexturespresentedh Fig. 2 alsoshaw thatthelsing
modelwith its four parametersffers an interestingvariety of
priorsto capturedifferenttypesof sea-floorFig. 2(a)shavsin-
homogeneoushapegeminiscento segmentationof a pebbly
sea-bottom;Fig. 2(b) exhibits homogeneou®rientedshapes
that are representatie of sggmenteddunes;geometricshapes
within Fig. 2(c) recall the shadavs of manufcturedobjects;
Fig. 2(d) looks like the segmentationof an image containing
ridgesof sand.
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reans Clusters for sea-bottom and shadow arsas
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(a) Real256 x 256 sonarpicture(objectandrock shadavs on a sandysea-floor),(b) representationf the three-componergamplesomputedrom a

partitioningof theoriginalimageinto 1764windows of size6 x 6, and(c) block-wiseseggmentatiorof theoriginalimagecorrespondingo theclusteringof sample

by the k-meansprocedure.

TABLE |
SPECIFIEDa priori PARAMETERS @, FOR THE ANISOTROPIC SECOND-ORDER
ISING MODEL, AND ESTIMATED PARAMETERS @, OBTAINED FROM

REALIZATIONS
Fig. B B2 B3 B4
2() & 03 03 03 03
&, 03 029 031 031
2(b) @, 2 1 -1 1
&, 1.77 094 -0.86 0.98
20c) &, 2 2 0 0
&, 1.93 194 —005 0.01
2d) @, 1 1 - 1
®, 095 093 —0.96 1.03

D. Initialization

Theinitial parametewalueshave a significantimpacton the
rapidity of the corvergenceof the ICE procedureand on the
quality of thefinal estimatesln ourapplicationwe usethefol-
lowing method.Theinitial parametewvaluesof the noisemodel
<I>L01 aredeterminedy applyingasmallnonoverlappingsliding
window over theimageandby computingthe empiricalmean
andvarianceof luminance aswell asthe minimumgrey level,
for eachlocationof thewindow. Eachwindow locationthuspro-
videsa three-componertsample”x,,. The collectedsamples
{x1,--,xp } arethenclusterednto two classeq e, ¢; } using
the k-meansclusteringprocedure 32]. This algorithmusesa
similarity measurehatis the Euclideandistancebetweensam-
ples.For a given assignmenbf the M samplesamongthe K
clustersanobjectie function ./ is thendefined by

K
=33 il

=1 x,,€C;

wherethe secondsumis over all samplesn theith clusterwith
centerg;. It is easyto shav thatfor a givensetof samplesand
of classassignments/ is minimizedby choosinge; to bethe
averagesampleof theith cluster For given centers:;, J ismini-
mizedby assigningk,,, to theclusterwhosecentelis theclosest.

A numberof othercriteriaaregiven in [32]. The completeal-
gorithmis asfollows.

1) ChooseX initial clustercenters:!'! ... ¢t They could
be pickedarbitrarily, but areusuallydefined by

M=x, 1<i<K.

2) At the kth step,assignsamplex,,, 1 < m < M, to
cluster: if

k k
% — || < [ — )]

Vi #£ .
Eachsampleis reassignedo the clusterwith the nearest
center In the caseof ties, the assignments arbitrarily
choseramongthe competingclusters.

3) Let CZ[’“] denoteheith clusterafterStep2. Determinenew

clustercentershy

‘ 1
c£k+11:ﬁi Z X,,

Ko, ECZU"]

wherelV; is thenumberof samplesn CZ['“J . Thus thenew
clustercenteris the meanof the samplesn the cluster
4) Repeauntil corvergenceis achieved (c£k+1] = cE’“],\ﬁ).

Althoughit is possibleto find pathologicalcasesvherecon-
vergencenever occurs[32], the algorithmdoescorverge in all
testedexamples.The rapidity of corvergencedependson the
numberof clustersthe choiceof initial clustercentersandthe
orderin which the samplesare consideredIn our application,
K = 2.

Onehasto find agoodcompromisdor thesizeof thewindow
usedin the constitutionof samplesOn the one hand,a small
window increasesheaccurag of the segmentationhencepro-
viding amorepreciseestimatiorof thedistribution mixture.On
the otherhand,decreasinghe numberof pixels on which the
threeattributesarecomputedmayresultin ahighermisclassif
cationerror In ourapplication satishctoryresultsareobtained
with a6 x 6 slidingwindow. Fig. 3illustratesthe k--mean<lus-
tering procedure(andresultingsegmentation)on a real sonar
image.

Oncethe block-wise sggmentationassociatedo final clus-
teringis obtained, ML estimationis appliedto it to getinitial
dataparameteestimate@g,o] . Basedonly ontheseparametersa
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first pixel-wiseML seggmentatioris readily obtainedaccording
to

Vs €S, §:[SO1 = arg max Py |x, o, (y5|a:5,<1>£101).
s

A first estimationof prior parametersanthenbeconductedn
this sggmentationyielding & = &, (1)),

E. ParameterEstimationin the IncompleteData Case

We cannow summarizethe completeparameteestimation
procedureor the partially obserned modeldefinedas

Pxy,o(y, ®) « Px|o, (| ®2) | I Py, x,.,Ws| Py)
sES
(10)

where Py ¢, is the Gibbsdistribution of an Ising-type MRF
with parameterd, = (81, B, 33, 84)7, Py x..0, (-lco, ®,)
(within shadev area)s aGaussiartaw with parameter§y, o2),
and Py, |x, ¢, (e, ®,) (within sea-bottomarea)is a shifted
Rayleighlaw with parametergmin, a?).

» Parameterinitialization. Asalreadyexplained theinitial
parametefit @7 = (¢l %) is derived from k-means
clusteringof imageblocks.

« ICE procedure. ®!*+1] is computedrom ®!* in thefol-
lowing way.

* Using the Gibbs sampley n realizationsz yy, - - -,
x() aresimulatedaccordingto the posteriordistri-
bution Px|y7@('|y, (I)[H)

* Foreachz; (i = 1---n), theparametevector®,
is estimatedas &, (z(;)) by Derin et al. algorithm,
and®, is estimatedas &, (x(;, ) with the ML es-
timator of eachclass.

« olk+1l js obtainedoy averaging{®.. (i), &, (.,
y)}_ln

We designed stoppingcriterionbasednthevarianceof the
estimatorswhichis empiricallycomputednthek, lastparam-
eterfits (wherek is afixed parameter)Whenthis indicatorof
the “stability” of the procedurefalls below a given threshold,
thesequencef ®*! is assumedo have reachedanequilibrium
andtheprocedurds ended Oneproceedso theactualsegmen-
tationusingthe estimatedgparameters.

Notethat, sinceshiftedRayleighlaw (7) forbidsluminances
belon min, no pixel with luminancebelow the initial estimate
of min would ever beclassifed as“sea-bottom afterwards.As
aconsequencegry new estimateof min in the ICE procedure
would be greateror equalto the initial estimate.In orderto
softenthisconstrain{i.e.,to allow apossibledecreasin@f min
estimate) we slightly modified R(min, ), suchthatit now
associates very low, but non-null, likelihoodto pixels with a
grey level lower thanmin [27].

We calibratethe weightof the“stochastic”aspecbf the ICE
by choosingr, the numberof realizationsdravn from the pos-
teriordistribution.Whenn increasesempiricalaveragingof es-
timator & getcloserto its posteriorexpectation,andeachstep
of thelCE procedurdecomesmostdeterministic Thechoice
of asmallvaluefor »n (e.g.,n = 1) canincreasehe efficiency
of themethodby letting largely randomizedeachiteration[11].
Thisis whatwe obseredin our experiments.
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Fig. 4. (a) Imagehistogramof the sonarimagefrom Fig. 3(a) andthe two

weightedmixture componentshatareestimated(b) Evolution of the a priori
parameteestimatesb!1.

The quality of the parameterestimationis difficult to as-
sessin absenceof “true” valuesto comparewith. As for the
data model, we can roughly perform such an evaluation by
comparingthe grey level histogramof the imagewith the two
componentsioN (i, 52) and#, R(min, &2), of the estimated
mixture weightedaccordingto their estimatedoroportions.In
Fig. 4(a) we proposesucha visual assessmentyy superim-
posingthe two weighteddensitiesestimatedrom a real sonar
image,on the histogramof this image.Onecanappreciatehe
goodfitting thusexhibited. This exampleillustratesthe ability
of themodelto capture thanksto thedescribedCE technique,
the mixture of distributionsinvolvedin arealsonarimage.The
valuesof associategrior parameteestimategor thatexample
are plotted against the numberof iterationsin Fig. 4(b). Al-
thoughcorvergencels nottheoreticallyestablishedywe always
obsened it in practice. Stability is reachedafter around 15
iterations[requiring 60 s on a sonarpictureof size256 x 256
pels,with a 43P IBM Workstation(200 MHz)]. The original
andfinal estimatedor all parametersregiven in Tablell.

Now thatwe areableto estimateboththe parametersf the
mixture-basedlatamodelingandthoseof the prior Ising mod-
eling of the unknown labeling,we canturn our attentionto the
actualclassifcationissueitself.
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TABLE I
ESTIMATED PARAMETERS OF THE MIXTURE DATA MODEL AND
OF THE SECOND-ORDER ANISOTROPIC PRIOR MODEL, FOR THE
SONAR IMAGE IN FIG. 3(a)

Initialization: k-means

ol o 0.16(r 5504 286052

ol 0.84(x1) 37(min) 952(a2)

3l 0.9, 160, —024, =024,
ICE procedure (15 iterations)

O nodon) 0.03(ro)  25(u) 32(52)

Oy ecasoriom) 0.97(r) 35min) 1424(a2)

%4 L7y 18, =060 — 0.3,

I1l. UNSUPER/ISED HIERARCHICAL SEGMENTATION

A. Introduction

In orderto capturemoreefficiently thelargerscalecharacter-
istics of sonarimagecontentsthe standardsecond-ordelsing
prior we have usedsofar, shouldbeimproved.Thiscanbedone
by usingalargerneighborhoodtructureput thiswouldincrease
dramaticallythe compleity of segmentatiorandparametees-
timation procedures.

To circumwent this difficulty, different multiresolution
scheme$ave beenproposedIn [33], atree-basedhierarchical
auto-rgressve modelingis introducedto capturethe multi-
scalestructureof imagesthat are similar, to someextent, to
sonarimages(namely they dealwith syntheticapertureradar
(SAR)images)In this case the hierarchicalapproactremains
however at the level of datamodeling,and the segmentation
itself is then performedin the maximum likelihood (ML)
sense,in-scale causality giving completeaccessto required
likelihoods.

With MRF-basedlabeling priors we are looking at, a
multiresolution approachcan be classically introduced as
follows: a hierarchicaldecompositiorof the original imageto
be sgmentedis computedand “similar” labeling MRF’s of
propersizesare attachedo the differentlevels of resolution.
Basedon this structure the segmentationis thenperformedin
a coarse-toihe way, using at eachlevel the segmentationat
previous level to get an initialization [9], [34]. The problem
with such approachedies in the issue of deriving the pa-
rametersof both prior model and data model at eachlevel,

given thoseof the finestlevel. As for datamodel parameters,

a consistenttreatmentof this issueis introducedin [34] for
Gaussiarnt‘textures.” For other dataand/or prior models,the
issueremainswidely open.

Anotherapproactconsistsn devising a hierarchicalabeling
MRF which simplyinteractswith theoriginal data(nomultires-
olution decompositiorof the datais performedin this case) A
numberof suchmodelshave beenproposedBoumanetal. in-
troducedapeculiarhierarchicaMRF definedasacoarse-toihe
Markov chain of levels[35]. The associatednteractionstruc-
tureis a quadtreelt allows to devise a noniteratve two-sweep

IEEE TRANSACTIONS ON IMAGE PROCESSING,VOL. 9, NO. 7, JULY 2000

pyramidal label field X observed sonar image y

Fig. 5. Hierarchicallabelingstructureinvolved in the SCM method;sitesin
light gray hold variablesthatinteractwith X'! within the posteriorconditional
distribution Py 1| x2 v

level £+ 1

“Coarse-to-ine” minimizationstrateyy.

Fig. 6.

segmentatiorprocedurdin caseof known parametershut it in-
ducesundesirablespatialnonstationaritiesAs afact,themodel
is not shift-invariant sincetwo pixels that would be adjacent
in termsof spatial lattice may be actually “far” apartin the
graphstructure.ln [36], Kato et al. introduceda novel hierar-
chical model: they considereda pyramidal label field with a
three-dimensionaleighborhoodystem Unfortunately there-
sulting parameteestimationand sggmentationprocedurese-
quire a lot of computingtime, even for the case(considered
therein)wherethe spatialpart of the prior correspondsgo the
first-orderisotropiclsing model. Thereforejt did notappearto
usasagoodcandidaten thecomple context of sonaimagery
wherenumeroussourcesof anisotroy andcontentvariability
areto be met (e.g.sea-floorwith pebblesdunesridges,sand,
tiresor variousobjects,etc.)

Herein, we proposea different hierarchicalapproachcom-
bining a scale-causakpecifcation (modeling part) with a
coarse-toifie multigrid minimization technique(algorithmic
part).As in [36], this modelinvolveslocalinteractionsdetween
spatially adjacentsites as well as parent-child interactions
betweensites belongingto consecutie levels. We will refer
to this approachas scale causalmultigrid (SCM). From an
algorithmicpoint of view, this structurewill allow to propagte
efficiently contextual information. In terms of modeling, it
offers the opportunityto capturesomea priori characteristics
of the underlyinglabeling processwithin a rangeof different
scales.

Theuseof this original SCM prior for unsupervisedggmen-
tation requiresan adaptatiorof the parameteestimationtech-
niquewe usedfor nonhierarchicalsing prior. This shallbe ex-
posedafterthe comingpresentatiorf the SCM approach.
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()

Fig. 7. Realizationf the hierarchicalSCM modelfor the specifed parameterseportedin Tablelll.

B. SCMHierarchical Modelingand Segmentation

The SCM modelfirst consistsn ahierarcly (X - -- X°) of
labelfieldswhichinteractwith theoriginalimageY” (seeFig.5).
Labeling X * is defined on grid S* which resultsfrom the re-
ductionof S° = S by 2¢ in eachdirection.The sggmentatiorof
sonarimagesn two classess now statedasa causakascadef
conditional MAP estimations

# = arg max PXL|V(37L|y)’ and
f=L—-1---0.
11)

The definition of the differentinter-level transitiondistribu-
tions Py« |x 1 y is basedon the monoresolutiormodelintro-
ducedn Sectionl-B. Wefirstdefine Pxo|x: y asthefollowing
Gibbsdistribution:

j‘é = arg max PX£|X£’+1 y(xé|£é+1,y)
c s
x

Py (2%t ) o exp{=U°(z", 2", )}  with
Uo(xoaxlay) = U(xo’y) + Z /35I($S’$;)a1’ent(s))

sC.S0
(12)
where
Uay)= > W@l + >, Bal(adz))
s€S0 {s,t)CS°

is the enegy function definedin (1) appliedto z°, anda new
parameter 35, is introducedin inter-level clique potentials.
We now derive the other inter-level transition distributions
extending the multigrid constructiontechnique proposedin
[37] to thetwo-level enegy in (12).

Let T4*(k < ¢) bethe“projection” from S* to S* which
associateshy duplication,a blockwiseconstantconfiguration
on S* to ary configurationon S¢. Usingthemultigrid approach
from [37], we candefine for each? < L

PX4|X4+17Y(x[|xZ+1,y) x exp{—U[(xé,xé'i'l,y)} with
A
Ula®, 2 y) 2 UO[T0%(), TH @), g).
(13)

TABLE Il
SPECIFIEDA PRIORIPARAMETERS @, FOR THE SCM MODEL, AND ESTIMATED
PARAMETERS @, OBTAINED FROM REALIZATIONS

Fig. B B2 B3 B4 Bs
7(a) @, 1 1 -1 -1 1
&, 091 091 -091 —090 0.94
7(b) @&, 2 1 -1 1 0
$, 1.84 104 -094 084 —0.07
7(c) ®, 025 025 025 025 025
®, 026 025 026 02 021

From(12) and(13), simplecomputationgprovide [37]
Ula e hy) = Y Wiehme) + Y anBaZ(alaf)

sCS* (s, t)yCS*
+> A B5T(xh, it ) (14)
s€St
with
A
\Pﬁ(xﬁvybg): Z \I/S(xévyp) (15)
pebt

whereb! C S isthe2‘ x 2¢ blockof the“descendantsdf s (see
Fig. 5), andy,: 2 {yp: p € %} standsfor the dataattachedo
thatblock. It is readilyestablishedhattheintra-level cliquepa-
rameters3f 2 f3;,i = 1-- - 4, associatetb thefour different
possibleorientationsof clique (s, t) C S¢, andtheinter-level
cliqueparamete; 2 ot 35 areobtainedby weightingthosein
(12) accordingto [37]

of =af = 2 +2(2° — 1)),

as=ai =1, aof =4 (16)
whereat, i = 1---5, accountsfor the numberof site cliques
straddlingtwo 2¢ x 2¢ blocksthat constitutea block clique of
type i, and o} is the numberof site cliquescontainedin one
2¢ x 2 block.

Conditional MAP estimationat level / amountsto min-
imizing U%(z 2*t1,y) in z‘. The interaction structure
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1) Non-hierarchical Parameter Estimation

(a) Initialization:

— classification of 6 x 6 image blocks by k-means clustering technique

— ML fitting of a Gaussian law A (u,02) in shadow area, and of a shifted Rayleigh law R(min, a2) in

sea-bottom area => @LOI

— ML segmentation of y based on <I>£,O], and LSQR fitting of a second-order anisotropic Ising model on

this segmentation = &% = (ﬂﬁol,ﬂé"], £°],ﬂ£°])7"
(b) ICE iteration:

— draw one sample z from Px|y,s(-ly, ®[¥])

—k+«k+1

(¢) Termination:

LSQR fitting of second-order anisotropic Ising model on z = &,

ML fitting of data mixture model based on (x,y) = <I>£,k+1]

[k+1]

— if var{®lk—kol ... ®[*]} >threshold return to 1.(b)

— else ®* « k]

— ICM segmentation based on Px|y,s(:|y, ®*) = “ICM segmentation”

2) Unsupervised Hierarchical Segmentation

(a) Initialization: @y + &5, ¥ « (67,85,083,08:.05 = 0T

(b) Multigrid segmentation: while £ > 0, do

— initialization: if £ = L, L « argmin r W (zF, 1), Vs; else zf « YL
a8 s

— starting from x¢, ICM segmentation based on PX11X1+1,Y’¢('IiZ+1,y,<p*)

= “MG segmentation” at level £, ¢
—fLi-1

(¢) Parameter re-estimation:

— ML fitting of data mixture model based on (#°,y) = @g“al

~ LSQR fitting of SCM model on (&L - .- £0) = final

d) Final segmentation: as in 2.(b) but using ®fir2! = “SCM segmentation”
g g g

Fig. 8. Unsupervised®SCM segmentatioralgorithm.

concernedy this minimizationis the following: eachvariable

z¢ interactswith the (unknavn) second-ordeneighborhood

labelingz?,_, with thelabel 1! of its parentprovided by
o /s parent(s)

minimizationatlevel £ + 1, andwith theblock of datay,. .

Finally, at coarsestevel, we define

PXL|Y(xL|y) x eXp{—UL(.Z‘L,y)},
UL (et y) 2 U°[TE0(t), 4.

with
a7)

Enegy U " isthesameastheonein (14)with £ = L, apartfrom
thelastinter-level termwhichis obviously absenin this case.
We now have to dealwith the coarse-toihe recursve esti-
mation(11). Eachof the associate@negy minimizationprob-
lemsis copedwith the ICM algorithm[8]. The deterministic
iterative minimizationat level / is initialized by the interpola-

tion YL+ of thelabelingpreviously obtainedat coarser
level £+ 1 (seeFig. 6).

C. Estimationof Hierarchical Model Parametes

The introduction of the hierarchicalmodeling requiresto
re-addresghe issue of parameterestimation.This has been
decomposednto two steps.We first let 35 = 0 andusethe
estimatesof parametersd,,3:, /42, 3s, and 54 provided by
the nonhierarchical CE proceduredescribedn Sectionll-B,
to solve the SCM labeling problem(11)# The first multigrid
segmentation(z® - - - z°) thusobtaineds usedin turnto re-es-
timatethe whole setof parametergincluding ;) of the SCM

4Sinces = 0, we dealat this stagewith the multigrid MAP estimation
procedurentroducedn [37], basecon the ICE parameteestimates.
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(b) ICM, 98%

(c) SCM, 99.15%

(d) MR, 98.88%

Fig. 9.
classifcation.

model.Oncethisis done,afinal SCMlabelingis estimatedn a

coarse-toihe way. We shallassesswith comingexperimental
comparisonsthe impact of the SCM approachin terms of

both final parameterestimatesand final image segmentation,
as comparedto the nonhierarchicalunsupervisedapproach
introducedin Sectionll.

Given the hierarchicalsegmentation(zZ - - 2!, 2° = z)
the ML estimation of data model parameters®, remains
unchanged.lt is provided by <i>y(a:°,y). As concernsthe
estimationof parametersb, = (51, 32,33, 84, 55)1 which
define the prior part of SCM model we needto extend the
nonhierarchicamethodpresentedn Sectionll-C2. We derived
this extensionby expressingrelation (9) at eachlevel of the
pyramidal structure, conditioned on the labeling of above
level. Using empirical approximationscomputedon given
(x"---2', 2% = x), onegetsfor eachof the2® = 512 possible

(e) SMAP, 98.91%

(£) MG, 98.83%

(a) Syntheticsonarimageof a sphericalobjectlying on a sandysea-floorand (b)—(f) two-classseggmentationresultsand associatedatesof correct

configurations 7 of (Xf_gaXf,;:}em(s)
equations:

[©(co,) — O(er, )] " M b,
#{s € Shal=cy, (af ot ) =0}

#{s € S 2l = e, (a:f,s,a:fq:imt(s)) =7}

with diagonalmatrix M* 2 diag (af - - af). Vector M‘®,

correspondgo the clique parameter®of posteriorconditional
Gibbsdistribution (13). We obtain2® x L linear equationsn
53;’s. We ignore equationsassociatedwvith ary combination
(e;,n) thatdoesnot occurin the labelfields and equationgor
which ©(ep,n7) = ©(e1,n). The resulting over-determined
linearsystemof equationss solvedin theleast-squaresense.
Like for nonhierarchicamodel,we presentsomeexamples
of estimationof the SCM model,basedon variousrealizations

) the following set of

=In
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“y
4
T ‘M' " y
(a) (b) ICM (e} SCM

(d) MR

Fig. 10.

of the modelitself (seethesesampledn Fig. 7). The obtained
estimatesare comparedo the specifed valuesof the parame-
tersin Tablelll. It appearghatthe SCM modeloffersa larger
rangeof modelingpossibilitiesthanthe oneof themonoresolu-
tion model(with theexpectedability of capturingin ajoint way
patternsof very differentscales) andthatgoodestimateof its
parameterganbe obtainedfrom a given hierarchicallabeling
configuration.

Beforewe reportexperimentsof unsupervisedeggmentation
of sonarimagewith SCM approachwe summarizethe whole
procedurdn Fig. 8.

IV. EXPERIMENTAL RESULTS

The whole SCM algorithm actually provides three succes-
sive unsupervisedsggmentations(see Fig. 8): the first one

(e) SMAP

(f) MG

(a) Realsonarimageinvolving objectandrock shadavs and(b)—(f) two-classsggmentatiorresults.

is obtainedby ICM from the nonhierarchicaimodeling (10),

with estimatedparametersb; = (p*, 0™, min®, a*)T and

o = (81,65, 5%, 85T, asecondhierarchicalsggmentation
is obtainedby coarse-toihe minimizationon the SCM model

with sameparameterasbeforeands; = 0; the last sggmen-
tation is obtainedas the previous one, but with re-estimated
parametersq)gnal — (Mﬁnal7 O_ﬁna17 7,n,L'7,LI‘ma17 aﬁnal)T and

Plinal — (glinal glinal *glinal glinal glinahT' 11y the following,

we shall refer to thesethree outputsas the ICM, MG (for

multigrid), andSCM segmentationyespectiely.

We have comparedon a numberof imagesthesethreesey-
mentationgo thoseobtainedby two otherstandardechniques:
the noniteratve SMAP algorithm on a quadtreeproposedby
Boumanet al. [35], and a classicalmultiresolution(MR) ap-
proachwherea multiresolutionpyramid of imagesis derived
anda setof “similar” spatialmodelsis considerecn the dif-
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(m Is) 1306 e SOM

Fig. 11. (a)Realsonarimageof sandysea-floorwith the shadev of a man-madebjectand(b)—(f) two-classsggmentatiorresults.

ferentresolutionlevels.In bothcasesgatamodelingisthesame be carefulwhentrying to extrapolatetheseresultstoward real
asin SCM(mixtureof GaussiamndRayleighlaws)with param- sonaimagesNeverthelesswewouldlik e to notethatthecom-
eters®;. The only prior parameteinvolved by the tree-based pleteSCMapproactslightly out-performgheothersin termsof
modelof Boumaretal.(theprobabilitythatanodeof thetreeex-  globalclassifcation performancewhile providing a classifca-
hibitsthesamdabelasthe oneof its parenthasbeenmanually tion thatis visually cleanerthanthe others As concernghees-
tuned.At eachlevel of the modelusedfor MR segmentation, timatedparametersor this syntheticexample,onecanobsenre
the anisotropicsecond-ordelsing MRF with parameter®? is thatthe 3; parametenf SCM modelremainsnull: this shavs
usedasa prior. In all experiments MG, SCM, and MG segy- thattheinter-level partof the modelis not relevanton this par-
mentationswvere obtainedon threelevels, whereaghe SMAP ticular syntheticimage.lt is not alwaysthe casehowever with
estimationtakesplaceon 0.5 log, IV levels, by definition. realsonarimagesascomingexperimentswill show.

We first reportexperimentakcomparison®btainedon a syn- Thoroughexperimentshave beenconductedon real sonar
theticsonarimage(Fig. 9) of asphericabbjectlying onasand images.Figs. 10-12 shav the ICM, MG, SMAP, MR, and
sea-bedThe imageis simulatedby using a ray tracing pro- SCM sementationresults obtainedon imageswith various
cedure.The differentsggmentationsobtainedon this example contents The associatedSCM parameterestimatesb 2! are
arepresentedh Fig. 9, alongwith their associatedatesof cor- givenin TablelV. Thesizeof thesepicturesis 256 x 256 pixels
rectclassifcation. As visible from thedifferentratesof success correspondingo a sea-floorsurfaceof 25 m x 25 mm. (The
(all areat least98%), this is an easyexample,andonehasto DUBM41 sonarfrequeng is around500KHz.)
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Fig. 12. (a) Realsonarimageof sandysea-floorwith the castshadaev of atire and(b)—(f) two-classsggmentatiorresults.

Letusfirst stresghattheestimategrior parameterarequite
differentaccordingto the type of objectsinvolvedin theinput
image (man-madeor natural objects).In presenceof small
shadavs, it alsoturnsout that estimatedvaluesof parameters
1 -+ - B4 aresignificantly smaller(seeTablelV). Theresulting
model is then able to extract shadavs of only a few pixels
large while avoiding falsealarms.We canalsonotice thatthe
estimatechoisemodelparametersiependalot onthe natureof
thesea-floor(e.g.,sandyor pebblysea-floor etc.).

In somecasege.g.,on imagefrom Fig. 12), the final esti-
matefor 35 remainsnull andthe SCM approactamountgo the
multigrid segmentation but with a multigrid refinementof all
the other parameterestimatesEven in thesecasesfinal esti-
matesof otherparametersaredifferentfrom thoseissuedfrom
the first nonhierarchical CE step.The differencebetweenthe
parametevalueswhich MG and SCM segmentationgespec-
tively rely on canbe assessedn the examplefrom Fig. 3(a)
[sameimageasin Fig. 10(a)]by looking at * in Tablell and
dlinal reportedfor Fig. 10in TablelV.

Table V presentghe computationalcost associatedo the
differentsegmentationsve comparedlt is expressedn terms
of both cpu times (on a 200 MHz 43P IBM Workstation)
and numberof “equivalentiterations.” One “equivalent iter-
ation” corresponddo the updateof N labels.One complete
image sweepof ICM algorithm at level ¢ (for MR, MG,
or SCM segmentation)thus amountsto N/4° equialent it-
erations.As expected,the noniteratve SMAP requiresless

computationthan ary other technique.However, its peculiar
tree-basedheighborhoodstructuredoesnot seemableto cap-

ture properly the local propertiesof sonarimages,and this

modeloften produceslocky segmentationsat the boundaries
of the shadavs. The other less expensve techniqueis non-

hierarchicallCM which also provides segmentationof lower

quality. ProposedSCM methodis as expensve as MR tech-

nique for improved results,and requirestwice as much time

as the multigrid (MG) segmentationdoes.The latter method
being an ingredient of the former one, this was expected.
We do believe that reportedexperimentsdemonstratehat the

extra costis worth the pain.

It is seenfrom Figs. 10-12that SMAP, ICM, MG, andMR
segmentationsareall plaguedby a significantnumberof false
alarms(wrong shadev detectionsdueto the specklenoiseef-
fect.In contrastSCM performsbetter:it exhibitsagoodrobust-
nessagainst specklenoise (mostfalse alarmsare eliminated)
while preservingheborderof shadevs. Theversatilityof SCM
prior is further demonstratedby two otherexamples(Fig. 13).
Indeed,it allowsto getsatishctorysegmentationgvenin case
of numerousmallrocks[Fig. 13(a)and(b)], aswell asin pres-
enceof sandridgeswith strongorientation[Fig. 13(c)and(d)].

Theseexperimentsshov thatthe shadavs of both manufc-
turedobjectsandrocksare bettersggmentedoy SCM method
thanby othermethoddo whichit is comparedin particularthe
extractedcastshadav of themanufcturedbject(acylinder)in
Fig. 10 exhibits a regulargeometricshapg(contraryto the cast
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TABLE IV
ESTIMATED PARAMETERS BY SCM APPROACH ON SYNTHETIC AND REAL SONAR IMAGES

Fig. 9 Yiehadow) 0.04(r0) 1l 3552
Visea_bstiom) 0.96(r) 4l(min) 50(a2)
P! 1.0(3,) 0.8(g,) 0.4(g) 0.2(z,) 0.0gy
Fig. 10 2;‘:}1”“)) 0.03(r) 24(, 28(52)
gz‘:a_bo“om) 0.97(,,1) 32(,,”-,1) 1713(a2)
P 2.9(8) 26(3) —1) —08,) 0.1
Fig. 11 ;;?:}lzadow) 0.03(,r0) 32(#) 34(02)
Visea—bottom) 0.97(r,)  38(miny 12302
S 218y 3 —12(8,) =1y 06,
Fig. 12 ng’:adow 0.02(r) 35 10452y
;;‘:G_bo”om) 0.98(,..1) 43(min) 2272(02)
P! 2.6(3,) 2.9, —1l@) —11y O
Fig. 13() 2% u0u) 0-1(r0) 33w 66(2)
;;E‘::a_bouom) 0.9(7,1) 44(min) 3768(a2)
P 11y 0.4¢z,) —02¢,) 0.5, 024
Fig. 13(c) @2;‘::mdw) 0.13(xp) 30, 3902
;/iz‘:ela—bottom) 0.87(,,1) 40(min) 3815(a2)
P 0.07,) 1(gsy —00L(gyy 13¢5y Ugs)
TABLE V The modelingrelieson thejoint useof Ising-typepriorsand

COMPUTATIONAL COST OF THE SEGMENTATION TECHNIQUES, EXPRESSEDIN
NUMBER OF “EQUIVALENT ITERATIONS” (TOTAL NUMBEROF STE UPDATESN),
AND CPUTIMES, FOR 256 X 256 SONAR IMAGES

ICM MG SCM MR SMAP
# iter. 5 7.75 15.25 125 3.5
cpu time  13s  21s 40s 32s 9s

shadov of the rock) which is in excellentagreementvith the
groundtruth provided by an expert.

V. CONCLUSION

In this paper we addressedhe problemof segmentinghigh
resolutionsonaimagesnto shadev areasandsea-bottonareas.
Althoughthisissueisimportantin mary applicationgelyingon
thiskind of imagesit hasonly receved few attentionin theliter-
ature wherepeoplemainlyaddressheproblemsf sonaimage
restoratiorandsurfacereconstructiorfrom 3-D sonardata.

For thisspecifc unsupervisedegmentatiorpurposewe pro-
posea completehierarchicalMarkovian approachwhich has
beenvalidatedon a numberof real high resolutionsonarim-
agesTheseexperimentshav thatthe proposednethodallows
to getaccurateindrobustresultsfor awiderangeof noiselevels
andimagecontents.

appropriatenon-Gaussiarconditionalluminancedistributions
(a Gaussiarikelihoodin shadev areasbut a Rayleighlikeli-
hoodin sea-bottormareas)Basedon thesetwo ingredientsthe
approachis composecdf two parts. The first part consistsin
anonhierarchicakstimationof all modelparametersisingthe
flexible ICE technique.Basedon limited sampling,it allows
to estimatethe parameterof the two different datadistribu-
tionswith maximumlikelihoodtechniquesandto recover the
differentparametersf the anisotropicprior with least-squares
techniquesTheversatilityof ICE would allow to dealwith other
typesof distributionsif required.In particulay Weibull distribu-
tion (which Rayleighlaw is a specialinstanceof) canalsobe
usedto modelthe sea-bottonmreverberation.

The initialization of the iteratve parameterestimation
schemads provided by a simple clusteringtechniquebasedon
luminancedistribution in small windows. Although corver-
genceis not theoretically establishedwe obsered it in all
experimentgon morethanthirty real256 x 256 sonarimages,
andone2000 x 6000 image).

The secondpart of the approachintroducesa hierarchical
componento performthe final sggmentationlt is basedon a
multi-level prior modelinvolving bothscale-causahteractions
andspatialinteractionsThe associategharameterizatiois de-
rived in aconsistentvay from the oneatthefinestlevel, thanks
to a multigrid technique.The ICE procedurepreviously em-
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fel

Fig.13. (a)—(b)Realsonarimageof pebblysea-floorwith no manufcturedobject,andassociateCM segmentatiorand(c)—(d)realsonarimageof sardy sea

floor andridgesof sand,andassociate6CM sggmentation.

ployedisthenextendedo dealsimultaneouslwith thedifferent
levelsof this new prior model.This allows to refine the param-
eterestimate®btainedn thefirst partof theapproachThefinal

segmentatioris eventuallyobtainedby solvinga coarse-toihe

cascadef enegy minimizations.

Likefor otherhierarchicalpproacheghe advantage®f the
methodaretwofold. From a modelingpoint of view, this hier-
archicalpartof the approactoffersanappealingability to cap-
ture a priori characteristicef the underlyinglabelingprocess
within a rangeof differentscales.From an algorithmic point
of view, contextual informationis propagtedin a more effi-
cientway. But basedon our experiments the proposedSCM
approachseemso performbetter for sonarimage sggmenta-
tion, thanotherstandardierarchicatechniquesWhereagree-
basedmultiresolution,and multigrid segmentatiortechniques
remainplaguedby a significantnumberof falsealarms(wrong
shadaev detections)SCM techniqueexhibits agoodrobustness
againstspecklenoise(mostfalsealarmsare eliminated)while
preservinghe borderof shadavs.

The completetwofold methodthusallows anautomaticand
robustextractionof shadevs from alargevarietyof highresolu-
tion sonarimageswith strongspecklenoise.Provided sggmen-
tationscanthenbe usedfor further treatmentsWe especially
investicate a refined sggmentationinto three classegshadow
sea-bottonteverberationandedo), andthe statisticalidentifi-
cationof objectslying on sea-floorbasedon the shapeof their
extractedcastshadaev [38].
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