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SonarImageSegmentationUsinganUnsupervised
HierarchicalMRF Model

Max Mignotte,ChristopheCollet,Patrick Pérez,andPatrick Bouthemy

Abstract—This paper is concerned with hierarchical Mark ov
random� field (MRF) modelsand their application to sonar image
segmentation.� We presentan original hierarchical segmentation
pr� oceduredevotedto imagesgiven by a high-resolutionsonar. The
sonar� imageis segmentedinto two kinds of regions:shadow (cor-
respondingto a lack of acousticreverberation behind eachobject
lying
�

on the sea-bed)and sea-bottomreverberation. The proposed
unsuper� vised schemetakes into account the variety of the laws
in
�

the distrib ution mixtur e of a sonar image, and it estimates
both
�

the parametersof noisedistrib utions and the parametersof
the
�

Mark ovian prior . For the estimation step,we usean iterati ve
technique
�

which combines a maximum lik elihood approach
(f
�

or noise model parameters) with a least-squares method (for
MRF-based prior). In order to model more precisely the local
and	 global characteristics of image content at differ ent scales,
we
 intr oduce a hierarchical model involving a pyramidal label
field. It combinescoarse-to-fine causalinteractions with a spatial
neighborhood� structur 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
segmentation� of very noisy images.The experiments reported in
this
�

paper demonstratethat the discussedmethodperforms better
than
�

other hierarchical schemesfor sonar imagesegmentation.

Index
�

Terms—Hierar



chical MRF, parameter estimation, sonar
imagery, unsupervisedsegmentation.

I. INTR
�

ODUCTION

I N
�

high-resolutionsonarimagery, threekindsof regionscan
be
�

visualized:ec� ho,� shadow� ,� andsea-bottom� reverberation.
The echo is causedby the reflection of the acousticwave
on� an object while the shadow zone correspondsto a lack
of� acousticreverberationbehind this object. The remaining
information constitutes so-called sea-bottomreverberation.
On
�

the picturesgiven by a classification sonar[1], the echo
featuresaregenerallylessdiscriminantthantheshadow shapes
for
�

the classification of objectslying on the sea-bed.For this
reason,the detectionof eachobjectlocatedon the sea-bottom
and� its classification (as wreck, rock, man-madeobject,etc.)
are� generallybasedon the extractionandthe identification of
its associatedcastshadow [2]. Thus,beforeany classification
step,� one must segment the sonarimagein termsof shadow
areas� andsea-bottomreverberationareas.
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Few studiesdescribecompleteapproachesallowing to per-
form automaticallysucha segmentationof sonarimages,with
resultsthat canbe efficiently usedafterward for objectidenti-
f
�
ication.Someof themarebasedon simple,andoftenad-hoc,

clustering� techniques(suchasfuzzy -means)workingonlumi-
nance� meanandvariancewithin smallwindows [3], [4]. In that
case,� only acoarsegrainclassificationis obtained,andnomod-
eling� of the luminancewithin the different typesof regionsis
introduced.This latteraspectresultsin a lack of robustnessfor
this
�

type of methods.Similar techniquescanhowever include
more advancedelementsof imageformationmodeling[5].

Unfortunately
!

, this is not sufficient in generalbecausethe
speckle� noisepresentin sonarimagesaffectsany simpleseg-
mentationscheme.To copewith theseproblems,contextual in-
formation is important to be taken into account.This can be
done
"

a# posteriori,� using either morphologicalfilters [3], [4],
or� MRF-basedmodels[5]. As in many other low-level vision
issues(especiallyclassification andsegmentationissues),it is
known thattheintroductionof contextualdependenciesis more
proper$ andefficient if considereda# priori within% themodeling
step.� Suchan approachis particularlywell formulatedwithin
MRF-basedmodelingframework.

Theadvantagesof thisconsistentstatisticalframework areal-
ready& exploitedin thecontext of sea-bottomreconstructionfrom
rangesonardata[6], [7]. For this task,which hasreceived a
lar
'

gerattentionthansegmentationproblemfrom sonarcommu-
nity� , onecopeswith thefusionof highresolutionside-scansonar
imageswith independentlow resolutionbathymetricdata,to re-
co� ver a three-dimensional(3-D) modelof observedsea-floor.

As
(

concernsthesegmentationof sonarimages,aMRF-based
model is usedin [5], but, asalreadysaid, this is donea# pos-
teriori) ,� in order to “clean” the binary classification obtained
beforehand
�

by a simpleclusteringtechnique.1 By
*

contrast,we
think
�

thatMRF framework shouldbeusedto capturein a joint
and� versatileway botha precisemodelingof sonarluminance
in thedifferentregionsanda regularizingprior on the regions
to
�

berecovered[8]. This is thetypeof approachthat is investi-
g+ atedin [2]and[9], andthatwefurtherstudyin thispaper, with
a� specialemphasison theadditionalproblemof estimatingthe
parameters$ in anautomaticway.

The genericproblem of unsupervised, Markovian segmen-
tation
�

is quite complex, and remainsa very active domainof
researchin thelow-level visioncommunity. Themaindifficulty

1Moreover, theclassificationmethodproposedin [5] isappliedto imagespro-
videdby alow frequency sonar, wherethepixel resolutionis around-/.0.214365/5
m. Wesuspectthattheproposedmodelis notwell-suitedto thehigh resolution
sonarimageswe wish to segmentfor objectclassificationpurposes.
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is thattheestimationof parametersis requiredfor thesegmenta-
tion,
�

while oneor severalsegmentationsareusuallyrequiredfor
parameter$ estimation.To circumvent this difficulty, a scheme
is proposedin [10] wheretheestimationandthesegmentation
are� conductedalternatively. Although the methodproved to
con� verge in thecaseof independentGaussianmodels,it is not
clear� that it canbe extendedto spatialMRF models.Besides,
the
�

methodrequiresvery heavy computations.The alternative
approach� we chooseto solve the unsupervisedMRF-based
se� gmentationproblemconsistsin having a two-stepprocess.
First,
8

aparameterestimationstepis conductedto infer boththe
noise� modelparametersandtheMRF modelparameters.Then,
a� secondstepis devotedto thesegmentationitself basedon the
v9 aluesof estimatedparameters.

For the parameterestimationstep, we adopt an iterative
method callediterative conditionalestimation(ICE) [11]–[13].
Similar
:

to stochasticexpectation-maximization(SEM)methods
[14], we shall seethat it offershowever moreflexibility in the
choice� of the actualtechniquesusedfor estimatingeachtype
of� parameters.In particular, it allows to accomodateeasilythe
“completedata”basedestimatorsthatseemthebettersuitedto
the
�

differentpartsof themodel.
The
;

datamodelwe introducedin [15] hasproved successful
in
<

capturingthevarietyof thenoiselawspresentin thedistribu-
tion
�

mixture of sonarimages.The parametersinvolved by the
dif
"

ferentlaws thatcomposethis modelwill beestimatedin the
proposed$ scheme.As for theprior, we have introducedin [16]
a� novel hierarchicalmodelbasedon bothhierarchicalandspa-
tial
�

Ising-typeinteractions.Thispriorhasprovensuitablefor the
purpose$ of segmentingsonarimageswith strongspecklenoise.
W
=

e show herethat its parameterscanbe estimatedwithin the
ICE approach,andthat it canusedin conjonctionwith above-
mentionned datamodel in order to yield unsupervisedsonar
image
<

segmentationsof goodquality.
This paperis organizedasfollows. In SectionII, we detail

the
�

estimationstep for the chosendata model combined,at
this
�

stage,with a standardspatial(anisotropic)Ising prior. The
application� of the estimationprocedureis illustratedon both
synthetic� picturesand real sonarimages.SectionIII presents
the
�

segmentationstep and the proposedhierarchical prior
model that is actuallyused.Experimentalresultsobtainedby
the
�

methodonrealscenesarereportedin SectionIV, alongwith
comparisons� to thoseobtainedby other classicalMRF-based
approaches.� Then,we concludewith someperspectives.

II.
>

PARAMETER
? E

@
STIMATION

A.
A

Introduction

First,let usconsidertheestimationof thenoisemodelparam-
eters.� To performthis task,a numberof methodsusetheimage
histogram.
B

Most of them(Fourier, polynomials,andcumulate
histogrammethods)are inefficient in caseof importantnoise
and� cannotbeusedto estimateamixtureof notpurelyGaussian
la
'

ws [17].
Other
�

techniqueshave beenproposedto determinea max-
imumlikelihoodestimateof thenoisemodelparametersfrom a
gi+ ven image.Expectationmaximization(EM) or stochasticex-
pectation$ maximization(SEM) algorithmscanbe usedin the

case� of Gaussiandistribution mixtures[14], [18]. However, in
the
�

specific caseof sonarimagery, onehastodealwith amixture
of� laws thatarenot all Gaussian[1], andthesetechniques,like
the
�

formerones,arenotwell suited.By contrast,ICE technique
is ableto copewith thevariousnon-Gaussiandistributionsthat
are� relevant in this context, asexperimentallydemonstratedin
[1].

Letusstressoutthatall theabovementionnedapproachesrely
on� the restrictive assumptionthat all the underlying“hidden”
class� labelsareindependent

C
. Whenthesehiddenlabelsarecon-

sidered� asmutuallyinteractingwithin aprior Gibbsdistribution
(or
D

, equivalently, they areassumedto constitutea MRF), new
parameters$ appearwhich are even more intricate to estimate.
Ho
E

wever, MRF modelingprovidesa powerful tool to incorpo-
rate& ana# priori kno

F
wledgeaboutthespatialstatisticsof thelabel

f
�
ield, andit is thusworth thepain.

Using
!

Markovian modeling, the prior knowledge about
the
�

“scene” is incorporatedwithin an energy function which
consists� of a sum of appropriatelocal interactionpotentials
in
<

volving a few parameters.In many works that address
se� gmentationandclassification problemswith this formalism,
the
�

parametersof the prior model are either assumedto be
kno
F

wn, or determinedin anad-hocfashion[6], [7], [19]–[22].
However, in our application,it is difficult to find manually
appropriate� values for the prior parameterssince the real
scenes� may vary dramatically from one image to another
(e.g.,
D

sea-floorwith pebbles,dunes,ridges,sand,etc.). Thus,
estimating� theseparametersin an automaticway is a crucial
issuefor thepracticalrelevanceof the labelingtechnique.One
w% ay to estimatetheseparametersfrom agivenimageis to usea
simulated� annealing-basedmethodwhichalternatestheestima-
tion
�

of parametersandtheclassification itself, for a numberof
iterations[23]. Unfortunaltely, this methodis slow even with a
first orderisotropicmodelruledby a singleparameter. In [24],
the
�

algorithm is extendedto Markovian prior. The resulting
iterativeschemealsorequiresa lot of computingtime,andmay
get+ caughtin localmaximawithout reachingaproperestimate.
Also notethat theEM formalismdoesnot allow explicitely to
estimate� the parametersof standard(Ising or Potts) labeling
priors.$ It only gives accessto local conditionalspecifications
which% define imperfectlytheprior. In [25], theauthorspropose
to
�

implementtheestimationof theparametersassociatedwith
clique� functionsasaneuralnetwork whoseweightsarelearned
from
�

examplesby the error backpropagation algorithm. This
method requiresa learningstepfrom a trainingdataset,which
can� beproblematic.

Considering
G

thetypeof modelwearegoingtodealwith (non-
Gaussian
H

data likelihoodssuchas Weibull or Rayleigh laws,
and� Ising-typeprior),wefoundmoreappropriateto usetheICE
framework, which is moregeneralandflexible [26], for thein-
ference
�

of parameters.In the following we first briefly review
the
�

ICE approachin caseof genericmodelingelements.We
shall� thenspecifytheunderlyingestimatorsthatweusedin our
conte� xt, andfurtherdescribehow theproposedICE procedure
is initialized andled.

B.
I

IterativeConditionalEstimation

W
=

e considera coupleof randomfields ,� with
the
�

field of observationslocatedonalattice
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Fig. 1. Second-orderneighborhoodand associatedlabeling notations;the
four types of two-site cliques and associatedparametersin the anisotropic
Ising model.

of� sites� ,� and the
�

labelfield. Eachof the
tak
�

esits valuein and� each in
JLKNMPORQTS ,� U/VXW Y[Z]\^\_Za` . The distribution of is
def
"

ined, first, by ,� the distribution of supposed� to be
stationary� andMarkovian, andsecondly, by the site-wisecon-
ditional
"

datalikelihoods ,� which dependon the
concerned� classlabel . If thedataareassumedto beindepen-
dent
"

conditionedb on� the labelingprocess ,� onegets
. Weshallstickto thisassumptionthroughout.The

observ� able is calledthe incomplete
C

data whereas% consti-�

tutes
�

the completeb data. Prior distribution depends
"

on
some� parametervector ,� whiledatalikelihood de-

"

pends$ on anotherparametervector . Jointandposteriordis-
trib
�

utions and�

thus
�

dependon . This depen-
dence
"

will bemadeexplicit whennecessary[e.g.,denotingpos-
terior
�

distribution as .
Thesinglescalesegmentationof sonarimagesin two classes

can� be viewed asa statisticallabelingproblemaccordingto a
global+ Bayesianformulationin which theposteriordistribution

hasto bemaximized[27]. This
is
<

themaximuma# posteriori(MAP)
D

estimation.In thestandard
case� of Ising-typeprior [8], thecorrespondingposteriorenergy
to
�

beminimizedis

(1)
D

where% ,� is the deltaKro-
necker function, and ,� ,� or� depending

"
on

whether% the pair of neighboringsites(relative to the second-
order� neighborhoodsystem),or cliqueb ,� is

<
horizontal,ver-

tical,
�

right diagonal,or left diagonal(seeFig. 1). In this energy
setting,� the first energy term expressesthe adequacy between
observ� ationsand labels,whereasthe secondone is relatedto
the
�

a# priori .
T
;
o performtheunsupervisedsegmentation,we have to esti-

matetheparametervectors and� . To this end,we resort,
within% a first step,to an iterative methodof estimationcalled
iterated
<

conditionalestimation(ICE) [11]. Thismethodfirst re-
quiresc to gettwo estimators and� which% provide
respectively anestimateof based

�
on a configuration ,� and

an� estimateof based
�

onacompletedataconfiguration .
Random
d

field being
�

unobservable,the iterative ICE proce-
dure
"

definesparameterfits and� at� step as�

the
�

conditionalexpectationsof and� gi+ ven and� the
current� parameterfits and� . Thefixed pointof this iter-
ation� correspondsto thebetterapproximationsof and� in
terms
�

of themeansquareserror [13]. By denoting the
�

con-

ditional
"

expectationbasedon ,� this iterative
procedure$ is definedasfollows:

• onetakesaninitial value ;
• is

<
computedfrom and� from usinge

(2)
D

(3)
D

The
;

computationof theseexpectationsis impossiblein prac-
tice,
�

but we canapproachthemthanksto thelaw of largenum-
bers
�

(4)
D

(5)
D

where% are� realizationsdrawn from the pos-
terior
�

distribution . As it turnsout, is
sometimes� foundsufficient(orevenbetter)togetgoodestimates
when% convergenceis reached,in caseof stationaryprior with
low-dimensionalparametervector[11]. It is thecasein ourun-
supervised� classification model,andwe actuallychose
in our experiments.

By letting free thechoiceof estimators and� ,� the ICE
procedure$ offersagreatdealof flexibility whichallowsaneffi-
cient� adaptationtotheMRFmodelathand.ContrarytoEM-type
approaches,� theICE allowsto handleproperlytheestimationof
Ising-typeprior parameters,usingtheleast-squares(LSQR)es-
timator
�

[28] introducedby Derin et� al. (see
D

SectionII-C2). As
for ,� we useda maximumlikelihood (ML) approach
that
�

proved well suitedin our context wherethespeckledistri-
b
�
ution in thesonarimagesis not exactly known, andmayvary

according� to experimentalconditions(seeSectionII-C1).
Finally, weneedtwo otheringredientsin orderto usetheICE

procedure,$ namely:

• a techniqueto getaninitial value which% is not too far
from
�

the optimal parameters.To this endwe usea clus-
tering
�

approachwhich is describedin SectionII-D.
• a way of simulatingrealizationsfrom posteriordistribu-

tion
�

. ThisisperformedbyusingtheGibbs
sampler� [29].

C. Estimationof theModelParameters for theCompleteData

1) Noisemodelparameters: The Gaussianlaw, ,�
is a well-adapteddegradationmodelto describetheluminance

within% shadow regions(wherenoiseisessentiallyduetoelec-
tronic
�

aspects)[1]. We thuslet

(6)
D

The correspondingML estimatoris defined by the empirical
meanandtheempiricalvariance.If 2

pix$ elsarelocatedin theshadow� areas,� we have

2Recallthat f standsfor the“shadow” labelwhile g correspondsto “sea-
bottom”
h

class.
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Fig.
i

2. Variousrealizationsof thesecond-orderanisotropicIsing model,correspondingto specified parametersreportedin TableI.

In thereverberationareas,Weibull law providesanappropriate
model for luminanceto copewith specklenoisephenomenon
[30]. This law impliesa shapeparameterthatcanbeestimated
from completedata.It turnsout thatestimatedvaluesareoften
close� to 2. We thus restrict ourselves to Rayleighlaw which
e� xactly correspondsto 2 shapeparameter[31]. More precisely,
we% model the conditionaldensityfunction for the sea-bottom�
class� by a shiftedRayleighlaw

(7)
D

If
>

is
<

the numberof pixels of the
sea-bottom� regions,we obtainthe following expressionof the
ML
j

estimator[1]:

If required [cf. Fig. 4(a)], proportions and�

of� the mixture of laws (independent
from can� beapproximatedby theempiricalfrequencies,i.e.,

.
2)
k

A priori model parameters: At
(

this stage, we con-
sider� the standardprior model introduced in (1). It is a
second-order� anisotropic3

l
Ising model ruled by four parame-

ters
�

(see
D

Fig. 1). The corresponding
local conditional specification can be written down as fol-
lows. If is some site and denotes

"
its neighborhood,

the
�

probability that gi+ ven some configuration
on� the neighbor-

hood(refer to Fig. 1) is

(8)
D

where%

3
l
The
m

conceptof anisotropy we referto throughoutthepaperis relatedto the
dependenceof local interactionsonthedirectionmodulo npo , thatis only onthe
orientation.

with% . Consideringthe following expressionfor the
tw
�

o possiblevaluesof ,� (
D
shadow� label)and

(
D
sea-bottom� label),

'
for a sameneighborhoodconfiguration

,� onegets

(9)
D

where% is theunknown parametervectorto beestimated.The
model beingstationary(shift-invariant),thesecondratiocanbe
approximated� for eachpossibleneighborhoodconfiguration ,�
usinge simplehistograming:

By
*

substitutingtheseempiricalratioestimatesin (9), weobtain
linear equationsin four unknowns.A givencombi-

nation mayof coursenot occurat all in the label fields.
In this case,we cannotobtain linear equation(9) becauseof
the
�

logarithm.Moreover, neighborhoodconfigurationssuchthat
(e.g.,
D

if ,�
,� ,� and imply equationsof type0

constant.� Thereforewesimply ignorethesecases.Theover-de-
termined
�

linearsystemof equationsthusobtainedissolvedwith
the
�

least-squaresmethod.
Thismethodfor estimatingIsing-type(andPotts-type)clique

parameters$ fromhistograminghasbeenproposedbyDerinet� al.
[28]. It is not iterative andprovidesestimatedparametersthat
are� optimal in the least-squaressense.

W
=

e now presentsomeresultsof this parameterestimation
procedure,$ obtainedonvariousrealizationsof thesecond-order
Ising model, for different parameters (see

D
Fig. 2). It is a

complete� dataproblem,andthe estimatesprovided by LSQR
estimator� are� comparedto realparametersin TableI. These
few examplesillustratetheaccuracy thatcanbeachieved by the
method in caseof observeddata.

Synthetic
:

texturespresentedin Fig.2 alsoshow thattheIsing
modelwith its four parametersoffers an interestingvariety of
priors$ to capturedifferenttypesof sea-floor:Fig.2(a)showsin-
homogeneous
B

shapesreminiscentto segmentationof a pebbly
sea-bottom;� Fig. 2(b) exhibits homogeneousorientedshapes
that
�

are representative of segmenteddunes;geometricshapes
within% Fig. 2(c) recall the shadows of manufacturedobjects;
Fig. 2(d) looks like the segmentationof an imagecontaining
ridgesof sand.
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Fig.
i

3. (a) Real qprLsutwv0xpy sonarpicture(objectandrock shadows on a sandysea-floor),(b) representationof thethree-componentsamplescomputedfrom a
partitioningz of theoriginal imageinto 1764windowsof size {}|�~ , and(c) block-wisesegmentationof theoriginal imagecorrespondingto theclusteringof sample
by
h

the � -meansprocedure.

T
m

ABLE I
SPECIFIEDa priori PARAMETERS � FOR THE ANISO

�
TROPIC SECOND-ORDER

I
�
SING
� M

�
ODEL
� , AND

� E
�

STIMA
�

TED P
�

ARAMETERS
� �� OBT

�
AINED FROM

REALIZATIONS

D.
�

Initialization

The
;

initial parametervalueshavea significantimpacton the
rapidity& of the convergenceof the ICE procedureand on the
qualityc of thefinal estimates.In ourapplication,weusethefol-
lo
'

wing method.Theinitial parametervaluesof thenoisemodel
are� determinedby applyingasmallnonoverlappingsliding

windo% w over the imageandby computingtheempiricalmean
and� varianceof luminance,aswell astheminimumgrey level,
for eachlocationof thewindow. Eachwindow locationthuspro-
vides9 a three-component“sample” . Thecollectedsamples

are� thenclusteredinto two classes usinge

the
�

-meansclusteringprocedure[32]. This algorithmusesa
similarity� measurethatis theEuclideandistancebetweensam-
ples.$ For a given assignmentof the samples� amongthe
clusters,� anobjective function is thendefinedby

where% thesecondsumis over all samplesin the th
�

clusterwith
center� . It is easyto show that for a givensetof samplesand
of� classassignments, is

<
minimizedby choosing to

�
be the

a� veragesampleof the th
�

cluster. Forgivencenters ,� ismini-
mizedbyassigning to

�
theclusterwhosecenteris theclosest.

A numberof othercriteriaaregiven in [32]. Thecompleteal-
gorithm+ is asfollows.

1) Choose initial clustercenters . They could
be
�

pickedarbitrarily, but areusuallydefinedby

2)
�

At the th
�

step,assignsample ,� , t� o
cluster� if

Eachsampleis reassignedto theclusterwith thenearest
center� . In the caseof ties, the assignmentis arbitrarily
chosen� amongthecompetingclusters.

3)
�

Let denote
"

the th
�

clusterafterStep2.Determinenew
cluster� centersby

where% is thenumberof samplesin . Thus,thenew
cluster� centeris themeanof thesamplesin thecluster.

4)
�

Repeatuntil convergenceis achieved ( ).
�

Althoughit is possibleto find pathologicalcaseswherecon-
v9 ergencenever occurs[32], thealgorithmdoesconverge in all
tested
�

examples.The rapidity of convergencedependson the
numberof clusters,thechoiceof initial clustercenters,andthe
order� in which the samplesareconsidered.In our application,

.
One
�

hasto findagoodcompromisefor thesizeof thewindow
usede in the constitutionof samples.On the onehand,a small
windo% w increasestheaccuracy of thesegmentation,hencepro-
viding9 amorepreciseestimationof thedistributionmixture.On
the
�

otherhand,decreasingthe numberof pixels on which the
three
�

attributesarecomputedmayresultin ahighermisclassifi-
cation� error. In ourapplication,satisfactoryresultsareobtained
with% a sliding� window. Fig. 3 illustratesthe -meansclus-
tering
�

procedure(andresultingsegmentation)on a real sonar
image.
<

Once
�

the block-wisesegmentationassociatedto final clus-
tering
�

is obtained,ML estimationis appliedto it to get initial
data
"

parameterestimate . Basedonly ontheseparameters,a
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first pixel-wiseML segmentationis readilyobtainedaccording
to
�

A first estimationof prior parameterscanthenbeconductedon
this
�

segmentation,yielding .

E. ParameterEstimationin theIncompleteData Case

W
=

e cannow summarizethe completeparameterestimation
procedure$ for thepartially observedmodeldefinedas

(10)
D

where% is
<

the Gibbs distribution of an Ising-typeMRF
with% parameters ,�
(within
D

shadow area)isaGaussianlaw with parameters ,�
and� (within

D
sea-bottomarea)is a shifted

Rayleigh
d

law with parameters .

• Parameter initialization. Asalreadyexplained,theinitial
parameter$ fit is derived from -means
clustering� of imageblocks.

• ICE
�

procedure. is
<

computedfrom in
<

thefol-
lo
'

wing way.
• Using the Gibbs sampler, realizations ,�

are� simulatedaccordingto theposteriordistri-
b
�
ution .

• For each ,� theparametervector
is
<

estimatedas by
�

Derin et� al. algorithm,�

and� is estimatedas with% theML es-
timator
�

of eachclass.
• is

<
obtainedby averaging
.

W
=

edesignedastoppingcriterionbasedonthevarianceof the
estimators,� whichis empiricallycomputedonthe last

'
param-

eter� fits (where is a fixedparameter).Whenthis indicatorof
the
�

“stability” of the procedurefalls below a given threshold,
the
�

sequenceof is assumedto havereachedanequilibrium
and� theprocedureis ended.Oneproceedsto theactualsegmen-
tation
�

usingtheestimatedparameters.
Note
�

that,sinceshiftedRayleighlaw (7) forbidsluminances
belo
�

w ,� no pixel with luminancebelow the initial estimate
of� w% ouldeverbeclassifiedas“sea-bottom”afterwards.As
a� consequence,any new estimateof in the ICE procedure
w% ould be greateror equal to the initial estimate.In order to
soften� thisconstraint(i.e.,to allow apossibledecreasingof
estimate),� we slightly modified ,� suchthat it now
associates� a very low, but non-null, likelihoodto pixelswith a
gre+ y level lower than [27].

W
=

ecalibratetheweightof the“stochastic”aspectof theICE
by
�

choosing ,� thenumberof realizationsdrawn from thepos-
terior
�

distribution.When increases,
<

empiricalaveragingof es-
timator
�

get+ closerto its posteriorexpectation,andeachstep
of� theICE procedurebecomesalmostdeterministic.Thechoice
of� a smallvaluefor (e.g.,

D
can� increasetheefficiency

of� themethodby letting largely randomizedeachiteration[11].
This is whatwe observedin our experiments.

Fig.
i

4. (a) Imagehistogramof the sonarimagefrom Fig. 3(a) and the two
weightedmixturecomponentsthatareestimated.(b) Evolution of thea priori
parameterz estimates�� .

The
;

quality of the parameterestimationis difficult to as-
sess� in absenceof “true” valuesto comparewith. As for the
data
"

model, we can roughly perform such an evaluation by
comparing� thegrey level histogramof the imagewith the two
components,� and� ,� of theestimated
mixture weightedaccordingto their estimatedproportions.In
Fig.
8

4(a) we proposesuch a visual assessment,by superim-
posing$ the two weighteddensitiesestimatedfrom a real sonar
image,on thehistogramof this image.Onecanappreciatethe
good+ fitting thusexhibited.This exampleillustratestheability
of� themodelto capture,thanksto thedescribedICE technique,
the
�

mixtureof distributionsinvolvedin a realsonarimage.The
v9 aluesof associatedprior parameterestimatesfor thatexample
are� plotted against the numberof iterationsin Fig. 4(b). Al-
though
�

convergenceis not theoreticallyestablished,we always
observ� ed it in practice.Stability is reachedafter around15
iterations[requiring60 s on a sonarpictureof size256 256
pels,$ with a 43P IBM Workstation(200 MHz)]. The original
and� final estimatesfor all parametersaregiven in TableII.

No
�

w thatwe areableto estimateboth theparametersof the
mixture-based datamodelingandthoseof theprior Ising mod-
eling� of theunknown labeling,we canturn our attentionto the
actual� classification issueitself.
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TABLE II
ESTIMA
�

TED PARAMETERS OF THE MIXTURE DATA MODEL
�

AND

OF
�

THE SECOND
� -ORDER

� A
?

NISO
�

TROPIC P
�

RIOR
� M

�
ODEL
� , FOR

�
THE

SON
�

AR I
�
MA
�

GE IN F
i

IG
� . 3(a)

III. UNSUPER
�

VISED HIERARCHICAL S
:

EGMENTATION

A. Introduction

In orderto capturemoreefficiently thelargerscalecharacter-
istics
<

of sonarimagecontents,thestandardsecond-orderIsing
prior$ wehaveusedsofar, shouldbeimproved.Thiscanbedone
by
�

usingalargerneighborhoodstructure,but thiswouldincrease
dramatically
"

thecomplexity of segmentationandparameteres-
timation
�

procedures.
To circumvent this difficulty, different multiresolution

schemes� have beenproposed.In [33], a tree-basedhierarchical
auto-re� gressive modeling is introducedto capturethe multi-
scale� structureof imagesthat are similar, to someextent, to
sonar� images(namely, they dealwith syntheticapertureradar
(SAR)
D

images).In this case,thehierarchicalapproachremains
ho
B

wever at the level of datamodeling,and the segmentation
itself is then performed in the maximum likelihood (ML)
sense,� in-scalecausalitygiving completeaccessto required
lik
'

elihoods.
W
=

ith MRF-based labeling priors we are looking at, a
multiresolution approachcan be classically introduced as
follo
�

ws: a hierarchicaldecompositionof the original imageto
be
�

segmentedis computedand “similar” labeling MRF’s of
proper$ sizesare attachedto the different levels of resolution.
Based
*

on this structure,thesegmentationis thenperformedin
a� coarse-to-fine way, using at eachlevel the segmentationat
pre$ vious level to get an initialization [9], [34]. The problem
with% such approacheslies in the issue of deriving the pa-
rameters& of both prior model and data model at eachlevel,
gi+ ven thoseof the finest level. As for datamodelparameters,
a� consistenttreatmentof this issueis introducedin [34] for
Gaussian
H

“textures.” For other dataand/orprior models,the
issueremainswidely open.

Another
(

approachconsistsin devisingahierarchicallabeling
MRF
j

whichsimplyinteractswith theoriginaldata(nomultires-
olution� decompositionof thedatais performedin this case).A
numberof suchmodelshave beenproposed.Boumanet� al. in-
troduced
�

apeculiarhierarchicalMRFdefinedasacoarse-to-fine
Markov chainof levels [35]. The associatedinteractionstruc-
ture
�

is a quadtree.It allows to devisea noniterative two-sweep

Fig.
i

5. Hierarchicallabelingstructureinvolved in the SCM method;sitesin
light grayhold variablesthat interactwith � within theposteriorconditional
distribution � .

Fig.
i

6. “Coarse-to-fine” minimizationstrategy.

se� gmentationprocedure(in caseof knownparameters),but it in-
duces
"

undesirablespatialnonstationarities.As afact,themodel
is not shift-invariant sincetwo pixels that would be adjacent
in
<

termsof spatial lattice may be actually “f ar” apart in the
graph+ structure.In [36], Kato et� al. introduced

<
a novel hierar-

chical� model: they considereda pyramidal label field with a
three-dimensional
�

neighborhoodsystem.Unfortunately, there-
sulting� parameterestimationandsegmentationproceduresre-
quirec a lot of computingtime, even for the case(considered
therein)
�

wherethe spatialpart of the prior correspondsto the
f
�
irst-orderisotropicIsingmodel.Therefore,it did notappearto

use asagoodcandidatein thecomplex context of sonarimagery
where% numeroussourcesof anisotropy andcontentvariability
are� to bemet (e.g.sea-floorwith pebbles,dunes,ridges,sand,
tires
�

or variousobjects,etc.)
Herein,
E

we proposea different hierarchicalapproachcom-
bining
�

a scale-causalspecification (modeling part) with a
coarse-to-f� ine multigrid minimization technique(algorithmic
part).$ As in [36], thismodelinvolveslocal interactionsbetween
spatially� adjacentsites as well as parent-child interactions
between
�

sites belongingto consecutive levels. We will refer
to
�

this approachas scalecausalmultigrid (SCM). From an
algorithmic� pointof view, thisstructurewill allow to propagate
ef� ficiently contextual information. In terms of modeling, it
of� fers the opportunityto capturesomea# priori characteristics�

of� the underlyinglabelingprocesswithin a rangeof different
scales.�

Theuseof thisoriginalSCMprior for unsupervisedsegmen-
tation
�

requiresanadaptationof theparameterestimationtech-
niquewe usedfor nonhierarchicalIsing prior. This shallbeex-
posed,$ afterthecomingpresentationof theSCM approach.
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Fig.
i

7. Realizationsof thehierarchicalSCM modelfor thespecified parametersreportedin TableIII.

B. SCMHierarchical ModelingandSegmentation

The
;

SCM modelfirst consistsin a hierarchy of�

labelfieldswhichinteractwith theoriginalimage (see
D

Fig.5).
Labeling is defined on grid which% resultsfrom the re-
duction
"

of by
�

in eachdirection.Thesegmentationof
sonar� imagesin two classesis now statedasacausalcascadeof
conditionalb MAP estimations

and�

(11)
D

Thedefinition of thedifferentinter-level transitiondistribu-
tions
�

is basedon themonoresolutionmodelintro-
duced
"

in SectionII-B. Wefirstdefine as� thefollowing
Gibbs
H

distribution:

with%

(12)
D

where%

is the energy function defined in (1) appliedto ,� anda new
parameter$ , ,� is introducedin inter-level clique potentials.
W
=

e now derive the other inter-level transition distributions
e� xtending the multigrid constructiontechniqueproposedin
[37] to thetwo-level energy in (12).

Let
�

be
�

the “projection” from to
�

which%

associates,� by duplication,a blockwiseconstantconfiguration
on� to

�
any configurationon . Usingthemultigrid approach

from
�

[37], we candefine for each

with%

(13)
D

TABLE III
SPECIFIED
�

A
� P
�

RIORI
� P

�
ARAMETERS
�  

FOR
�

THE SCM MODEL
� , AND

� E
�

STIMA
�

TED

P
�

ARAMETERS
� ¡¢ OBT

£
AINED FROM R

�
EALIZA
�

TIONS

From(12) and(13),simplecomputationsprovide [37]

(14)
D

with%

(15)
D

where% is
<

the block
�

of the“descendants”of (see
D

Fig. 5), and stands� for thedataattachedto
that
�

block.It is readilyestablishedthattheintra-level cliquepa-
rameters, ,� ,� associatedto thefour different
possible$ orientationsof clique ,� andthe inter-level
clique� parameter are� obtainedby weightingthosein
(12)
D

accordingto [37]

(16)
D

where% ,� ,� accountsfor the numberof site cliques
straddling� two blocks

�
that constitutea block cliqueof

type
�

,� and is the numberof site cliquescontainedin one
block.
�

Conditional
G

MAP estimationat level amounts� to min-
imizing in . The interaction structure
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Fig.
i

8. UnsupervisedSCM segmentationalgorithm.

concerned� by this minimizationis thefollowing: eachvariable
interactswith the (unknown) second-orderneighborhood

labeling ,� with thelabel of� its parentprovidedby
minimization at level ,� andwith theblock of data .

Finally, at coarsestlevel, we define

with%

(17)
D

Ener
@

gy is
<

thesameastheonein (14)with ,� apartfrom
the
�

lastinter-level termwhich is obviously absentin this case.
W
=

e now have to dealwith the coarse-to-fine recursive esti-
mation (11).Eachof theassociatedenergy minimizationprob-
lems is copedwith the ICM algorithm [8]. The deterministic
iterative minimizationat level is initialized by the interpola-

tion
�

of� thelabelingpreviouslyobtainedatcoarser
level (see

D
Fig. 6).

C. Estimationof Hierarchical ModelParameters

The
;

introduction of the hierarchicalmodeling requiresto
re-addressthe issueof parameterestimation.This has been
decomposed
"

into two steps.We first let and� usethe
estimates� of parameters ,� and pro$ vided by
the
�

nonhierarchicalICE proceduredescribedin SectionII-B,
to
�

solve the SCM labelingproblem(11).4 The first multigrid
se� gmentation thus

�
obtainedis usedin turn to re-es-

timate
�

thewholesetof parameters(including of� theSCM

4Since ¤ ¥§¦ , we dealat this stagewith the multigrid MAP estimation
procedurez introducedin [37], basedon theICE parameterestimates.
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Fig. 9. (a) Syntheticsonarimageof a sphericalobject lying on a sandysea-floorand(b)–(f) two-classsegmentationresultsandassociatedratesof correct
classification.

model.Oncethis is done,a final SCMlabelingis estimatedin a
coarse-to-f� ine way. We shallassess,with comingexperimental
comparisons,� the impact of the SCM approachin terms of
both
�

final parameterestimatesand final imagesegmentation,
as� comparedto the nonhierarchicalunsupervisedapproach
introducedin SectionII.

Gi
H

ven the hierarchicalsegmentation
the
�

ML estimation of data model parameters remains
unchanged.e It is provided by . As concernsthe
estimation� of parameters which%

def
"

ine the prior part of SCM model we needto extend the
nonhierarchical� methodpresentedin SectionII-C2. Wederived
this
�

extensionby expressingrelation (9) at eachlevel of the
p$ yramidal structure, conditioned on the labeling of above
level. Using empirical approximationscomputedon given

,� onegetsfor eachof the possible$

conf� igurations of� the
�

following set of
equations:�

with% diagonalmatrix diag
"

. Vector
corresponds� to the clique parametersof posteriorconditional
Gibbs
H

distribution (13). We obtain linear equationsin
’s. We ignore equationsassociatedwith any combination

that
�

doesnot occurin the label fieldsandequationsfor
which% . The resulting over-determined
linear
'

systemof equationsis solvedin theleast-squaressense.
Like for nonhierarchicalmodel,we presentsomeexamples

of� estimationof theSCM model,basedon variousrealizations
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Fig. 10. (a) Realsonarimageinvolving objectandrock shadows and(b)–(f) two-classsegmentationresults.

of� themodelitself (seethesesamplesin Fig. 7). Theobtained
estimates� arecomparedto the specified valuesof the parame-
ters
�

in TableIII. It appearsthat theSCM modeloffersa larger
rangeof modelingpossibilitiesthantheoneof themonoresolu-
tion
�

model(with theexpectedability of capturingin ajoint way
patterns$ of very differentscales),andthatgoodestimatesof its
parameters$ canbe obtainedfrom a givenhierarchicallabeling
conf� iguration.

Beforewe reportexperimentsof unsupervisedsegmentation
of� sonarimagewith SCM approach,we summarizethe whole
procedure$ in Fig. 8.

IV
>

. EXPERIMENT
¨

AL R
d

ESUL
�

TS

The whole SCM algorithm actually provides threesucces-
si� ve unsupervisedsegmentations(see Fig. 8): the first one

is
<

obtainedby ICM from the nonhierarchicalmodeling(10),
with% estimatedparameters and�

; a secondhierarchicalsegmentation
is
<

obtainedby coarse-to-fine minimizationon theSCM model
with% sameparametersasbeforeand ; the last segmen-
tation
�

is obtainedas the previous one, but with re-estimated
parameters$ and�

. In the following,
we% shall refer to thesethree outputsas the ICM, MG (for
multigrid), andSCM segmentation,respectively.

W
=

e have comparedon a numberof imagesthesethreeseg-
mentationsto thoseobtainedby two otherstandardtechniques:
the
�

noniterative SMAP algorithm on a quadtreeproposedby
Bouman
*

et� al. [35], anda classicalmultiresolution(MR) ap-
proach$ wherea multiresolutionpyramid of imagesis derived
and� a setof “similar” spatialmodelsis consideredon the dif-



MIGNOTTE et7 al.: SONAR IMAGE SEGMENTATION USING AN UNSUPERVISED HIERARCHICAL MRF MODEL 1227

Fig.
i

11. (a) Realsonarimageof sandysea-floorwith theshadow of a man-madeobjectand(b)–(f) two-classsegmentationresults.

ferent
�

resolutionlevels.In bothcases,datamodelingis thesame
as� in SCM(mixtureof GaussianandRayleighlaws)with param-
eters� . The only prior parameterinvolvedby the tree-based
modelof Boumanet� al.(the

D
probabilitythatanodeof thetreeex-

hibits
B

thesamelabelastheoneof its parent)hasbeenmanually
tuned.
�

At eachlevel of the modelusedfor MR segmentation,
the
�

anisotropicsecond-orderIsing MRF with parameters is
usede as a prior. In all experiments,MG, SCM, and MG seg-
mentationswereobtainedon threelevels,whereasthe SMAP
estimation� takesplaceon levels,by definition.

W
=

e first reportexperimentalcomparisonsobtainedon a syn-
thetic
�

sonarimage(Fig. 9) of asphericalobjectlying onasand
sea-bed.� The image is simulatedby using a ray tracing pro-
cedure.� The differentsegmentationsobtainedon this example
are� presentedin Fig. 9, alongwith their associatedratesof cor-
rectclassification.As visible from thedifferentratesof success
(all
D

areat least98%), this is an easyexample,andonehasto

be
�

carefulwhentrying to extrapolatetheseresultstoward real
sonar� images.Nevertheless,wewouldliketo notethatthecom-
plete$ SCMapproachslightly out-performstheothersin termsof
global+ classificationperformance,while providing a classifica-
tion
�

thatis visually cleanerthantheothers.As concernsthees-
timated
�

parametersfor this syntheticexample,onecanobserve
that
�

the parameter$ of SCM modelremainsnull: this shows
that
�

theinter-level partof themodelis not relevanton this par-
ticular
�

syntheticimage.It is not alwaysthecasehowever with
realsonarimages,ascomingexperimentswill show.

Thoroughexperimentshave beenconductedon real sonar
images.
<

Figs. 10–12 show the ICM, MG, SMAP, MR, and
SCM
:

segmentationresultsobtainedon imageswith various
contents.� The associatedSCM parameterestimates are�

gi+ ven in TableIV. Thesizeof thesepicturesis 256 256
�

pixels
corresponding� to a sea-floorsurfaceof 25 m 25 mm. (The
DUBM41 sonarfrequency is around500KHz.)
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Fig.
i

12. (a) Realsonarimageof sandysea-floorwith thecastshadow of a tire and(b)–(f) two-classsegmentationresults.

Let usfirst stressthattheestimatedprior parametersarequite
dif
"

ferentaccordingto the typeof objectsinvolved in the input
image (man-madeor natural objects). In presenceof small
shado� ws, it alsoturnsout that estimatedvaluesof parameters

are� significantly smaller(seeTableIV). Theresulting
model is then able to extract shadows of only a few pixels
large while avoiding falsealarms.We canalsonoticethat the
estimated� noisemodelparametersdependa lot on thenatureof
the
�

sea-floor(e.g.,sandyor pebblysea-floor, etc.).
In somecases(e.g.,on imagefrom Fig. 12), the final esti-

mate for remains& null andtheSCMapproachamountsto the
multigrid segmentation,but with a# multigrid refinementof all
the) other parameterestimates. Even in thesecases,final esti-
matesof otherparametersaredifferentfrom thoseissuedfrom
the
�

first nonhierarchicalICE step.The differencebetweenthe
parameter$ valueswhich MG andSCM segmentationsrespec-
ti
�
vely rely on canbe assessedon the examplefrom Fig. 3(a)

[sameimageasin Fig. 10(a)]by looking at in
<

TableII and
reportedfor Fig. 10 in TableIV.

Table V presentsthe computationalcost associatedto the
dif
"

ferentsegmentationswe compared.It is expressedin terms
of� both cpu times (on a 200 MHz 43P IBM Workstation)
and� numberof “equivalent iterations.” One “equivalent iter-
ation”� correspondsto the updateof labels.One complete
image
<

sweep of ICM algorithm at level (for
D

MR, MG,
or� SCM segmentation)thus amountsto equi� valent it-
erations.� As expected,the noniterative SMAP requiresless

computation� than any other technique.However, its peculiar
tree-based
�

neighborhoodstructuredoesnot seemable to cap-
ture
�

properly the local propertiesof sonar images,and this
modeloften producesblocky segmentationsat the boundaries
of� the shadows. The other less expensive techniqueis non-
hierarchical
B

ICM which alsoprovidessegmentationsof lower
qualityc . ProposedSCM methodis as expensive 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.
W
=

e do believe that reportedexperimentsdemonstratethat the
e� xtra cost is worth the pain.

It
>

is seenfrom Figs.10–12that SMAP, ICM, MG, andMR
se� gmentationsareall plaguedby a significantnumberof false
alarms� (wrongshadow detections)dueto thespecklenoiseef-
fect.
�

In contrast,SCMperformsbetter:it exhibitsagoodrobust-
nessagainst specklenoise(most falsealarmsare eliminated)
while% preservingtheborderof shadows.Theversatilityof SCM
prior$ is furtherdemonstratedby two otherexamples(Fig. 13).
Indeed,
>

it allows to getsatisfactorysegmentationsevenin case
of� numeroussmallrocks[Fig. 13(a)and(b)], aswell asin pres-
ence� of sandridgeswith strongorientation[Fig. 13(c)and(d)].

Theseexperimentsshow that theshadows of bothmanufac-
tured
�

objectsandrocksarebettersegmentedby SCM method
than
�

by othermethodsto whichit is compared.In particular, the
e� xtractedcastshadow of themanufacturedobject(acylinder)in
Fig. 10 exhibits a regulargeometricshape(contraryto thecast



MIGNOTTE et7 al.: SONAR IMAGE SEGMENTATION USING AN UNSUPERVISED HIERARCHICAL MRF MODEL 1229

TABLE IV
ESTIMA
�
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�
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�
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shado� w of the rock) which is in excellentagreementwith the
ground+ truth providedby anexpert.

V.
·

CONCLUSION

In
>

this paper, we addressedtheproblemof segmentinghigh
resolutionsonarimagesintoshadow areasandsea-bottomareas.
Although
(

thisissueis importantin many applicationsrelyingon
this
�

kindof images,it hasonly receivedfew attentionin theliter-
ature,� wherepeoplemainlyaddresstheproblemsof sonarimage
restorationandsurfacereconstructionfrom 3-D sonardata.

F
8
or thisspecific unsupervisedsegmentationpurpose,wepro-

pose$ a completehierarchicalMarkovian approachwhich has
been
�

validatedon a numberof real high resolutionsonarim-
ages.� Theseexperimentsshow thattheproposedmethodallows
to
�

getaccurateandrobustresultsfor awiderangeof noiselevels
and� imagecontents.

The
;

modelingrelieson thejoint useof Ising-typepriorsand
appropriate� non-Gaussianconditional luminancedistributions
(a
D

Gaussianlikelihoodin shadow areas,but a Rayleighlikeli-
hood
B

in sea-bottomareas).Basedon thesetwo ingredients,the
approach� is composedof two parts.The first part consistsin
a� nonhierarchicalestimationof all modelparametersusingthe
fle
�

xible ICE technique.Basedon limited sampling,it allows
to
�

estimatethe parametersof the two different datadistribu-
tions
�

with maximumlikelihoodtechniques,andto recover the
dif
"

ferentparametersof theanisotropicprior with least-squares
techniques.
�

Theversatilityof ICEwouldallow todealwith other
types
�

of distributionsif required.In particular, Weibull distribu-
tion
�

(which Rayleighlaw is a specialinstanceof) canalsobe
usede to modelthesea-bottomreverberation.

The
;

initialization of the iterative parameterestimation
scheme� is providedby a simpleclusteringtechniquebasedon
luminance
'

distribution in small windows. Although conver-
gence+ is not theoreticallyestablished,we observed it in all
e� xperiments(on morethanthirty real sonar� images,
and� one image).

<

The
;

secondpart of the approachintroducesa hierarchical
component� to performthe final segmentation.It is basedon a
multi-level prior modelinvolving bothscale-causalinteractions
and� spatialinteractions.Theassociatedparameterizationis de-
rived in aconsistentway from theoneat thefinestlevel, thanks
to
�

a multigrid technique.The ICE procedurepreviously em-
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Fig. 13. (a)–(b)Realsonarimageof pebblysea-floorwith nomanufacturedobject,andassociatedSCMsegmentationand(c)–(d)realsonarimageof sandy sea
floor andridgesof sand,andassociatedSCM segmentation.

plo$ yedis thenextendedtodealsimultaneouslywith thedifferent
le
'

velsof this new prior model.This allows to refine theparam-
eter� estimatesobtainedin thefirstpartof theapproach.Thefinal
se� gmentationis eventuallyobtainedby solvingacoarse-to-fine
cascade� of energy minimizations.

Lik
�

e for otherhierarchicalapproaches,theadvantagesof the
methodaretwofold. Froma modelingpoint of view, this hier-
archical� partof theapproachoffersanappealingability to cap-
ture
�

a# priori characteristics� of the underlyinglabelingprocess
within% a rangeof different scales.From an algorithmic point
of� view, contextual information is propagatedin a more effi-
cient� way. But basedon our experiments,the proposedSCM
approach� seemsto performbetter, for sonarimagesegmenta-
tion,
�

thanotherstandardhierarchicaltechniques.Whereastree-
based,
�

multiresolution,andmultigrid segmentationtechniques
remainplaguedby a significantnumberof falsealarms(wrong
shado� w detections),SCMtechniqueexhibitsagoodrobustness
ag� ainstspecklenoise(mostfalsealarmsareeliminated)while
preserving$ theborderof shadows.

The
;

completetwofold methodthusallows anautomaticand
robustextractionof shadowsfromalargevarietyof highresolu-
tion
�

sonarimageswith strongspecklenoise.Providedsegmen-
tations
�

canthenbe usedfor further treatments.We especially
in
<

vestigatea refined segmentationinto threeclasses(shadow� ,�
sea-bottom� reverberation,andec� ho),

�
andthestatisticalidentifi-

cation� of objectslying on sea-floorbasedon theshapeof their
e� xtractedcastshadow [38].
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