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This paperproposesan original methodfor the classificationof seafloorsrom
high resolutionsidescarsonarimages We aim at classifyingthe sonarimagesinto
five kindsof regions:sand pebblesrocks,ripples,anddunesTheproposednethod
adoptsa patternrecognitionapproactbasedntheextractionandtheanalysisof the
castshadaevs exhibitedby eachseabottontype. This methodconsistof threestages
of processingrirst,theoriginalimageis segmentednto twokindsof regions:shadav
(correspondingo alack of acoustiaeverberatiorbehindeach*object” lying onthe
seabedandseabottormeverberationSecondbasedntheextractedshadavs, shape
parameterectorsarecomputecbn subimagesndclassifiedwith afuzzy classifier
This preliminary classificationis finally refinedthanksto a Markov randomfield
modelwhichallowsto incorporatespatialhomogeneitypropertiesonewould expect
for thefinal classificatiormap.Experiment®navarietyof realhigh-resolutiorsonar
imagesarereported. © 2000AcademicPress

KeyWords: high-resolutiorsidescaisonarseabedlassificationacousticshadov;
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1. INTRODUCTION

High-resolutionsidescansonarplays an importantrole in undervater sensing,for it
providesacoustic'images”of theseabedvhosequality is muchhigherthanthatof images

1 The authorsthank GESMA (“Grouped’ EtudeSous-Marinade'Atlantique.” Brest,France)for having pro-
vidednumerousealsonampicturesandDGA (“Direction Géréraledel’Armement; FrenchMinistry of Defense)
for financialsupportof thiswork via studentgrant.
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suppliedby opticalmeang13]. Oneof the applicationsof sidescarsonaris the automatic
sggmentatiorandclassificatiorof theseabottoml hesegmentatiorof seafloosonaimages
aimsto partition the acousticimageinto homogeneousegions with respectto certain
physicalpropertiesor geologicalcharacteristicsThe goal of the classificationtaskis to

assignthesedifferentgeoacousticegionsto seafloortypesassand pebblesrocks,ripples
(or ridges),dunesegtc.

Over the last decadeswith significantadvancesin mappingtechniquesand their in-
creasinguse the classificatiorof seafloobasedn sidescarsonarimageryhasbecomean
importantresearchopicfor marinegeophysicistdt playsanimportantrolein understand-
ing theunderse@rvironment,andit is of greatinterestin awide rangeof bothmilitary and
civilian applications,ncluding geologicalsurwey (cartographyof seafloorsgeophysical
exploration,etc.),ocearengineerinquseof autonomousindervatervehicles suneillance
of pipelinesandcables.etc.), military surwillanceandsimulations,or the detectionand
classificatiorof manufcturedobjectslying on seafloorg16].

A generalprocedurdor seafloorclassificationconsistsof the following steps:(1) data
acquisition;(2) possiblepreprocessinge.g., geometriccorrection,reductionof the sig-
nal dynamics,contrastcorrection,noisefiltering; (3) featureextraction over small two-
dimensionabreaqcalledsubimage®r windows in the following) within theimage—this
stepaimsatreducingheinformationcontainedn eachsubimageo arelevantfeaturevector;
(4) selectionof asupervisear unsupervisedlassificatiortechniqgueand(5) classification
of eachsubimage.

For the featureextraction step,a commonlyusedapproachconsistsn working on the
“texture” of seafloorsonarimages.Onecanuseeithertheraw inputimage,i.e., the gray
levelsthemseles[5, 23], or somerelevanttexturalmeasureto beextractedromtheimage,
suchasthe graylevel cooccurrencenatriceg22, 28], the graylevel runlengthdifference
[21], the autorgressve 1D or 2D parameter$8, 25], spectralestimateq21, 26], fractal
measureg6], or somewavelet coeficients [9]. Neverthelessjn mary casesthe input
sonarimageis strongly corruptedby specklenoise[13]. This correlatednoiseis dueto
therandominterferenceof theacoustiovaves scatteredy the microstructureof theobject
surfaceswithin oneresolutioncell andalsoto the signalbroughtby the minor lobesof the
acousticantennaDependingon the propertieof this noise,aswell ason the conditionsof
acquisition(e.g.,grazingangle)andthe characteristicef the sonar(e.g.,sonargain) [20],
imagedor thesameypeof seaflooicanexhibit agreatdealof variability. Asaconsequence,
thetextural cuescomputeddirectly on suchgray-level imagesarealsolikely to vary alot,
althoughauniquetypeof seafloois connsideredr hislackof consisteng betweerdifferent
sonarimagedfor a giventype of seaflooiis a critical issuefor the classificatiortechniques
whosefeatureextractionmoduleworksdirectly on gray-level images.

Insteadbf directlyusingtheinputimage,i.e.,thegraylevelsthemseles,or sometextural
featuregderived from them,we proposeanalternateapproachwhereacousticshadavs are
first extracted(by the techniqueintroducedin [15]). A patternrecognitionmethodology
is thenappliedto theresultingshadev contours.The underlyingrationaleis thatthe mor-
phologicalelementghat composeeachtype of seafloor(suchasdunesripples,pebbles,
or rocks)canbe identifiedin a robustandreliableway by simply looking at the shapeof
associatedastshadavs.

Letusrecallthatin theemissiorstagetheantennaf thesidescarsonargeneratelighly
directionalacoustiovaves in the directionorthogonalo the sonardisplacementor each
impulse,reverberatedsignalsare collectedalongwith the time they took to get back,in
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FIG. 1. Formationof acousticshadevs in sidescarsonarimagery

a receptionstage.The amplitudeof this signalasa function of time is thenprocessedo
provide one pixel line of the final sonarimage.No acousticsignalis reverberatedrom
behind“objects” lying on the floor, thusresultingin “acousticshadevs” in sonarimages
(seeFig. 1).

For theclassificatiorstep,differentkinds of methodshave beenconsideredn thelitera-
ture.A first classof approachesesortgo standardstatisticatechniqguesuchasmaximum
likelihood (ML) classifiers[8] or maximuma posteriori(MAP) classifiers. An inherent
dravbackof suchstatisticalapproachess thatit is usuallyassumedhatthe form of the
probabilitydistribution associatetb eachclassis knovn andthatits parametersanbeac-
curatelyestimatedThis meanghattheperformancesf suchtechniqueslependenbnhow
well theselectedtatisticamodelsaresuitablefor describinghedataandhow muchdataare
availablefor learningstep.In addition,estimatednodelsarelik ely to be sonardependent,
which we would lik e to avoid.

In contrasto theseapproacheshe K-meangechnique$3] areunsupervisedanddo not
requireary parametrianodelingof thedata.Neverthelesshe K-meansapproaclassumes,
oftenwrongly, the presenc®f sphericaklustersof identicalvolumeandlow inertiain the
featurespace.

Neuralclassifiershave alsobeenconsideredl, 2, 5, 14, 21, 25, 26, 28]. In that case,
onedoesnot make useof muchparametrigrior knowvledge.This providesa greatdealof
flexibility, but usuallyresultsin the needfor a heavy learningprocessvherethe learning
setmustbe devisedwith greatcare.

A quiteflexible framavork for combiningvariousdegreesof a priori knowledge,while
keepingthe parameteidentificationreasonableis offered by fuzzy classificationtech-
niquesin this paperwe introducesuchafuzzy classificatiortechniqgueWe shallseethatit
allowsusto capturan asimpleyetefficientway thehigh-level a priori knowledgewe have
ontheshapeof acousticshadavs within differenttypesof seafloorsAnotherappealingea-
tureof theapproacheliesin its capabilityof handlingmixturesof classesThisis important
in dealingwith subimagesvhich arelikely notto exhibit only a uniquetype of seafloor

Themaindravbackof thevariousclassificationsechniquesve havejustevokedremains
thelackof explicit relationshigbetweeradjacentegions(or subimages)n orderto obtaina
moreaccuratesegmentatiormap,spatialrelationshipshouldbetakeninto accountTo this
end,we usea Markov randomfield (MRF) modelwhich allows usto specifyandhandlein
aflexible way thespatialdependencielsetweeradjacensubimaged®y meanof asuitable
a priori probabilitydistribution [4].

In this paperwe thusaddresghe problemof seafloorclassificationin high-resolution
sidescarsonarimagery by combininga tailor-madefuzzy classifierworking on shadev
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1. Unsupervised Markovian
two-class segmentation [15,17]
(acoustic shadow vs. reverberation)
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3. Window-based fuzzy
classification (Section 3)
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4. Markovian segmentation (Section 4)

FIG. 2. Overview of theseabedlassificatiorscheme.

shapesanda Markovian segmentationmodel. The proposednethodinvolvesfour steps:
(1) unsupervisedwo-classsegmentationshadev andreverberatiorareas){2) featureex-
traction;(3) fuzzy preclassification(4) Markovian sggmentationTheblockdiagramof this
systemis showvn in Fig. 2. Theorganizationof the paperfollows this chainstructure steps
2, 3, and4 and4 arerespectrely describedn Sections2, 3, and4. Experimentakesults
arereportedanddiscussedn Section5, beforewe concludeandpresenfurtherresearch
directionsin Section6.

2. FEATURE EXTRACTION STEP

The featureextraction stepwe considerdoesnot directly handlethe gray-level sonar
images(or sometextural featuresdeducedrom local gray-level distributions).Instead it
reliesonapreliminarytwo-classsegmentatiorof thesonaimagesnto “acousticshadevs”
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ontheonehandand“reverberation’onthe otherhand.To this end,we usethehierarchical
Markovian sggmentatiortechniquethatwe introducedn [15, 17].

This Bayesiarsggmentatiormethodcombinesa twofold datamodel(Gaussiardistribu-
tion for theluminancein shadev regions,whereaghe luminancedistribution in reverber
ationzoness modeledwith a Weibull law) with anoriginal hierarchicalMarkovian prior.
Thisprior, like standardVarkovian priors,enable®neto introducespatialcoherencén the
sgmentatiorprocessin our case however, this coherenceéakesplaceat various“scales,
which hasbeenexperimentallydemonstratetb provide improved resultsat lower cost(as
comparedsay to the standardspatialPottsmodel). Also, this segmentationschemehas
beenmmadetotally unsupervisetly devising efficienttoolsfor theestimatiorof theinvolved
parametersMore specifically a so-callediteratedconditionalestimation(ICE) technique
[18] hasbeendevisedfor this model. This is aniteratve methodwhich, at eachstep,av-
eragegarameteestimatesomputedon segmentationsamplesdravn from the posterior
distribution associatetb the previousparametefit. In our casetheleast-squaresstimator
of DerinandElliott [10] is usedfor the estimationof prior parametersyhereasmaximum
likelihoodestimatorsarederived for theparametersf thelawsinvolvedin thedatamodel.
This iterative procedures initialized thanksto a preliminary K-meansclusteringof local
gray-level statistics.The goodperformance®f this unsupervisednethodfor segmenting
high-resolutiorsonarimagesnto two classefiasbeenthoroughlyassessedn a variety of
realimagesAn exampleof this hierarchicatwo-classsegmentatioris providedin Figs.7a
and7hb. See[15, 17] for acompleteaccountof the method.

The sggmentationobtainedby this techniques thenhigh-pasdiltered andbinarizedin
orderto extractthe boundaryof eachdetectedcastshadav. The resultingedgeimageis
partitionedinto smallwindows (e.g.,Fig. 7c) from which featurevectorsareextracted.The
aim of this featureextractionprocesss to get parsimoniousandhopefully discriminant,
information aboutthe acousticshadavs associatedo the different sea-floortypes. The
differentcuesthatmake up eachof the featurevectorshave to be devisedcarefully, based
onones*“expertise’with theconcerne@pplication They mightbeof quitedifferentnatures
(geometricalspectral statisticaletc.),but thereshouldbe only alimited numberof them.

In our application,we have to distinguishbetweenthe castshadaevs of ripples, those
of dunes(which areelongatecandroughly parallel),thoseof pebblesandthoseof rocks
(which are the mostirregular, both in termsof shapeand orientation).To this end, we
first considerthreedifferentparametersvhich are computedfor eachindividual shadev
boundaryThey arecompactnesslongationandorientation.Basedonthem,moreglobal
cueswill thenbedefinedwithin eachof thesub-imageso be classified Beforewe cometo
thisissuewefirst defineeachof thethreeindividual parameterfor someshadev boundary
(i.e.,closedcurve)I:

o Compactnesd hisis adimensionlesgeometricafeaturethataccountgor thedegree
of compleity of thedelimitedregion. It is definedas

. 47TAI‘

= e @)

where|l"| and Ar standrespectiely for thelengthof the boundaryandfor the areaof the
region delimitedby thisboundaryThis parameteis equalto 1 whentheshadav is exactly
acircle andit getscloseto 0 as the shadev getsmoreandmorecomple, or simply more
andmoreelongated.
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e Elongation.The elongationmentionedin previousitem is specificallymeasuredy
theratio of thetwo inertiamomentsof theboundaryof concernMore preciselylet usfirst
definetheinertiamatrix of theboundaryl” as

C = (Cxx ny)’ (2
Cxy Cyy
with

1
Cxx = ﬁ Z(Xs — XG)Z,

sel’

Cyy = % > (¥s — Yo)2. (3)

sel’

Cxy = % Z(Xs - XG)(yS - yG)v

sel’

wherethe summationsaretaken over the |T"| pixels of coordinategXxs, ys) thatconstitute
I, and

_ > ser Xs _ > ser Ys
(XG =T T

standdor theinertiacenter Thetwo eigervaluesof this matrix,

2 ’

correspondo the inertia along the maximuminertia axis (principal axis) and along the
minimuminertiaaxis,respectrely. Theelongations definedasthesquareaoot of theratio
of thelargereigervalueto the otherone:

Cxx + Cyy + \/(Cxx — Cyy)? + 4C>2<y

= 4

o Orientation.We measurehe overall orientationof the contourasthe anglebetween
thedirectionof its principal axis andthe x-axis. The slopeof the principal axis of inertia
beingreadilyobtainedas

Cyy — Cxx + \/(cxx — Cyy)? + 4¢3,
2Cyy

’

theorientationis definedas

Cyy — Cxx + \/ (Cxx — Cyy)? + 43,
2Cyy

()

o = arcta
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If thewindow underconcerrexhibits M differentshadevswith boundarie$’;,i =1, ...,
M, we thusendup with M parametetriples (C;, &, ;)i —=1....m. Theseindividual shape
parametershenhave to be combinedinto newv parametersvhosevaluesshouldallow the
type of sea-floompresentor mainly present)n the window to be inferred.Looking for a
compromisebetweenthe parsimoty of the resultingrepresentatiomndthe knowledgeof
sonarexpertswith whomwe wereworking, we cameup with four windowwiseparameters
definedasfollows.

1. Themeancompactness

1 M
Crmoy = 37 > G (6)
i=1
2. Thedirectivity
1 M
of = M D (i — @), (7)
i=1
1 M
with & = ™ > ai, (8)
i=1

is the empiricalorientationvariancein the window. It will allow us to assessvhetherthe
shadaevs within thiswindow exhibit somesortof privilegeddirection.
3. Themaximalelongation

gmax = iemax si . (9)
4. Thelengthof thelongestshapeboundaryin thewindow

|\lmax = ie{TﬁXM} |Fi | (10)

Oncethesefour parameterave beencomputedor thekth subimagethey aregathered
in afeaturevectorx®. The classificationprocesss thenperformedon the resultingsetof
suchfour-dimensionafeaturevectors.

3. FUZZY CLASSIFICATION

We now have to definea classifieronthepreviously introducedour-dimensionafeature
spaceThecharacteristicef the classificatiorproblemunderconcernarethefollowing:

e Thefour featurego beusedareof differentnatures.

e Ourpriorknowledgeonhow eachof theseshadav-basedeatureshouldoehaewithin
eachof the classeof interestis ratherqualitatve: no preciseparametricprior, whether
statisticalor not, is available.Instead aswe shall see the prior knowledgeis a collection
of qualitatve statementsf thetype “this pieceof seaflooris likely to includesandripples
becaudhe detecteccastshadavs arestretchedandexhibit someprivilegedorientation.
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e Theboundariebetweerthedifferentclassesn thefeaturespacecannotbe definedin
aclearcutway for two reasonsOnereasons relatedto the factthatthe differentfeatures
arecomputedover windows which might cover differentseafloortypesat the sametime,
resultingin a mixture of classesThe secondeasonlies within the definitionitself of the
classificatiomomenclatureThedemarcatiometweeripebbles’and“rocks; for instance,
isimprecise.

In view of theseelementswe think thatfuzzy settheory[27] offersthemostappropriate
tools for devising a classifierindependenbf the type of sonar This framewnork actually
allows oneto easilycombineimprecisepriors on classificationswith “fuzzy” boundaries
within classifiersthat are easyto train. To reachsuchgoals,this framevork seemso us
moreappropriatéhanstatisticalmethodgwhich requiremoreformal priorsandoftenlead
to difficult parameteestimationproblems),than K-meansclustering(whoseunderlying
prior is not flexible enoughto fit our problem),and than neural classifiers(with which
we experimentecearlierin the samecontet [24] andwhosespecificatiorandtrainingare
difficult for our problem).

Wenow definethefuzzyclassifiewe havedevised .Recallthatthedatato beclassifiechre
four-componenteaturevectorscomputedon a partition of theimageplaneinto windows.
If the kth window containsno detectedcastshadavs, it is assignedight away to the
“sand”classlf thiswindow containsatleastonedetectedicousticshadav, afeaturevector
XK= (0k, X . CK,. NK ) is computed as explainedin the previous section.We then
want to assignthis vectorto one of the four following classesripples (label w;), dunes
(labelw,), pebbleglabelws), androcks(labelw,). Thisassignmenis donein afuzzy way
viamembeshipdegreesyu; (x¥) € [0, 1],i =1, ..., 4. Thenumberu; (x) shouldcapturethe
strengthof our belief that the seafloorwithin a window with featurevector x is mainly
of type wi. The extremevalue 1 (x) =1 (resp.ui (X) = 0) indicatesthat oneis surethat
seafloorw; is presen{resp.not presentjn this window.

A corvenientway to definethesemembershigunctionsconsistsin looking first how
membershilegreescanbeassignedasedn only oneof thefour featureparametersiVe
thus have to definecomponentwisenembership}legreesui,1(03), i 2(Emax)s 1i,3(Cmay),
andui 4(Nmax). They arethencombinedby the minimumoperatof27]:

Viefl, ... 4, ¥x= (0—(39 &maxs Cmoy» Nmax)

: (12)
wi(X) = mm{Mi,l(%?), 14i.2(Emax). Mi,B(Cmoy), Mi,4(NmaX)}-
As usualin fuzzy classificatiorframework, the definition of our individual membership
functionsy; ; makesuseof shiftedexponentialfunctionswhich aretruncatecat 1. Let

$z,v(x) = min{1, exp[z(x — v)]}, (12)
Yr,v(X) = min{1, exp[z (v — x)]}, (13)

wheret andv aretwo positve parametersNote that v, , is the symmetricof ¢, , with
respecto x = v axis, whereasy, o, which we shall alsouse,is the symmetricof ¢ ,(X)
with respecto thex = 3 axis(seeFig. 3).

We now review for eachfeaturethe piecesof prior knowledgeonecansimply formulate
abouteachof thefour classes:
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FIG. 3. Plotof thetruncatedexponentiafunctionse, ,, ¥, andy, o (t =1, v=1).

e Contribution of 2. In the caseof ripples(labelw,) or dunesof sand(labelws), cast
shadavs have a privileged orientation,in contrastto pebbles(label w3) or rocks (label
wy), whoseorientationsare equally random.Therefore we definefor parametew? the
membershigunctions

n11(02) = pn21(02) = Yao(a?),
(14)

131(02) = pna1(o?) = ¢an(c?),

wherea andb aretwo positive parameters.

e Contribution of &5« Castshadaevs associatedbo ripples(labelw;) anddunesof sand
(labelw,) exhibit stretchedshapeshy contrastwvith theshadavs castby pebbleglabelws)
or rocks(labelw,). Thereforewe definefor parametekax

Ml,z(gmax) = ¢c,d(§max),
MZ,Z(Smax) = Cbc,e(émax)’ (15)
MS,Z(émax) = M4,2(fmax) = 1ﬁc,d(émax),

wherec, d, ande arethreepositive parametersThe shadavs castby ripplesbeingthinner
thanthoseof thedunespneshouldsetd > e.

e Contribution of Cpnoy. Both ripples(labelw;) anddunes(label w») of sandcastthin
andcomple shadevs, whereaghosegeneratedby pebbleqlabelw3z) androcks(labelw,)
exhibit simplecompactircularlike shapesThereforewe definefor parameteCp,q,

Ml,S(Cmoy) = MZ,B(Cmoy) = 1,”f,O(Cmoy),

(16)
MB,S(Cmoy) = M4,3(Cmoy) = ¢f,g(cmoy),

where f andg arepositive parameters.
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e Contribution of Nmax. The size of the shadavs castby ripples(label wi) anddunes
(labelw,) mayvary dramaticallyfrom onewindow to anotherFor thatreasonwe setthat
the membershiplegreesfor thesetwo classesasindependenof the Nimax parameterfFor
the two otherclassesit is a discriminatingparametesincerock (label w,) shadevs are
largerthanthe onescreatedby pebbleqlabelws). We definefor the parameteiNmax

M1,4(Nmax) = M2,4(Nmax) =1
M3,4(Nmax) = 1/fh,i (Nmax) (17)
M4,4(Nmax) =1—Yni (Nmax),

whereh andi aretwo positive parameters.

For eachfeatureparameterwe plot in Fig. 4 the four associatednembershigunctions
(with the parameteraluesusedin the experimentsseeSection5). As canbereadilyseen
from theseplots, the “ripples” and“dunes” classesarerathersimilar, beingdiscriminated
from eachotheronly via theelongatiorparameteé.x. Similarly, to “rocks” and“pebbles”
classesarevery muchalike, apartfrom the point of view of the Na« SizeparameterThe
combinationof all componentwisenembershigunctionsvia (11) will hopefullydiscrimi-
nateeachclassfrom the others.A qualitative descriptionof how this fuzzy discrimination
processshouldwork is obtainedby establishingthe output of the classifier(which as-

.....
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TABLE 1
Sketchy Output of the Fuzzy Classifierfor a “Qualitati ve’ Quantization of the Rangeof
the Fours ParameterSai, Crmoys Nmax, and Emax (L =“Low,” ML =“Medium-Low,” M =
“Medium,” MM =“Medium-Medium,” MH = “Medium-High, ” and H ="“High”)

02 Emax Cmoy Nmax Class 02 Emax Cmoy Nmax Class 02 Emax Cmy Nmax Class
L L L L Pe M L L L Pe H L L L Pe
L L L H Ro M L L H Ro H L L H Ro
L L M L Pe M L M L Pe H L M L Pe
L L M H Ro M L M H Ro H L M H Ro
L L H L Pe M L H L Pe H L H L Pe
L L H H Ro M L H H Ro H L H H Ro
L ML L L Pe M ML L L Pe H ML L L Pe
L ML L H Ro M ML L H Ro H ML L H Ro
L ML M L Pe M ML M L Pe H ML M L Pe
L ML M H Ro M ML M H Ro H ML M H Ro
L ML H L Pe M ML H L Pe H ML H L Pe
L ML H L Ro M ML H H Ro H ML H H Ro
L MM L L Du M MM L L Du H MM L L Pe
L MM L H Du M MM L H Du H MM L H Ro
L MM M L Du M MM M L Du H MM M L Pe
L MM M H Du M MM M H Du H MM M H Ro
L MM H L Pe M MM H L Pe H MM H L Pe
L MM H H Ro M MM H H Ro H MM H H Ro
L MH L L Ri M MH L L Ri H MH L L Pe
L MH L H Ri M MH L H Ri H MH L H Ro
L MH M L Ri M MH M L Ri H MH M L Pe
L MH M H Ri M MH M H Ri H MH M H Ro
L MH H L Pe M MH H L Pe H MH H L Pe
L MH H H Ro M MH H H Ro H MH H H Ro
L H L L Ri M H L L Ri H H L L Ri
L H L H Ri M H L H Ri H H L H Ri
L H M L Ri M H M L Ri H H M L Ri
L H M H Ri M H M H Ri H H M H Ri
L H H L Pe M H H L Pe H H H L Pe
L H H H Ro M H H H Ro H H H H Ro

discretizatiorof thefeaturespaceTherangeof variationof 0,2, Crey, andNmax beingsplit
into threeparts(“low” (L), “medium” (M), and“high” (H)), andthat of &nax beingsplit
intofiveparts(“low” (L), “medium-lon” (ML), “medium-medium’{MM), “medium-high”
(MH), and“high” (H)), the classificatiorresultassociatedo eachcell of this partition of
thefeaturespacds indicatedin Table1.?

Thefuzzy classifierwe endup with impliesnine parametersa, b, c, d, e, f, g, h, andi.
It might seemat first sightthatthe tuning of somary parametershouldbe anintricate,if
possibletask.It turnsoutthey canbeeasilycalibratedasfollows:

e In both¢, , andy, , functions,parametew is of the samenatureasthe concerned
variablex. Theparametersf thistype,whichareb, d, e, g, andi, aresomesortsof thresh-
olds which canbe heuristicallytunedbasedon our prior knowledgeof the classification

2We thankthe anorymousrefereewho establishedhis table.
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S

Jcoarser level of classification

” finer level of classification

FIG. 5. Themultiscaleclassificatiorstrateyy.

problem.SeeSection5 for the valueswe selectedor eachof thesefive parametersjsing
simpleconsiderationsn expectedfeatureswithin eachclass.

e Inboth¢, , andy , functions,r is aparametewith nophysicalmeaningvhichtunes
the slopeof the exponentialpartsof the functions.Whenbothfunctions¢, , andy, o are
usedin conjunctionas membershiplegreesof two competingfuzzy sets,they intercept
eachotherat x = 3, with a commonmembershipdegreeof exp{—%-}. To preventthem
from overlappingtoo much,oneshouldkeepthis valuerathersmall. A goodrule of thumb
is, if v is alreadyselectedto fix T = v=1. Thisconcerngheparametera and f . Asfor the
remainingparametergnamelyc andh) we noticedexperimentallythatthey canbetuned
impreciselywithout muchimpacton the performancesprovided that they correspondo
sufficiently steepslopes.

Onehasalsoto find a good compromisefor the size of the subimagesnvolvedin the
computationof featurevectorsxX. On the one hand, small windows would resultinto
fine resolutionclassificationsOn the otherhand,shadev-basedeaturesaremorereliably
computedon larger windows. Besides,too small windows do not allow to accountfor
large castshadavs suchasthosecastby large dunesof sand(seeexamplein Fig. 9). To
circumwent this difficulty, we devised a multiscaleclassificationprocesswvorking on two
differentsizesof windows. For largerwindows, which arefirst consideredwe only look at
theregionsdetectechsdunesby thefuzzy classifier Thisinformationis thenpassedo the
finer windows (by duplication),andthefuzzy classifieris only run on remainingwindows
(cf. Fig. 5).

4. SEGMENTATION STEP

In orderto obtaina moreaccurateclassification contectual information(i.e., the rela-
tionshipbetweerfeaturescomputedon adjacensubimageshasto betakeninto account.
To thisend,we resortto Markov randomfield models[4] which allow the specificatiorof
suchspatialdependencieby meansof a properprobability distribution on the segmenta-
tion configurationset.More precisely this Markovian framework allows usto combinea
simplespatialstatisticalprior (abouttheregularity of theclassificatiormap)with thefuzzy
classifiepreviously defined Notethatsuchacombinatiorof fuzzy classificatiorwith MRF
formalismhasbeenproposedn adifferentway (andin thedifferentcontext of radarimage
segmentation)py SalzensteirmndPieczynski19].
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The useof Markovian formalismrequiresseeingthe unknavn classlabelsasrandom
variableswith valuesin discretestatespaceA = {w1, wy, ws, wa}. LetY ={Ys, s€ S} be
theresultinglabelfield, whereY;s is thelabelrandomvariableassociatetb window s, andS
standdor thewindow lattice.A configuratiorof thelabelfield is denotedasy = {ys, s€ S},
andthe setof all possibleconfigurationss Q = S*.

For eachwindow, a label hasalreadybeenprovided by the fuzzy classierdescribedn
previoussection.Let y0 € A bethelabelthusassignedo window s. Let zs € [0, 1] bethe
correspondingnembershiplegree;j.e. ,if sisthekthwindow, thenzs = maxic(1.... 4 1 (x).
We thushave two setsof “obsenations; y° = {y?, se S} andz={z;, s€ S}.

In thisprobabilisticframevork, we now have to define(andto compute}he“best” classi-
ficationconfiguratiory given y° andz. They arevariouswaysto definethisconfigurationA
simpleandpopularway consistan definingit asthe mostprobableconfiguratiorknowing
theobsenations.This so-calledmaximuma posteriori(MAP) inferenceis thusdefinedas

§ = agmaxP(Y =y y°, 2), (18)
ye

wherethe posteriordistribution P(Y =y | y°, z) hasfirst to be specified UnderMarkovian
assumptionghis distribution on a hugenumberof variatesfactorizesnto “small pieces”;
i.e.,it amountgo aproductof functionsthatonly dependnafew “neighboring’variatesat
atime. Equivalently we wantto specifya so-calledGibbsdistribution P(-) oc exp{—U (-)}

whoseenegyfunctionU splitsinto asumof localinteractionpotentialsvhichdependna
few “neighboring’randomvariablesatatime. Suchadistribution will be simpleto specify
(via the definition of the local potentials)and easyto useon a local basisthanksto the
conditionalindependenciethatderie from its factorization.

Our goalin devising the enegy associatedo P(Y | y°, z) is twofold. We first wantthe
MAP estimatey to becloseto thepreliminaryfuzzy classificationy®. At thesametime we
would like ¥ to exhibit regionsthatarenot too smallandhave rathersmoothboundaries.
This goalis hopefullyachieved by defining

Uy 2) = z[1-8(ys. ¥9)] +8 D _[1—8(ys W, (19)
seS J (s,t) B
Us(y:y0.2) Ua(y)

whereé standdor the Kronecler deltafunction, 8 is a positve parametewhich tunesthe
relative importanceof eachof thetwo enegy termsU; andU,, andthesecondsumis taken
over all pairsof neighboringvindows for thesecond-ordeneighborhoodystenongrid S
(seeFig. 6).

Thefirsttermof enepgy, U,, favorsall themoretheidentity betweerary labelys andthe
correspondinfuzzylabely? whentheconfidencevithin thisfuzzylabel(measureéh terms
of membershiplegree)is high. Theseconderm,U-, correspond® theso-called?ottsprior

FIG. 6. Differenttypesof pairsof neighboringolocksfor the second-ordeneighborhoodystemonwindow
grid S.
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model,whichis extensvely usedin MRF-basedsegmentatiortechniquesilt favorsall the
morea segmentationwhenthe total lengthof interclassboundarieghatthe segmentation
contaings small. As a consequencet, discouragesegmentationsvith isolatedlabelsand
thosewith comple frontiersbetweerregions.

Setting P(Y =y | y°, 2) o« exp{—U(y; ¥°, 2)} with somegiven parameters, the MAP
inferencethenamountgo®

y=amgmind_z[1-5(ys,¥3)] + 5 [1- 80y . (20)

seS (s,t)

This global minimization problemis extremely difficult sinceit is setin a hugediscrete
set.It could be handledwith a stochastidterative algorithm (simulatedannealing)ased
on the samplingof the distribution proportionalto exp{—U (y; y°, )/ T}, with T beinga
decreasingtemperature’parametefl2]. For computatiortimereasonsyepreferredouse
adeterministicounterparknowvnastheiteratecconditionaimode(ICM) algorithm[4]. This
algorithm,whichis composeaf asuccessionf componentwiseninimizations corverges
to a local minimum which dependson the initialization. As an initial configuration,we
chosethefuzzy classificationy? itself, thatis the minimizerof Us.

A lastissueconcernshetuningof parameteg. Asdemonstrateoh [11], theprecisevalue
of thisparametedoesnotmatteralot: within certainrange®f variation differentvaluesof g
yieldthesaméanferenceesults Onethusmerelyfacesaproblemof calibrationratherthana
problemof preciseestimationln this study we choseto performthis calibrationmanually
Note, however, that preciseestimationmethodscan be devised, suchasthosebasedon
expectation-maximizatio(EM) technique$7] or oniteratedconditionalexpectationICE)
technique$15, 18].

5. EXPERIMENT AL RESULTS

To validateour methodfor automaticsea-floorclassificationywe have carriedout experi-
mentswith numerousmagedeliveredby differenthigh-resolutiorsidescasonarsystems.
Thosepresentedh thissectionareonly afew examples Sonarimageresentedh Figs.7—
11 are provided by a military sidescarsonar namelythe DUBM41, whosefrequeng is
around500KHz. We have no technicalprecisionaboutthe sidescarsonarwhich haspro-
videdthesea-flooimagegresentedh Figs.12and13. Notethatall theseamagesarequite
large,coveringfrom oneto severalthousandsf squarenetersandthatthey correspondo a
varietyof seafloorsandof acquisitionconditions.They thusshouldallow afair assessment
of the performancesf thetechniqueandof its robustnessvith respecto thetuningof the
parameters.

For all the resultsreported,we considerwindows of 64 x 64 pixels for the fine clas-
sification. A smallersize of window would leadto finer grain sggmentationsput at the

3 Onecouldlegitimatelywonderabouttheusefulnessaswell asthestatisticarelevance of adistributionwhich
ischoserin asomevhatadhocway andis only usedo settheinferenceproblemasaglobalminimizationproblem.
Onecanindeedgetrid of the statisticalaspectandsimply settheinferenceproblemasthe global minimization
of anad hoc objective function which splits corvenientlyinto local terms.We neverthelesslecidedto stick to
the (apparentlysuperfluousMarkovian interpretation for it constitutesn our opinion a rich basisfor further
statisticaltreatmentsincluding the estimationof parametersvith EM or ICE techniquegasevoked atthe endof
this section.
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(c)

FIG. 7. (a) realsidescarimageof a seabedvith sandand dunes;(b) hierarchicaltwo-classsegmentation
(shadav vs reverberation)obtainedby the methodintroducedin [15, 17]; (c) contoursof the castshadevs ext-
ractedatthefinestlevel; (d) windowwise classificatiorobtainedwith thecompletemethoddescribedn the paper
(emptywindows standfor “sand; andwindows markedwith parallellinesstandfor “dunes”).

risk of loosing robustnessat the fuzzy classificationlevel. Besidesfor cartographythe
obtained accurag level is sufficient, as (64 x 64)-pixel windows amount approxi-
matelyto (6 x 6)-m areas.For the two-level classificationstratgy describedat the end
of Section3, we first used128x 128 windows to computethe preliminary coarsegrain
classification.

Basedon the discussionon parameteicalibrationin Section3, the parameter®f the
fuzzy classifierweretunedasfollows. Expectingthat shadaevs of ripplesanddunewould
stick closeto their privilegedorientationwe choseb = 0.1. We thenseta=b~! = 10. The
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s

FIG. 8. Classificatiorof asidescarsonaimage((24 x 24)-mseaflooarea)ncludingsandemptywindows),
pebblegwindows with smallsquaresnside),androcks(windows with biggersquaresnside).

typicalelongatiorof rippleandduneshadevs have beenvisuallyassessedgadingtod = 7,
ande= 5. Thetypicalcompactnessf rockandpebbleshadevs hasbeenevaluatedyielding
g=0.2.Wethensetf = g~! = 5.Finally, wesetthelengththresholceyondwhichcompact
shadaevs shouldbe assignedo rocksratherthanto pebbleso i = 60. The two remaining
parameters; andh, weresimply setto 1. As for theuniqueparameteof the enegy-based
segmentatiormodel,we choses = 0.2. Thisvaluehasbeenselectecempiricallyafteraset
of experimentson our databasef realsonarimageslt has,in all casesprovided uswith
a satistctoryregularizationof theinitial fuzzy classificationNote thatwith this valuethe
two termsof theenegy areof the sameorder
Figures7—13represenseaflooimagegrovidedby highresolutionsidescarsonarsThe
classificationresultsobtainedwith the methodwe have introducedare superimposean

FIG. 9. Classificationof a sidescarsonarimage((72 x 48)-m seafloorarea)including only dunesof sand
(windows markedwith two parallelsegments).
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FIG. 10. Classificatiorof a sidescarsonarimage((72 x 48)-mseafloorarea)includingonly ripplesof sand
(windows markedwith onesegmentof line).

theseimagesusingthe following code:an emptywindow standsfor the “sand” class,a
window with asmallsquaransidestanddor the“pebbles’class abiggersquarestandgor
the“rocks” class,a straightline standdor the“ripples” class,andtwo parallellines stand
for the“dunes” class.Someof thesesonarimagesexhibit only onetype of sea-floor(asin
Figs.9 and10),whereasheotherscombinesereraltypesof sea-bedWthoutchangingthe
valuesof the parametes we got goodresultson all theseimages asassessely the sonar
expertswith whomwe areworking.

In the resultsin Fig. 9, somenice featuresof the methodare highlighted. The combi-
nationof versatilefuzzy classifiers Markovian regularization,and two-level hierarchical
classificatiorallows the procedureo correctlyclassifyall windows as“dunes”despitethe

FIG. 11. Classificatiorof asidescasonatimage((72 x 48)-mseaflooarea)jncludingsandemptywindows)
andpebblegwindows with smallsquaresnside).
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FIG. 12. Classificatiorof asidescaisonatimage((42 x 54)-mseaflooareajncludingsandemptywindows),
rocks(windows with squaresnside),anddunegwindows markedwith parallelline sgments).

dramaticvariability of the shadaevs (in both shapeandsize)castby the dunespresentin
this image.As concernsnore particularly the multiwindow aspectsomeof the 64 x 64
windows containeitheronly shadavs or only sandIn bothcasesif largerwindows hadnot
beenusedin afirst stagethese64 x 64 windows would have beenlabeledasof the“sand”
class for they do not exhibit any shadaev contours.

A look at Fig. 13 further demonstrateshe impact of the Markovian a priori model
describedin Section4. In the classificationobtainedwith the fuzzy classifieralone,a
numberof windows are obviously mislabeledin the large rock area(Fig. 13a). These
spuriousclassification@reremoved as a resultof theregularizedsegmentationproviding
amuchmorecorrectextractionof thezoneof rocks.

Despitethe ability of the fuzzy classifierto handlemixed classwindows, there still
remainerrorsattheboundariebetweerzonesof differentseafloorgcf. Fig. 13b,in which
somewindows containinga mixture of rocksandridgesof sandhave beenclassifiedeither
rocksor pebbles) Errorscanalsobe sometimesioticedon the borderof the input sonar
image(cf. Fig. 12) dueto the lack of contextual information.Neverthelessexperimental
resultsdemonstratéhe accurag and efficiengy of sucha contextual fuzzy segmentation
andclassificatiorschemeaswell asits capabilityto dealwith imagesfrom differentsonar
systems.

Thewhole classificationprocedurgakesbetweenl0 and 15 s on a standard43P IBM
(120MHz) Unix workstatiorfor asonatiimageof size768by512pixels(e.g.,Figs.9,10,11).
Thistimedoesotincludethecomputationalimerequiredfor thepreliminaryunsupervised
segmentationinto two classegshadevs andreverberationgreas)vhoseperformancesare
reportedn [15, 17].
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FIG. 13. Classificatiorof a sidescarsonarimage((42 x 78)-mseafloorarea)includingsand ripples,rocks,
andpebblesia) resultobtainedby the fuzzy classifieralone;(b) final resultobtainedby addingthe MRF-based
regularization.

6. CONCLUSION

In this paperwe have presented@noriginal approacto seafloorclassificatiorproblem.
It is basednawindowwiseclassificatiorof castshadavs, which areextractedbeforehand,
using a combinationof fuzzy logic and Markovian modeling. The fuzzy componentof
the techniquecapturesn a flexible way simple knowledgeof the shapeof the shadavs
associatedo eachtypeof seafloorThe Markovian partof thetechniqueconsistdn setting
thefinal classificatiorastheglobalminimizerof anobjective functionwhich combineghe
fuzzy preclassificationith a standardegularizationprior.

Theproposedchemeappearsisanappealinglternatve to classicatexturebasedeural
or statisticalclassificatiorapproachedt offersthefollowing attractve features:

e Thismethoddoesnotwork directlyontheinputsonaimagebut on ashadev detection
map.Thisoriginal characteristiprovidesthe methodwith afirst sourceof robustnessvith
respectto the type of sidescarsonar The appearancef the shadavs castby eachtype
of seaflooris indeedquiteindependentf the precisecharacteristicef the high-resolution
sidescarsonarof concernandof the conditionsof acquisition.
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e Thefuzzy classificationallows usto combinevariousqualitative priors on features
of differentnaturesandto dealwith classesvhoseboundariesn the featurespacearenot
clearly defined(duetheimprecisionin the definitionitself of theseclassesanddueto the
factthatwe oftendealwith mixturesof classes).

e Theenegy-basealassificatiormakesall thewindow-baseuzzy classifiersooperate
with eachotherin anefficientway via simplelocal interactionsThis allows oneto getrid
of isolatedspuriousclassificationsandto get more correctboundariedetweendifferent
typesof seafloor(in thelimit of theresolutionassociatedio the selectedvindow size).

e Althoughnumeroustheinvolved parameterganbe easilytunedwith no needfor a
realandheavy training.Suchanapproximatecalibrationhasproved sufficientto copewith
variousimagesprovided by differenthigh resolutionsidescarsonars.

The methodhasbeenvalidatedon a numberof largeimagesprovided by differenthigh
resolutionsidescarsonarsundervariousconditions andover avarietyof seabedsiVethus
have demonstratethe robustnessandthe practicabilityof the methodsince,with a single
setof parameteralues,we got goodresultson all theseimagesasassesselly the sonar
expertswith whom we are working. Being both robust and fast, this techniqueprovides
aninterestingtool for processingn anautomatiovay massve amountsof high resolution
sonardata.

Thisstudycouldnow beextendedo dealwith alargerclassof sonaimagesTheproposed
techniques indeedspecificallydevisedto classifyhighresolutionsidescarmagesn terms
of a fixed nomenclatureof five classesOne canimaginedifferentnomenclaturesnore
or lessdetailedthanthe onewe introduced,dependingon the aimedapplication,andon
the type of sonarunderconcernRemainingin the caseof high resolutionsidescarsonar
imagespnecouldfor instanceseekdifferenttypesof sandripples.More important,in the
caseof othersonartechniquegwhich we did not considerin this study),suchasmono-
or multibeamechosoundersr hull sonarsthe resolutionand the experimentalcontexts
aresignificantlydifferentfrom thoseof sidescarsonarsThetypesof seafloorthatcanbe
discriminatedrom theimagesobtainedwith thesevarioustechniquesredifferent,andthe
appearancef a giventype of seafloormayvary drasticallyfrom onetechniqueo another
In orderto copewith sucha variety of situations,new versionsof our approachshould
be devised,in termsof classificatiornomenclatureshapeparametersiuzzy membership
functions,and parametewalues.A further stepwould thento make the resultinggeneral
modeladaptitself, asautomaticallyaspossible o thetype of imagesunderconcern.
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