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This
�

paperproposesan original methodfor the classificationof seafloorsfrom
high resolutionsidescansonarimages.We aim at classifyingthesonarimagesinto
fivekindsof regions:sand,pebbles,rocks,ripples,anddunes.Theproposedmethod
adopts� apatternrecognitionapproachbasedontheextractionandtheanalysisof the
cast	 shadowsexhibitedby eachseabottomtype.Thismethodconsistsof threestages
of
 processing.First,theoriginalimageissegmentedintotwokindsof regions:shadow
(corresponding
�

to a lackof acousticreverberationbehindeach“object” lying on the
seabed)� andseabottomreverberation.Second,basedontheextractedshadows,shape
parameter vectorsarecomputedonsubimagesandclassifiedwith a fuzzyclassifier.
This preliminaryclassificationis finally refinedthanksto a Markov randomfield
modelwhichallowsto incorporatespatialhomogeneitypropertiesonewouldexpect
for thefinalclassificationmap.Experimentsonavarietyof realhigh-resolutionsonar
images
�

arereported. c�� 2000AcademicPress
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sidescansonar;seabedclassification;acousticshadow;
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1. INTRODUCTION

High-resolutionsidescansonarplays an important role in underwater sensing,for it
pro� videsacoustic“images”of theseabedwhosequality is muchhigherthanthatof images
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suppliedby opticalmeans[13]. Oneof theapplicationsof sidescansonaris theautomatic
segmentationandclassificationof theseabottom.Thesegmentationof seafloorsonarimages
aims to partition the acousticimage into homogeneousregions with respectto certain
physical� propertiesor geologicalcharacteristics.The goal of the classificationtask is to
assignthesedifferentgeoacousticregionsto seafloortypesassand,pebbles,rocks,ripples
(or ridges),dunes,etc.

Over the last decades,with significantadvancesin mappingtechniquesand their in-
creasing� use,theclassificationof seafloorbasedonsidescansonarimageryhasbecomean
important
�

researchtopicfor marinegeophysicists.It playsanimportantrole in understand-
ing
�

theunderseaenvironment,andit is of greatinterestin awiderangeof bothmilitary and
ci� vilian applications,including geologicalsurvey (cartographyof seafloors,geophysical
e� xploration,etc.),oceanengineering(useof autonomousunderwatervehicles,surveillance
of� pipelinesandcables,etc.),military surveillanceandsimulations,or the detectionand
classification� of manufacturedobjectslying onseafloors[16].

A
�

generalprocedurefor seafloorclassificationconsistsof the following steps:(1) data
acquisition;(2) possiblepreprocessing,e.g.,geometriccorrection,reductionof the sig-
nal dynamics,contrastcorrection,noisefiltering; (3) featureextraction over small two-
dimensional
�

areas(calledsubimagesor windows in thefollowing) within theimage—this
stepaimsatreducingtheinformationcontainedin eachsubimagetoarelevantfeaturevector;
(4) selectionof asupervisedor unsupervisedclassificationtechnique;and(5) classification
of� eachsubimage.

For the featureextractionstep,a commonlyusedapproachconsistsin working on the
“texture” of seafloorsonarimages.Onecanuseeitherthe raw input image,i.e., thegray
le
 

velsthemselves[5, 23],orsomerelevanttexturalmeasurestobeextractedfromtheimage,
suchasthegraylevel cooccurrencematrices[22, 28], thegraylevel run lengthdifference
[21], the autoregressive 1D or 2D parameters[8, 25], spectralestimates[21, 26], fractal
measures! [6], or somewavelet coefficients [9]. Nevertheless,in many cases,the input
sonarimageis stronglycorruptedby specklenoise[13]. This correlatednoiseis dueto
the
"

randominterferenceof theacousticwavesscatteredby themicrostructureof theobject
surfaceswithin oneresolutioncell andalsoto thesignalbroughtby theminor lobesof the
acousticantenna.Dependingonthepropertiesof thisnoise,aswell asontheconditionsof
acquisition(e.g.,grazingangle)andthecharacteristicsof thesonar(e.g.,sonargain)[20],
imagesfor thesametypeof seafloorcanexhibit agreatdealof variability. Asaconsequence,
the
"

textural cuescomputeddirectly on suchgray-level imagesarealsolikely to vary a lot,
althoughauniquetypeof seafloorisconnsidered.Thislackof consistency betweendifferent
sonarimagesfor agiventypeof seaflooris acritical issuefor theclassificationtechniques
whose# featureextractionmoduleworksdirectlyongray-level images.

Instead
$

of directlyusingtheinputimage,i.e.,thegraylevelsthemselves,orsometextural
featuresderived from them,weproposeanalternateapproachwhereacousticshadowsare
first extracted(by the techniqueintroducedin [15]). A patternrecognitionmethodology
is
�

thenappliedto theresultingshadow contours.Theunderlyingrationaleis thatthemor-
phological� elementsthat composeeachtype of seafloor(suchasdunes,ripples,pebbles,
or� rocks)canbe identifiedin a robustandreliableway by simply looking at theshapeof
associatedcastshadows.

Letusrecallthatin theemissionstage,theantennaof thesidescansonargenerateshighly
directional
�

acousticwaves in thedirectionorthogonalto thesonardisplacement.For each
impulse,reverberatedsignalsarecollectedalongwith the time they took to get back,in
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FIG. 1. Formationof acousticshadows in sidescansonarimagery.

a receptionstage.The amplitudeof this signalasa function of time is thenprocessedto
pro� vide onepixel line of the final sonarimage.No acousticsignal is reverberatedfrom
behind
&

“objects” lying on thefloor, thusresultingin “acousticshadows” in sonarimages
(seeFig. 1).

For theclassificationstep,differentkindsof methodshavebeenconsideredin thelitera-
ture.
"

A first classof approachesresortsto standardstatisticaltechniquessuchasmaximum
lik
 

elihood (ML) classifiers[8] or maximuma posteriori(MAP) classifiers.An inherent
dra
�

wbackof suchstatisticalapproachesis that it is usuallyassumedthat the form of the
probability� distributionassociatedto eachclassis known andthatits parameterscanbeac-
curately� estimated.Thismeansthattheperformancesof suchtechniquesdependentonhow
well# theselectedstatisticalmodelsaresuitablefor describingthedataandhow muchdataare
availablefor learningstep.In addition,estimatedmodelsarelikely to besonar-dependent,
which# wewould like to avoid.

In contrastto theseapproaches,theK-meanstechniques[3] areunsupervisedanddonot
require' any parametricmodelingof thedata.NeverthelesstheK-meansapproachassumes,
often� wrongly, thepresenceof sphericalclustersof identicalvolumeandlow inertiain the
featurespace.

Neural
(

classifiershave alsobeenconsidered[1, 2, 5, 14, 21, 25, 26, 28]. In that case,
one� doesnot make useof muchparametricprior knowledge.This providesa greatdealof
flexibility , but usuallyresultsin theneedfor a heavy learningprocesswherethe learning
setmustbedevisedwith greatcare.

A quiteflexible framework for combiningvariousdegreesof a) priori knowledge,while
keepingthe parameteridentificationreasonable,is offered by fuzzy classificationtech-
niques.* In thispaper, weintroducesuchafuzzyclassificationtechnique.Weshallseethatit
allowsusto capturein asimpleyetefficientway thehigh-level a) priori knowledgewehave
on� theshapeof acousticshadowswithin differenttypesof seafloors.Anotherappealingfea-
ture
"

of theapproachreliesin its capabilityof handlingmixturesof classes.Thisis important
in dealingwith subimageswhicharelikely not to exhibit only auniquetypeof seafloor.

The
+

maindrawbackof thevariousclassificationstechniqueswehavejustevokedremains
the
"

lackof explicit relationshipbetweenadjacentregions(orsubimages).In ordertoobtaina
moreaccuratesegmentationmap,spatialrelationshipsshouldbetakeninto account.To this
end,� weuseaMarkov randomfield (MRF) modelwhichallowsusto specifyandhandlein
aflexible way thespatialdependenciesbetweenadjacentsubimagesby meansof asuitable
a) priori probability� distribution [4].

In
$

this paperwe thusaddressthe problemof seafloorclassificationin high-resolution
sidescansonarimagery, by combininga tailor-madefuzzy classifierworking on shadow
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FIG. 2. Ov
-

erview of theseabedclassificationscheme.

shapesanda Markovian segmentationmodel.The proposedmethodinvolvesfour steps:
(1) unsupervisedtwo-classsegmentation(shadow andreverberationareas);(2) featureex-
traction;
"

(3) fuzzypreclassification;(4)Markoviansegmentation.Theblockdiagramof this
systemis shown in Fig. 2. Theorganizationof thepaperfollows thischainstructure:steps
2, 3, and4 and4 arerespectively describedin Sections2, 3, and4. Experimentalresults
arereportedanddiscussedin Section5, beforewe concludeandpresentfurther research
directions
�

in Section6.

2.
.

FEATURE EXTRACTION STEP

The featureextractionstepwe considerdoesnot directly handlethe gray-level sonar
images
�

(or sometextural featuresdeducedfrom local gray-level distributions).Instead,it
reliesonapreliminarytwo-classsegmentationof thesonarimagesinto “acousticshadows”
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on� theonehandand“reverberation”ontheotherhand.To thisend,weusethehierarchical
Markoviansegmentationtechniquethatwe introducedin [15, 17].

ThisBayesiansegmentationmethodcombinesatwofold datamodel(Gaussiandistribu-
tion
"

for theluminancein shadow regions,whereastheluminancedistribution in reverber-
ationzonesis modeledwith a Weibull law) with anoriginal hierarchicalMarkovian prior.
Thisprior, likestandardMarkovianpriors,enablesoneto introducespatialcoherencein the
segmentationprocess.In ourcase,however, thiscoherencetakesplaceatvarious“scales,”
which# hasbeenexperimentallydemonstratedto provide improved resultsat lowercost(as
compared,� say, to the standardspatialPottsmodel).Also, this segmentationschemehas
been
&

madetotallyunsupervisedbydevisingefficienttoolsfor theestimationof theinvolved
parameters.� More specifically, a so-callediteratedconditionalestimation(ICE) technique
[18] hasbeendevisedfor this model.This is an iterative methodwhich, at eachstep,av-
erages� parameterestimatescomputedon segmentationsamplesdrawn from theposterior
distrib
�

utionassociatedto thepreviousparameterfit. In ourcase,theleast-squaresestimator
of� DerinandElliott [10] is usedfor theestimationof prior parameters,whereasmaximum
likelihoodestimatorsarederived for theparametersof thelaws involvedin thedatamodel.
This iterative procedureis initialized thanksto a preliminaryK-meansclusteringof local
gray-le/ vel statistics.Thegoodperformancesof this unsupervisedmethodfor segmenting
high-resolutionsonarimagesinto two classeshasbeenthoroughlyassessedonavarietyof
realimages.An exampleof thishierarchicaltwo-classsegmentationis providedin Figs.7a
and7b. See[15, 17] for acompleteaccountof themethod.

Thesegmentationobtainedby this techniqueis thenhigh-passfilteredandbinarizedin
order� to extract the boundaryof eachdetectedcastshadow. The resultingedgeimageis
partitioned� into smallwindows(e.g.,Fig.7c)from whichfeaturevectorsareextracted.The
aim of this featureextractionprocessis to getparsimonious,andhopefullydiscriminant,
information
�

aboutthe acousticshadows associatedto the different sea-floortypes.The
dif
�

ferentcuesthatmake up eachof thefeaturevectorshave to bedevisedcarefully, based
on� one’s“expertise”with theconcernedapplication.They mightbeof quitedifferentnatures
(geometrical,spectral,statistical,etc.),but thereshouldbeonly a limited numberof them.

In our application,we have to distinguishbetweenthe castshadows of ripples,those
of� dunes(which areelongatedandroughlyparallel),thoseof pebbles,andthoseof rocks
(which are the most irregular, both in termsof shapeand orientation).To this end,we
first considerthreedifferentparameterswhich arecomputedfor eachindividual shadow
boundary
&

. They arecompactness,elongation,andorientation.Basedon them,moreglobal
cues� will thenbedefinedwithin eachof thesub-imagesto beclassified.Beforewecometo
this
"

issue,wefirst defineeachof thethreeindividualparametersfor someshadow boundary
(i.e.,closedcurve) 0 :

1 Compactness.Thisis adimensionlessgeometricalfeaturethataccountsfor thedegree
of� complexity of thedelimitedregion. It is definedas

C 2 4
3 4

A
5 6

798;: 2 < (1)

where# =9>;? andA@ standrespectively for thelengthof theboundaryandfor theareaof the
regiondelimitedby thisboundary. Thisparameteris equalto 1 whentheshadow isexactly
a circle andit getscloseto 0 as theshadow getsmoreandmorecomplex, or simply more
andmoreelongated.
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B Elongation.
C

The
+

elongationmentionedin previous item is specificallymeasuredby
the
"

ratioof thetwo inertiamomentsof theboundaryof concern.Moreprecisely, let usfirst
define
�

theinertiamatrixof theboundaryD as

EGF cxxH cxyH
cxyH cyyI J (2)

with#

cxxH K 1L9M;N
sO PRQ

(xS sO T xS G)
U 2 V

cyyI W 1X9Y;Z
sO [R\

(y] sO ^ y] G)
U 2 _ (3)

cxyH ` 1a9b;c
sO dRe

(xS sO f xS G)(
U

y] sO g y] G)
U h

where# thesummationsaretakenover the ikj;l pix� elsof coordinates(xS sO m y] sO )U thatconstituten
, and

xS G o sO pRq xS sOr9s;t u y] G v sO wRx y] sOy9z;{

standsfor theinertiacenter. Thetwo eigenvaluesof thismatrix,

cxxH | cyyI } (cxxH ~ cyyI )
U 2 � 4

3
c2

xyH
2 �

correspond� to the inertia along the maximuminertia axis (principal axis) andalong the
minimuminertiaaxis,respectively. Theelongationis definedasthesquarerootof theratio
of� thelargereigenvalueto theotherone:

��� cxxH � cyyI � (cxxH � cyyI )
U 2 � 4c2

xyH
cxxH � cyyI � (cxxH � cyyI )

U 2 � 4c2
xyH
� (4)

� Orientation.W
�

e measuretheoverall orientationof thecontourastheanglebetween
the
"

directionof its principalaxisandthe xS -axis.Theslopeof theprincipalaxisof inertia
being
&

readilyobtainedas

cyyI � cxxH � (cxxH � cyyI )
U 2 � 4

3
c2

xyH
2cxyH �

the
"

orientationis definedas

�G� arctan
cyyI � cxxH � (cxxH � cyyI )

U 2 � 4
3
c2

xyH
2cxyH � (5)
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If
$

thewindow underconcernexhibitsM
�

dif
�

ferentshadowswith boundaries� i , i � 1 � �R�R� ,
M , we thusendup with M parameter� triples (Ci ¡£¢ i ¤£¥ i )

U
i ¦ 1§©¨ ¨ ¨ § M . Theseindividual shape

parameters� thenhave to becombinedinto new parameterswhosevaluesshouldallow the
type
"

of sea-floorpresent(or mainly present)in thewindow to be inferred.Looking for a
compromise� betweentheparsimony of theresultingrepresentationandtheknowledgeof
sonarexpertswith whomwewereworking,wecameupwith four windowwiseparameters
defined
�

asfollows.

1. Themeanª compactness

Cmoy « 1

M

M

i ¬ 1

Ci  (6)

2. Thedir
®

ectivity

¯ 2°²± 1

M

M

i ³ 1

(́ i µ ¯¶ )
U 2 · (7)

with# ¯¸º¹ 1

M
�

M
»

i ¼ 1

½
i ¾ (8)

is theempiricalorientationvariancein thewindow. It will allow us to assesswhetherthe
shadowswithin thiswindow exhibit somesortof privilegeddirection.

3. Themaximalª elongation

¿
max À max

i ÁÃÂ 1Ä©Å Å Å Ä M Æ
Ç

i È (9)

4. The lengthof thelongestshapeboundaryin thewindow

N
É

max Ê max!
i ËRÌ 1Í©Î Î Î Í M Ï

Ð9Ñ
i ÒkÓ (10)

Oncethesefour parametershavebeencomputedfor thek
Ô
th
"

subimage,they aregathered
in
�

a featurevectorxÕ k
Ö
. Theclassificationprocessis thenperformedon theresultingsetof

suchfour-dimensionalfeaturevectors.

3.
×

FUZZY CLASSIFICATION

W
�

enow haveto defineaclassifieronthepreviously introducedfour-dimensionalfeature
space.Thecharacteristicsof theclassificationproblemunderconcernarethefollowing:

Ø Thefour featuresto beusedareof differentnatures.Ù Ourpriorknowledgeonhow eachof theseshadow-basedfeaturesshouldbehavewithin
each� of the classesof interestis ratherqualitative: no preciseparametricprior, whether
statisticalor not, is available.Instead,aswe shallsee,theprior knowledgeis a collection
of� qualitative statementsof thetype“this pieceof seaflooris likely to includesandripples
becaue
&

thedetectedcastshadowsarestretchedandexhibit someprivilegedorientation.”
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Ú The
+

boundariesbetweenthedifferentclassesin thefeaturespacecannotbedefinedin
a clearcutway for two reasons.Onereasonis relatedto thefact that thedifferentfeatures
arecomputedover windows which might cover differentseafloortypesat thesametime,
resulting' in a mixtureof classes.Thesecondreasonlies within thedefinition itself of the
classification� nomenclature.Thedemarcationbetween“pebbles”and“rocks,” for instance,
is imprecise.

In
$

view of theseelements,wethink thatfuzzysettheory[27] offersthemostappropriate
tools
"

for devising a classifierindependentof the type of sonar. This framework actually
allows oneto easilycombineimprecisepriorson classificationswith “fuzzy” boundaries
within# classifiersthat areeasyto train. To reachsuchgoals,this framework seemsto us
moreappropriatethanstatisticalmethods(whichrequiremoreformalpriorsandoftenlead
to
"

difficult parameterestimationproblems),thanK-meansclustering(whoseunderlying
prior� is not flexible enoughto fit our problem),and than neuralclassifiers(with which
we# experimentedearlierin thesamecontext [24] andwhosespecificationandtrainingare
dif
�

ficult for ourproblem).
W
�

enow definethefuzzyclassifierwehavedevised.Recallthatthedatatobeclassifiedare
four-componentfeaturevectorscomputedon a partitionof theimageplaneinto windows.
If
$

the k
Ô
th
"

window containsno detectedcastshadows, it is assignedright away to the
“sand”class.If thiswindow containsat leastonedetectedacousticshadow, afeaturevector
xÕ k
Ö Û

( Ü k
Ö 2ÝGÞÃß k

Ö
maxà Ck

Ö
moy á N

É k
Ö
max)

U
is computed,as explainedin the previous section.We then

w# ant to assignthis vector to oneof the four following classes:ripples(label â 1),
U

dunes
(label ã 2),

U
pebbles(label ä 3),

U
androcks(label å 4

æ ).U Thisassignmentis donein afuzzyway
viaç memberª shipdegreesè i (x

Õ k
Ö
)
U é

[0 ê 1] ë i ì 1 íïîRîRîÃí 4.
3

Thenumberð i (x
Õ )
U

shouldcapturethe
strengthof our belief that the seafloorwithin a window with featurevector xÕ is mainly
of� type ñ i . The extremevalue ò i (x

Õ )
U ó

1 (resp. ô i (x
Õ )
U õ

0)
ö

indicatesthat oneis surethat
seafloor÷ i is

�
present(resp.notpresent)in thiswindow.

A convenientway to definethesemembershipfunctionsconsistsin looking first how
membership! degreescanbeassignedbasedononly oneof thefour featureparameters.We
thus
"

have to definecomponentwisemembershipdegreesø i ù 1( ú 2û ),
U ü

i ý 2( þ max),
U ÿ

i � 3(Cmoy),
U

and � i � 4æ (NÉ max).
U

They arethencombinedby theminimumoperator[27]:

�
i ��� 1 �	�
�
�
� 4���� xÕ � � 2���� max � Cmoy � N

É
max

�
i (x
Õ )
U �

min � i � 1 � 2� � � i ! 2( " max)
U #$

i % 3(Cmoy)
U &'

i ( 4æ (NÉ max)
U ) (11)

As
�

usualin fuzzyclassificationframework, thedefinitionof our individualmembership
functions
* +

i , j- mak! esuseof shiftedexponentialfunctionswhicharetruncatedat1. Let

.0/2143
(xS )
U 5

min 6 1 7 e� xp[ 8 (xS 9;: )]
U <=

(12)>@?2A4B
(xS )
U C

min! D 1 E e� xp[ F ( GIH xS )]
U JK

(13)

where# L and M aretwo positive parameters.Note that N@O2P4Q is
�

the symmetricof R0S2T4U with#
respectto xS VXW axis,whereasY[Z2\ 0, which we shall alsouse,is the symmetricof ]_^2`4a (xS )

U
with# respectto thexS bdc

2 axis(seeFig. 3).
W
�

enow review for eachfeaturethepiecesof prior knowledgeonecansimply formulate
abouteachof thefour classes:
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FIG. 3. Plotof thetruncatedexponentialfunctionsegfih jlknmporq s ,t and upvrw 0x (y0z 1 {}|�~ 1).

� Contribution of � 2. In thecaseof ripples(label � 1)
U

or dunesof sand(label � 2),
U

cast
shadows have a privileged orientation,in contrastto pebbles(label � 3)

U
or rocks (label�

4),
U

whoseorientationsareequally random.Therefore,we definefor parameter� 2� the
"

membershipfunctions

�
1� 1 � 2� ��� 2� 1 � 2� ��� a� 0 � 2� �

(14)�
3� 1 � 2� ��� 4

æ �
1   2¡ ¢¤£ a¥ b ¦ 2§ ¨

where# a) andb
©

aretwo positiveparameters.ª Contributionof « max. Castshadowsassociatedto ripples(label ¬ 1)
U

anddunesof sand
(label  2)

U
exhibit stretchedshapes,by contrastwith theshadowscastby pebbles(label ® 3)

U
or� rocks(label ¯ 4).

U
Therefore,wedefinefor parameter° max

±
1² 2(³ max)

U ´�µ
c¶ d· ( ¸ max)

U ¹
º

2» 2(¼ max)
U ½�¾

c¿ e( À max)
U Á

Â
3Ã 2(Ä max)

U Å�Æ
4Ç 2( È max)

U É�Ê
cË d· (Ì max)

U Í (15)

where# c Î d® , ande arethreepositive parameters.Theshadows castby ripplesbeingthinner
than
"

thoseof thedunes,oneshouldsetd
® Ï

e.Ð Contribution of Cmoy. Both ripples(label Ñ 1)
U

anddunes(label Ò 2)
U

of sandcastthin
andcomplex shadows,whereasthosegeneratedby pebbles(label Ó 3)

U
androcks(label Ô 4

æ )U
e� xhibit simplecompactcircular-likeshapes.Therefore,wedefinefor parameterCmoy

Õ
1Ö 3(Cmoy)

U ×�Ø
2Ù 3(Cmoy)

U ÚÜÛ
f
Ý Þ

0(Cmoy)
U ß

à
3á 3(Cmoy)

U â�ã
4ä 3(Cmoy)

U åçæ
f
Ý è

gé (Cmoy)
U ê (16)

where# f
ë

andgì arepositiveparameters.
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í Contribution of Nmax. The sizeof the shadows castby ripples(label î 1)
U

anddunes
(label ï 2)

U
mayvary dramaticallyfrom onewindow to another. For thatreasonwe setthat

the
"

membershipdegreesfor thesetwo classesasindependentof the N
É

max parameter� . For
the
"

two otherclasses,it is a discriminatingparametersincerock (label ð 4)
U

shadows are
largerthantheonescreatedby pebbles(label ñ 3).

U
Wedefinefor theparameterN

É
max

ò
1ó 4æ (NÉ max)

U ô�õ
2ö 4æ (NÉ max)

U ÷
1

ø
3ù 4(N

É
max)

U úüû
hý i (NÉ max)

U
(17)

þ
4ÿ 4(N

É
max)

U �
1 � �

h� i (NÉ max)
U �

where# h
�

andi aretwo positiveparameters.

F
�

or eachfeatureparameter, we plot in Fig. 4 thefour associatedmembershipfunctions
(with theparametervaluesusedin theexperiments;seeSection5). As canbereadilyseen
from theseplots,the“ripples” and“dunes”classesarerathersimilar, beingdiscriminated
from
*

eachotheronly via theelongationparameter� max. Similarly, to “rocks” and“pebbles”
classes� arevery muchalike, apartfrom thepoint of view of the N

É
max sizeparameter. The

combination� of all componentwisemembershipfunctionsvia (11)will hopefullydiscrimi-
nate* eachclassfrom theothers.A qualitative descriptionof how this fuzzy discrimination
process� shouldwork is obtainedby establishingthe output of the classifier(which as-
signsto thek

Ô
th
"

window theclass� i suchthat i 	 argmaxj
- 
��

1�� � �  4æ ��� j
- (xÕ k

Ö
))
U

in caseof gross

FIG. 4. Plot of the parameterwisemembershipfunctions � j
� �

1( � 2
�� )� ��� j

� �
2
� (� � max )

� !#"
j
� $

3
% (Cmo y), and & j

� '
4
( (� N) max ),

�
j
* +

1 ,�-.-/-0, 4,
�

for parametervaluesa1 2 10,b
3 4

05 1, c6 7 1, d
8 9

7,
:

e� ; 5,
<

f
= >

5,
<

g? @ 0
A B

2,
C

h D 1, andi
E F

60.
G
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T
H

ABLE 1

Sk
I

etchy Output of the FuzzyClassifier for a “Qualitati ve” Quantization of the Rangeof

the
J

Fours Parameters K 2
LM ,N Cmoy,N N

O
max,N and P max (L

Q R
“Lo w,” ML S “Medium-Lo w,” M T

“Medium, ” MM U “Medium-Medium, ” MH V “Medium-High, ” and H W “High”)

X 2Y[Z max C
\

moy N
)

max Class ] 2^[_ max Cmoy N
)

max Class ` 2a[b max Cmoy N
)

max Class
�

L L L L Pe M L L L Pe H L L L Pe
L
c

L L H Ro M L L H Ro H L L H Ro
L
c

L M L Pe M L M L Pe H L M L Pe
L
c

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
c

ML L H Ro M ML L H Ro H ML L H Ro
L
c

ML M L Pe M ML M L Pe H ML M L Pe
L
c

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
c

MM L H Du M MM L H Du H MM L H Ro
L
c

MM M L Du M MM M L Du H MM M L Pe
L
c

MM M H Du M MM M H Du H MM M H Ro
L
c

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
c

MH M L Ri M MH M L Ri H MH M L Pe
L
c

MH M H Ri M MH M H Ri H MH M H Ro
L
c

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
c

H M L Ri M H M L Ri H H M L Ri
L
c

H M H Ri M H M H Ri H H M H Ri
L
c

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

discretization
�

of thefeaturespace.Therangeof variationof d 2e , Cmoy, andN
É

max being
&

split
into
�

threeparts(“low” (L), “medium” (M), and“high” (H)), andthat of f max being
&

split
intofiveparts(“low” (L), “medium-low” (ML), “medium-medium”(MM), “medium-high”
(MH), and“high” (H)), theclassificationresultassociatedto eachcell of this partitionof
the
"

featurespaceis indicatedin Table1.2

Thefuzzyclassifierweendupwith impliesnineparameters,a) g b© h c i d® j ek f
ë l

gì m h� , andi .
It
$

might seemat first sightthatthetuningof somany parametersshouldbeanintricate,if
possible,� task.It turnsout they canbeeasilycalibratedasfollows:

n In
$

both oqp/r�s and tvu/w�x functions,
*

parametery is
�

of the samenatureasthe concerned
vç ariablexS . Theparametersof thistype,whichareb

© z
d
® {

e| gì , andi , aresomesortsof thresh-
olds� which canbe heuristicallytunedbasedon our prior knowledgeof the classification

2 W
}

e thanktheanonymousrefereewhoestablishedthis table.
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FIG. 5. Themultiscaleclassificationstrategy.

problem.� SeeSection5 for thevalueswe selectedfor eachof thesefive parameters,using
simpleconsiderationsonexpectedfeatureswithin eachclass.~ In

$
both ���/��� and ���/��� functions,

* �
is
�

aparameterwith nophysicalmeaningwhichtunes
the
"

slopeof theexponentialpartsof thefunctions.Whenbothfunctions ������� and �v�/� 0 are
used� in conjunctionasmembershipdegreesof two competingfuzzy sets,they intercept
each� otherat xS ���

2 , with a commonmembershipdegreeof exp �������2 � . To prevent them
from overlappingtoomuch,oneshouldkeepthisvaluerathersmall.A goodruleof thumb
is,
�

if � is
�

alreadyselected,to fix  ¢¡¤£¦¥ 1. Thisconcernstheparametersa) and f
ë

. As for the
remainingparameters(namelyc andh

�
)
U

we noticedexperimentallythat they canbetuned
impreciselywithout muchimpacton the performances,provided that they correspondto
sufficiently steepslopes.

Onehasalsoto find a goodcompromisefor the sizeof the subimagesinvolved in the
computation� of featurevectorsxÕ k

Ö
. On the one hand,small windows would result into

fine resolutionclassifications.On theotherhand,shadow-basedfeaturesaremorereliably
computed� on larger windows. Besides,too small windows do not allow to accountfor
large castshadows suchasthosecastby large dunesof sand(seeexamplein Fig. 9). To
circumv� ent this difficulty, we deviseda multiscaleclassificationprocessworking on two
dif
�

ferentsizesof windows.For largerwindows,whicharefirst considered,weonly look at
the
"

regionsdetectedasdunesby thefuzzyclassifier. This informationis thenpassedto the
finer windows (by duplication),andthefuzzy classifieris only run on remainingwindows
(cf. Fig. 5).

4. SEGMENTATION STEP

In orderto obtaina moreaccurateclassification,contextual information(i.e., the rela-
tionship
"

betweenfeaturescomputedon adjacentsubimages)hasto betakeninto account.
To this end,we resortto Markov randomfield models[4] which allow thespecificationof
suchspatialdependenciesby meansof a properprobabilitydistribution on thesegmenta-
tion
"

configurationset.More precisely, this Markovian framework allows us to combinea
simplespatialstatisticalprior (abouttheregularityof theclassificationmap)with thefuzzy
classifier� previouslydefined.Notethatsuchacombinationof fuzzyclassificationwith MRF
formalism
*

hasbeenproposedin adifferentway (andin thedifferentcontext of radarimage
segmentation)by SalzensteinandPieczynski[19].
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The
+

useof Markovian formalismrequiresseeingthe unknown classlabelsasrandom
vç ariableswith valuesin discretestatespace§©¨«ª¬ 1 ®°¯ 2 ±°² 3 ³µ´ 4 ¶ . Let Y ·«¸ YsO ¹ sº » S

¼ ½
be
&

the
"

resultinglabelfield, whereYsO is thelabelrandomvariableassociatedtowindow sº , andS
¼

standsfor thewindow lattice.A configurationof thelabelfield isdenotedasy] ¾À¿ y] sO Á sº Â S
¼ Ã

,
andthesetof all possibleconfigurationsis ÄÆÅ S

¼ Ç
.

For eachwindow, a labelhasalreadybeenprovidedby the fuzzy classierdescribedin
pre� vioussection.Let y] 0

sO ÈÊÉ be
&

thelabel thusassignedto window sº . Let zË sO Ì [0 Í 1] bethe
corresponding� membershipdegree;i.e.,if sº isthek

Ô
th
"

window, thenzË sO Î maxj
Ï ÐÒÑ

1Ó�Ô Ô Ô Ó 4æ Õ�Ö j
Ï (xÕ k

Ö
).
U

W
�

e thushave two setsof “observations,” y] 0 ×«Ø y] 0
sO Ù sº Ú S

¼ Û
andzË Ü«Ý zË sO Þ sº ß S

¼ à
.

In
$

thisprobabilisticframework,wenow havetodefine(andtocompute)the“best”classi-
ficationconfiguration̂y] gi/ ven y] 0 andzË . They arevariouswaystodefinethisconfiguration.A
simpleandpopularway consistsin definingit asthemostprobableconfigurationknowing
the
"

observations.Thisso-calledmaximumaposteriori(MAP) inferenceis thusdefinedas

ŷ] á argmax
yI âäã P(Y å y] æ y] 0 ç zË )U è (18)

where# theposteriordistribution P
é

(Y ê y] ë y] 0 ì zË )U hasfirst to bespecified.UnderMarkovian
assumptions,this distribution on a hugenumberof variatesfactorizesinto “small pieces”;
i.e.,
�

it amountsto aproductof functionsthatonly dependonafew “neighboring”variatesat
a time.Equivalently, wewantto specifyaso-calledGibbsdistribution P

é
( í )U î ex� p ïð U ( ñ )U ò

whose# energyfunctionU splitsinto asumof local interactionpotentialswhichdependona
fe
*

w “neighboring”randomvariablesatatime.Suchadistributionwill besimpleto specify
(via the definition of the local potentials)andeasyto useon a local basisthanksto the
conditional� independenciesthatderive from its factorization.

Our goal in devising theenergy associatedto P
é

(Y ó y] 0 ô zË )U is twofold. We first want the
MAP estimatêy] to

"
becloseto thepreliminaryfuzzyclassificationy] 0. At thesametimewe

w# ould like ŷ] to
"

exhibit regionsthatarenot too smallandhave rathersmoothboundaries.
This
+

goalis hopefullyachieved by defining

U (y] ; y] 0 õ zË )U ö
sO ÷ S

zË sO 1 øúù y] sO û y] 0
sO

U1(yI ;yI 0
x ü

zý )

þ¤ÿ
�
sO � t �

[1 ��� (y] sO � y] t )]
U

U2
� (yI )

� (19)

where# � standsfor theKronecker deltafunction, 	 is
�

a positive parameterwhich tunesthe
relativeimportanceof eachof thetwo energy termsU1 andU2, andthesecondsumis taken
o� ver all pairsof neighboringwindowsfor thesecond-orderneighborhoodsystemongrid S

¼
(seeFig. 6).

Thefirst termof energy, U1, favorsall themoretheidentitybetweenany labely] sO andthe
corresponding� fuzzylabely] 0

sO when# theconfidencewithin thisfuzzylabel(measuredin terms
of� membershipdegree)ishigh.Thesecondterm,U2, correspondsto theso-calledPottsprior

FIG.



6. Dif
�

ferenttypesof pairsof neighboringblocksfor thesecond-orderneighborhoodsystemonwindow
grid� S.
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model,! which is extensively usedin MRF-basedsegmentationtechniques.It favorsall the
morea segmentationwhenthe total lengthof interclassboundariesthat thesegmentation
contains� is small.As a consequence,it discouragessegmentationswith isolatedlabelsand
those
"

with complex frontiersbetweenregions.
Setting P(Y � y] � y] 0 � zË )U � ex� p ��� U (y] ; y] 0 � zË )U � with# somegiven parameter� , the MAP

inferencethenamountsto3

ŷ] � argmin
yI ���

sO � S

zË sO 1 ��� y] sO � y] 0
sO  "! #

s$ % t &
[1 ')( (y] s$ * y] t )]

U +
(20)

This global minimizationproblemis extremelydifficult sinceit is set in a hugediscrete
set.It couldbehandledwith a stochasticiterative algorithm(simulatedannealing)based
on, the samplingof the distribution proportionalto exp -�. U (y/ ; y/ 0 0 zË )1 2 T 3 , with T being

4
a

decreasing
5

“temperature”parameter[12].For computationtimereasons,wepreferredtouse
adeterministiccounterpartknownastheiteratedconditionalmode(ICM) algorithm[4]. This
algorithm,whichis composedof asuccessionof componentwiseminimizations,converges
to
6

a local minimum which dependson the initialization. As an initial configuration,we
chose7 thefuzzyclassificationy/ 0 itself,

8
thatis theminimizerof U1.

A lastissueconcernsthetuningof parameter9 .Asdemonstratedin [11], theprecisevalue
of, thisparameterdoesnotmatteralot: within certainrangesof variation,differentvaluesof :
yield; thesameinferenceresults.Onethusmerelyfacesaproblemof calibrationratherthana
problem< of preciseestimation.In thisstudy, wechoseto performthiscalibrationmanually.
Note,
=

however, that preciseestimationmethodscanbe devised,suchas thosebasedon
e> xpectation-maximization(EM) techniques[7] oroniteratedconditionalexpectation(ICE)
techniques
6

[15, 18].

5.
?

EXPERIMENT AL RESULTS

T
@

o validateourmethodfor automaticsea-floorclassification,wehavecarriedoutexperi-
mentswith numerousimagesdeliveredbydifferenthigh-resolutionsidescansonarsystems.
Thosepresentedin thissectionareonly afew examples.Sonarimagespresentedin Figs.7–
11 areprovided by a military sidescansonar, namelythe DUBM41, whosefrequency is
around500KHz. We have no technicalprecisionaboutthesidescansonarwhich haspro-
videdA thesea-floorimagespresentedin Figs.12and13.Notethatall theseimagesarequite
lar
B

ge,coveringfromonetoseveralthousandsof squaremeters,andthatthey correspondtoa
vA arietyof seafloorsandof acquisitionconditions.They thusshouldallow afair assessment
of, theperformancesof thetechniqueandof its robustnesswith respectto thetuningof the
parameters.<

For all the resultsreported,we considerwindows of 64 C 64 pixels for the fine clas-
sification.A smallersizeof window would lead to finer grain segmentations,but at the

3
%

Onecouldlegitimatelywonderabouttheusefulness,aswell asthestatisticalrelevance,of adistributionwhich
ischosenin asomewhatadhocway andisonlyusedtosettheinferenceproblemasaglobalminimizationproblem.
Onecanindeedgetrid of thestatisticalaspectsandsimply settheinferenceproblemastheglobalminimization
of an ad hoc objectiD ve function which splits convenientlyinto local terms.We neverthelessdecidedto stick to
the (apparentlysuperfluous)Markovian interpretation,for it constitutesin our opinion a rich basisfor further
statisticaltreatments,includingtheestimationof parameterswith EM or ICE techniquesasevokedat theendof
this section.
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FIG.
F

7. (a)
G

real sidescanimageof a seabedwith sandanddunes;(b) hierarchicaltwo-classsegmentation
(shado
G

w vs reverberation)obtainedby themethodintroducedin [15, 17]; (c) contoursof thecastshadows ext-
ractedat thefinestlevel; (d) windowwiseclassificationobtainedwith thecompletemethoddescribedin thepaper
(empty
G

windowsstandfor “sand,” andwindowsmarkedwith parallellinesstandfor “dunes”).

riskH of loosing robustnessat the fuzzy classificationlevel. Besides,for cartography, the
obtained, accuracy level is sufficient, as (64 I 64)-pixel windows amount approxi-
mately to (6 J 6)-m areas.For the two-level classificationstrategy describedat the end
of, Section3, we first used128 K 128 windows to computethe preliminarycoarsegrain
classification.7

Basedon the discussionon parametercalibrationin Section3, the parametersof the
fuzzy
L

classifierweretunedasfollows.Expectingthatshadows of ripplesanddunewould
stickcloseto theirprivilegedorientation,wechoseb

M N
0
O P

1. WethensetaQ R b
M S 1 T 10.The
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FIG. 8. Classificationof asidescansonarimage((24 V 24)-m
W

seafloorarea)includingsand(emptywindows),
pebbles(windowswith smallsquaresinside),androcks(windowswith biggersquaresinside).

typical
6

elongationof rippleandduneshadowshavebeenvisuallyassessed,leadingtod
X Y

7,
Z

ande [ 5.Thetypicalcompactnessof rockandpebbleshadowshasbeenevaluatedyielding
g\ ] 0

O ^
2.Wethenset f

_ `
g\ a 1 b 5.Finally,wesetthelengththresholdbeyondwhichcompact

shadows shouldbeassignedto rocksratherthanto pebblesto i c 60. The two remaining
parameters,< c andh

d
, weresimplysetto 1. As for theuniqueparameterof theenergy-based

segmentationmodel,wechoseegf 0
O h

2. Thisvaluehasbeenselectedempiricallyafteraset
of, experimentson our databaseof realsonarimages.It has,in all cases,provideduswith
a satisfactoryregularizationof theinitial fuzzy classification.Notethatwith this valuethe
tw
6

o termsof theenergy areof thesameorder.
Figures7–13representseafloorimagesprovidedby highresolutionsidescansonars.The

classification7 resultsobtainedwith the methodwe have introducedaresuperimposedon

FIG. 9. Classification
i

of a sidescansonarimage((72 j 48)-m seafloorarea)including only dunesof sand
(windowsmarkedwith two parallelsegments).
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FIG.
F

10. Classificationof a sidescansonarimage((72 l 48)-m
m

seafloorarea)includingonly ripplesof sand
(windo
G

wsmarkedwith onesegmentof line).

these
6

imagesusing the following code:an emptywindow standsfor the “sand” class,a
windon w with asmallsquareinsidestandsfor the“pebbles”class,abiggersquarestandsfor
the
6

“rocks” class,a straightline standsfor the“ripples” class,andtwo parallellinesstand
for the“dunes”class.Someof thesesonarimagesexhibit only onetypeof sea-floor(asin
Figs.
o

9 and10),whereastheotherscombineseveraltypesof sea-bed.Withoutchangingthe
valuesp of theparameters wen got goodresultson all theseimages,asassessedby thesonar
e> xpertswith whomweareworking.

In
q

the resultsin Fig. 9, somenice featuresof the methodarehighlighted.The combi-
nationof versatilefuzzy classifiers,Markovian regularization,andtwo-level hierarchical
classification7 allows theprocedureto correctlyclassifyall windowsas“dunes”despitethe

FIG.
F

11. Classification
i

of asidescansonarimage((72 r 48)-mseafloorarea)includingsand(emptywindows)
ands pebbles(windowswith smallsquaresinside).
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FIG. 12. Classification
i

of asidescansonarimage((42 t 54)-mseafloorarea)includingsand(emptywindows),
rocksu (windowswith squaresinside),anddunes(windowsmarkedwith parallelline segments).

dramatic
5

variability of the shadows (in both shapeandsize)castby the dunespresentin
this
6

image.As concernsmoreparticularly the multiwindow aspect,someof the 64 v 64
windon wscontaineitheronly shadowsor only sand.In bothcases,if largerwindowshadnot
been
4

usedin afirst stage,these64 w 64windowswouldhavebeenlabeledasof the“sand”
class,7 for they do notexhibit any shadow contours.

A look at Fig. 13 further demonstratesthe impact of the Markovian a priorix model
described
5

in Section4. In the classificationobtainedwith the fuzzy classifieralone,a
numbery of windows are obviously mislabeledin the large rock area(Fig. 13a). These
spuriousclassificationsareremoved as a resultof theregularizedsegmentation,providing
amuchmorecorrectextractionof thezoneof rocks.

Despite
z

the ability of the fuzzy classifierto handlemixed classwindows, therestill
remainerrorsat theboundariesbetweenzonesof differentseafloors(cf. Fig. 13b,in which
somewindowscontainingamixtureof rocksandridgesof sandhavebeenclassifiedeither
rocksH or pebbles).Errorscanalsobesometimesnoticedon theborderof the input sonar
image(cf. Fig. 12) dueto the lack of contextual information.Nevertheless,experimental
resultsH demonstratethe accuracy andefficiency of sucha contextual fuzzy segmentation
andclassificationschemeaswell asits capabilityto dealwith imagesfrom differentsonar
systems.

The
@

wholeclassificationproceduretakesbetween10 and15 s on a standard43PIBM
(120MHz)Unixworkstationforasonarimageof size768by512pixels(e.g.,Figs.9,10,11).
Thistimedoesnotincludethecomputationaltimerequiredfor thepreliminaryunsupervised
segmentationinto two classes(shadowsandreverberationsareas)whoseperformancesare
reportedin [15, 17].
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FIG. 13. Classification
i

of a sidescansonarimage((42 { 78)-m
|

seafloorarea)includingsand,ripples,rocks,
ands pebbles:(a) resultobtainedby thefuzzy classifieralone;(b) final resultobtainedby addingtheMRF-based
regularization.

6.
}

CONCLUSION

In thispaper, wehavepresentedanoriginalapproachto seafloorclassificationproblem.
It is basedonawindowwiseclassificationof castshadows,whichareextractedbeforehand,
using~ a combinationof fuzzy logic and Markovian modeling.The fuzzy componentof
the
6

techniquecapturesin a flexible way simpleknowledgeof the shapesof the shadows
associatedto eachtypeof seafloor. TheMarkovianpartof thetechniqueconsistsin setting
the
6

final classificationastheglobalminimizerof anobjectivefunctionwhichcombinesthe
fuzzypreclassificationwith astandardregularizationprior.

The
@

proposedschemeappearsasanappealingalternativeto classicaltexturebasedneural
or, statisticalclassificationapproaches.It offersthefollowing attractive features:

� This
@

methoddoesnotworkdirectlyontheinputsonarimagebut onashadow detection
map.Thisoriginalcharacteristicprovidesthemethodwith afirst sourceof robustnesswith
respectto the type of sidescansonar. The appearanceof the shadows castby eachtype
of, seaflooris indeedquiteindependentof theprecisecharacteristicsof thehigh-resolution
sidescansonarof concernandof theconditionsof acquisition.
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� The
@

fuzzy classificationallows us to combinevariousqualitative priors on features
of, differentnaturesandto dealwith classeswhoseboundariesin thefeaturespacearenot
clearly7 defined(duetheimprecisionin thedefinitionitself of theseclasses,anddueto the
f
L
actthatweoftendealwith mixturesof classes).� Theenergy-basedclassificationmakesall thewindow-basefuzzyclassifierscooperate

withn eachotherin anefficient way via simplelocal interactions.This allows oneto getrid
of, isolatedspuriousclassificationsandto get morecorrectboundariesbetweendifferent
types
6

of seafloor(in thelimit of theresolutionassociatedto theselectedwindow size).� Although
�

numerous,the involvedparameterscanbeeasilytunedwith no needfor a
realH andheavy training.Suchanapproximatecalibrationhasproved sufficient to copewith
vA ariousimagesprovidedby differenthigh resolutionsidescansonars.

Themethodhasbeenvalidatedon a numberof largeimagesprovidedby differenthigh
resolutionH sidescansonars,undervariousconditions,andover avarietyof seabeds.Wethus
have demonstratedtherobustnessandthepracticabilityof themethodsince,with a single
setof parametervalues,we got goodresultson all theseimages,asassessedby thesonar
e> xpertswith whom we areworking. Being both robust andfast,this techniqueprovides
aninterestingtool for processingin anautomaticway massive amountsof high resolution
sonardata.

This
@

studycouldnow beextendedtodealwith alargerclassof sonarimages.Theproposed
technique
6

is indeedspecificallydevisedto classifyhighresolutionsidescanimagesin terms
of, a fixed nomenclatureof five classes.Onecan imaginedifferentnomenclatures,more
or, lessdetailedthanthe onewe introduced,dependingon the aimedapplication,andon
the
6

typeof sonarunderconcern.Remainingin thecaseof high resolutionsidescansonar
images,
8

onecouldfor instanceseekdifferenttypesof sandripples.More important,in the
case7 of othersonartechniques(which we did not considerin this study),suchasmono-
or, multibeamechosoundersor hull sonars,the resolutionand the experimentalcontexts
aresignificantlydifferentfrom thoseof sidescansonars.Thetypesof seafloorthatcanbe
discriminated
5

from theimagesobtainedwith thesevarioustechniquesaredifferent,andthe
appearanceof agiventypeof seafloormayvarydrasticallyfrom onetechniqueto another.
In
q

order to copewith sucha variety of situations,new versionsof our approachshould
be
4

devised,in termsof classificationnomenclature,shapeparameters,fuzzy membership
functions,andparametervalues.A furtherstepwould thento make the resultinggeneral
model� adaptitself, asautomaticallyaspossible,to thetypeof imagesunderconcern.
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