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ABSTRACT

We1 presenta new methodto shape-basedsegmentationof de-
formableanatomicalstructures in medical images and validate
this approach by detectingand tracking the endocardial border
in an echographic image sequence. To this end, a global prior
knowledge of theendocardial contouris captured by a prototype
templatewith a set of admissibledeformationsto take into ac-
countits inherentnatural variability over time. In this approach,
the data likelihoodmodelrely on an accurate statisticalmodel-
ing of the grey level distribution of each classpresentin the im-
age. The parameters of this distribution mixture are givenby a
preliminaryestimationstepwhich takesinto accountthedistribu-
tion shapeof each class.Thenthetracking problemis statedin a
Bayesianframeworkwhere it endsupasanoptimizationproblem.
Thisoneis thenefficientlysolvedbya geneticalgorithmcombined
with a steepestascentprocedure. Thistechniquehasbeensuccess-
fully appliedonsyntheticimagesandona realechocardiographic
image sequence.

1. INTRODUCTION

The segmentationof imagesis of great importancein medical
imagingandremainsa necessarystepto obtainqualitative mea-
surementssuchas the visualizationor the locationof objectsof
interestaswell asfor quantitativemeasurementssuchasarea,vol-
umeor theanalysisof dynamicbehavior of anatomicalstructures
over time. Amongtheseimages,ultrasoundimagesplay a crucial
role,becausethey canbeproducedat video-rateandthereforeal-
low adynamicanalysisof moving structures.Moreover, theacqui-
sitionof theseimagesis non-invasive, cheap,anddoesnot require
radiationscomparedto othermedicalimagingtechniques.On the
otherhand,the automaticsegmentationof anatomicalstructures
in ultrasoundimagesis a real challengedueto specklenoiseand
artifactswhichareinherentin theseimages.

Mostcurrentautomaticsegmentationtechniquesusedin med-
ical applicationshave beendevelopedfor CT and MRI images
[1, 2]. Among thesesegmentationschemes,two of the morere-
liableapproachesusetheBayesianinferencewhichallows to take
into accountanavailablelocal or globala priori knowledge.This
availableknowledgeis thenusedto constraintthe segmentation
process. Thesemethodsare basedon deformabletemplatesor
Markov RandomFields(MRF) models.Bothhaveadvantagesand
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shortcomings.The increasedpopularityof the deformabletem-
plates[3, 4] can be explainedby their ability to express,via a
globalprior model,thegeometricinformationandtheshapevari-
ability of theobjectof interestto bedetectedover timeandacross
individuals. In MRF-basedsegmentationapproaches,the proper
useof available prior information is expressedby a local prior
model. This oneexpressessimply the fact that nearbypixels are
fairly likely to belongto thesameclass[5].

The main problemwith deformablemodelsis that the like-
lihood energy are heuristicallydesignedand do not statistically
segmenttheimage.As for MRF models,they cannotincorporate
any globalshapeconstraintsin thesegmentationprocess.Never-
theless,contraryto deformablemodel-basedapproaches,thelike-
lihoodmodelof anMRF model-basedunsupervisedsegmentation
exploits an accuratestatisticalmodelingof the grey level distri-
bution of eachclasspresentin the image[6]. Sinceit seemsthat
deformabletemplatesprovide aninterestingframework for struc-
turally analyzinganimageandMRF modelsprovideagoodmath-
ematicalsettingfor statisticallyanalyzinganimage,it makessense
to capitalizeon thebenefitsof bothmethods.

To thisend,weproposeadeformabletemplatebasedapproach
for thesegmentationandthetrackingof theendocardialcontourin
anechographicimagesequence.We first definea prototypetem-
plate along with a set of admissibletransformationsin order to
capturetheavailableglobala priori shapeknowledgeof theendo-
cardialcontourwith its inherentnaturalvariability over time. In
thisBayesiansegmentation,thelikelihoodmodelrely on anaccu-
rateMarkovianstatisticalmodelingof thegrey level distributionof
eachclasspresentin theimage.Theparametersof thisdistribution
mixture aregiven by a preliminarystatisticalestimationmethod
calledIterativeConditionalEstimation(ICE) [7]. Then,thedetec-
tion andthetrackingproblemis statedin aBayesianframework as
theestimationof thedeformationparametersof thetemplatethat
maximizetheposteriorProbabilityDensityFunction(PDF).In or-
der to efficiently maximizethis function, we resort to a genetic
explorationof theparametersspacecombinedwith a steepestas-
centprocedure.

This paperis organizedasfollows: Sections2 and3 present
the templatemodelingand the proposedBayesianapproach. In
Section4, we detail the distribution mixture parametersestima-
tion stepusedin thedatalikelihoodmodel.Thestochasticsearch
methodusing a hybrid GeneticAlgorithm (GA) is describedin
Section5. In Section6, we reportsomeexperimentalresultson
syntheticimageandon a realultrasoundimagesequence.Section
7 containsconcludingremarks.



2. DEFORMABLE TEMPLA TE REPRESENTATION

In orderto modelthe globalshapeknowledgeof the endocardial
contour, we first roughly defineit by a set of � labeledpoints,
equally sampled,which approximatethe outline of a circle (cf.
Fig. 1.a).A cubicB-splineshaperepresentationinvolving these�
controlpointscorrespondingto “landmarks”is thendefined.The
prototypetemplate��� doesnot describethepossibleinstancesof
theobjectshapeto bedetected.In orderto take into accountthe
naturalvariability of theconsideredobject,we introducea setof
admissibleaffineandnon-affine localandglobaltransformations.

Description of local non-affinetransformations
First,a localdeformationprocess	 appliedto the � controlpoints
is introduced. Theselocal deformationsappliedto the original
shape� � allow to modellocalrandomperturbationsthatcanoccur
for eachcontrol point of the templateoutline. Mathematically,
theselocal deformationsarerepresentedby local translationsfor
eachcontrolpointof � � (cf. Fig. 1.b).

Description of global non-affine transformations
In orderto refinethe shaperepresentation,we introducea global
non-affine deformation.Theoneusedin this paperwasfirst pro-
posedby Jainet al. [8]. In this approach,the imageis consid-
eredto be mappedto the unit square
��� ��������� . The deforma-
tion is thenrepresentedby a displacementfunction ���������! . The
mapping �����"�# �$%&���'�(�! *)+�������(�# is thusa deformationof 
 ,
a smoothmappingof the unit squareonto itself. The spaceof
suchdisplacementfunctionsis spannedby thefollowing orthogo-
nalbases: ,.-/10 ���'���! 2�3�5476�8:9'��;'�<�< >=@?A6B��;DCE�! F�(�G ,.H/10 ���'���! 2�3�I���J47=@?A6.��;'�<�< >6�8K9���;DCE�! � 
for CL�(�M�N�A�F4��@O�O@O Low valuesof C andP or � correspondto
lower frequency componentsof the deformation. The displace-
mentfunctionis thenchosenasfollows:�RQS�������! T� UV/XWTY ZV 0SWTY [ -/\0 , -/10 ���'�(�! ') [ H/\0 , H/10 ���'�(�! ] /10
where

] /10 �2; � ��� � )^C �  arethenormalizingconstants.The
parametervectors

[
aretheprojectionsof thedisplacementfunc-

tion on theorthogonalbasispreviously defined.In orderto allow
a sufficiently wide rangeof possibledeformations,while keeping
the numberof parametersreasonable,we use _N�a`b�+4 . Fig.
1 illustratesthe seriesof deformationsof an initial templatefor
differentvaluesof _ and ` . We cannoticethatthedeformation
becomesmorecomplex ashigherfrequency componentsareadded
to thedisplacementfunction � .

Description of affine transformations
Finally, we introduceasetof admissiblelineartransformationson� . Thesedeformationsinvolve translation,scaling,rotation,and
stretchingof thetemplate.

Let now ��c be a deformedversionof the original prototype��� accordingto the aforementionedtransformationswith param-
etervector d . A globalconfigurationof the deformabletemplate
is thusdescribedby e parameterscorrespondingto affinetransfor-
mations,f pairsof globalnonaffine deformationparameters,and���hgL4S pairsof translationvector ��	 -�i ��	 HJi  respectively. Thecir-
cular prototypetemplatewith thesetof aforementionedtransfor-
mationsconstitutesourglobalprior modeldescribingthedifferent
possibleconfigurationsof theshapeof interest.

(a) (b)

(c) (d)

Figure 1: Local and global non-affine deformations. (a) Initial
template(the grid is not part of the model itself). (b) ��� with
local randomperturbations. Global non-affine deformationson
this locally deformedtemplatewith: (c) _ �j`k�&� and[ -/10 � [ H/10 �l4nmoCp�(�rqMs.�����BtB� . (d) _u�v`w�x4 and[ -/10 � [ H/10 �y4zmoCp�(�pqpsB���@�S�F4StA� .

3. SEGMENTATION MODEL

3.1. Intr oduction
In a commonlyuseddeformablemodel-basedBayesiansegmen-
tationapproach,spatialand/ortemporalgradientmeasurederived
from the input image,are generallyexploited in the datalikeli-
hoodmodel[1, 8]. Dueto thespecklenoise,our likelihoodmodel
cannotrely efficiently on this type of gradientmeasure.Instead,
we proposea region orientedstatisticalapproach.Moreprecisely,
we proposeto modelandusethegrey level statisticaldistribution
of eachhomogeneousregion existing in an echogramandto ex-
ploit ana priori informationaboutthelocationof theendocardium
with respectto eachotheranatomicalstructurespresentin theul-
trasoundimage. This a priori anatomicalinformationexpresses
thefact that theendocardialcontourdelineatestwo homogeneous
regions s.{ � ��{ Y t . The first one, called the blood zonearises
from thelow acousticwave reverberationin theventricularcavity
(filled with blood).Thesecondone,calledthemuscleregion( { Y ),
is due to the acousticsignal reverberationon the cardiacmus-
cles. Eachaforementionedregion hascompletelydifferentgrey
level intensitydistributionandeachpixel of theinput imagehasa
membershiplikelihoodto eachclass s , �*�}|@~��B�B��� , Y �}C��<�@�@~ , t
thatwe candefinedby theProbabilityDensityFunctions(PDFs)�7�B������� ���G��PB�o�!� ,.�  ��Gq�s.���@�.t where�G� designatesthegrey level
of thepixel at site � and � � is its associatedclasslabel.Assuming
that ` ( `r�^4 in our application)distinct homogeneousregions
arepresentin theinput image,themaximizationover d of thefol-
lowing expression:���#�J� ���#PBdG *� Z�� Y�� W � ��F� - � W<�"� �7�B�J����� ���S�@PB���@ (1)

allows to find theoptimaltemplate(or theoptimalparametervec-
tor d ) which bestmatchesthe image. Equivalently, we canmini-
mize g��:9 �7�!�J� ���!PBdG andusethisexpressionasourenergy func-
tion. This energy function statisticallysegmentsthe imagein a
MaximumLikelihoodsense.



3.2. Joint model
In that prospect,we let the templatedefinetwo regions: the first
oneis thesetof pixelsinsidetheregiondelimitedby theprototype
template��c , and is denoted�D�c . The secondone is the outside
region, definedby the setof pixels locatedon the contourof the
deformedtemplatewith a slightly superiorscale. This last one
is denoted�D�c . From this, we proposethe following joint model
throughtheGibbsdistribution:�T�X� � �Id����! *� ��^�F !¡ s>g£¢��Id��(�# �t�

is a normalizingconstantand ¢ is an objective function mea-
suringhow well a giveninstanceof deformedtemplate��c fits the
contentof theinput image � . Theenergy function ¢��Id��(�# is com-
posedof two termsasexplainedbelow:¤ Lik elihood energy term: this first energy term measures
the likelihoodof the imageandis closeto the log-likelihooddis-
tributiondefinedin equation(1).¢�¥(�Id����! T�¦g �`¨§A©ª V�F« § ©ª �K9 �7�B�J����� ��� � P , �. g �` §A¬ª V�F« § ¬ª �K9 � � � ��� � ��� � P , Y  
wherethesummationof thefirst andsecondtermof ¢�¥ is over all
the `¨§ ©ª pixelsof �D�c andoverall the `¨§ ¬ª pixelsof � �c respectively.
Notethatthetwo weightingfactorsarenecessaryin orderto geta
scale-invariantlikelihoodmeasure.¤ Prior energy term: thesecondtermpenalizesthedeviation
of the deformedtemplate��c from the original prototype��� (see
Section2). This functiondoesnot penalizeaffine transformations
andis closeto theoneproposedby Jainetal. in [8].¢"��Id����! T�¯® VQ i « Q#° � [ -�  � )+� [ H�  �J± ) V² i « ² ��	 �  �@³
3.3. MAP detection
Usingthesetwo energy terms,thejoint distributioncanbewritten
as: � �X� � �Id��(�# T� ��^�� �¡ g�sB¢�¥"�Id����! ')}´\¢(!�Id����! �t (2)

wherethe factor ´ providesa relative weightingbetweenthe two
penaltytermsandallows to control the“rigidity” of thetemplate.
Theposteriordistributiondeducedfrom (2) is givenby:� � �@� �IdSPB�! *� �� H �� �¡ s>g£¢��Id����! �t
where

� H is a normalizingconstantdependingon � only. We for-
mulatenow thedetectionproblemasthesearchof theMaximumA
Posteriori (MAP) estimationof d :µd U·¶'¸ q ¹Bº�»½¼�¹  c s �7�'�@� �IdGPB�! �tq ¹Bº�»½¼h8:9c ¢��Id����! 

The searchof
µd U·¶D¸ is equivalent to the minimizationof ¢ .

This function is minimal whenthe deformedtemplatedelineates
two homogeneousregionsdistributedaccordingto the grey level

distribution correspondingto eachregion (via ¢ ¥ ) and when the
deformedtemplateis not too differentfrom theoriginalprototype
(via ¢" ). In orderto get an unsuperviseddeformable-basedseg-
mentationscheme,we have now to estimatethedistribution mix-
tureparameters.Weconsiderthis in thenext section.

4. MIXTURE PARAMETER ESTIMATION

4.1. ICE procedure
Considernow a coupleof randomfields

� �¾��¿À��ÁÂ , where Á¾�s.Á � �J�Ãq¾
�t representsthefield of observationslocatedon a lat-
tice 
 of ` sites � (associatedto the ` pixelsof the image),and¿l�rs.¿ � �J�^qr
½t the label field (relatedto ` blood or mus-
cle classlabelsof thesegmentedimage).Each Á � takesits value
in s.����O@O�O@�F4SeAeGt , and each ¿Ä� in s , � � blood� , Y � musclet .
Thedistribution of ��¿À��ÁÄ is defined,firstly, by prior distribution� � ���< , supposedto be stationaryandMarkovian in this mixture
parameterestimationstep,andsecondly, by site-wiselikelihoods� � � ��� � ��� � PB� �  , dependingonclasslabel � � . Theobservable Á is
calledthe“incompletedata”,and

�
the“completedata”.Thecon-

ditional likelihood
���#��� ���!PB�o dependson parametervector Å H ,

which is thedistributionmixtureparametervectorto beestimated.
In order to obtaina reliableestimationof this parameter, we re-
sort to the ICE algorithm[9]. This methodrelieson anestimatorµÅ H ���'���! for completelyobserveddatacase.When¿ is unobserv-
able,thisprocedurestartsfrom aninitial parametervector ÅÇÆ �(ÈH and
generatesa sequenceof parametervectorsleadingto the optimal
parameters.To thisend, Å Æ É@Ê Y ÈH atstep �IËX)z�� is chosenascondi-
tional expectationof

µÅ H given ÁÌ�y� , computedaccordingto the
currentvalue Å Æ É ÈH . It is thebestapproximationof Å H in termsof
the meansquareserror [9]. By denotingÍ É , theexpectationrel-
ative to parametervector Å Æ É ÈH , Å Æ É@Ê Y ÈH is computedfrom Å Æ É ÈH andÁÎ�Ï� by: Å Æ É@Ê Y ÈH �+Í É ° µÅ H ��¿À�(ÁÐ @Ñ ÁÎ�Ï� ±
Thecomputationof this expectationis impossiblein practice,but
wecanapproachit thanksto thelaw of largenumbersby:Å Æ É@Ê Y ÈH � ��  µÅ H ����Ò YÔÓ ���! <)+Õ@Õ�ÕB) µÅ H ����Ò 0SÓ ���! Ô�
where ��Ò � Ó �����Ö�S��O@O@O���� arerealizationsof ¿ drawn according

to the posteriordistribution
� �*�@� � ×�Ø ���<PB�o��Å Æ É ÈH  . As explained

below, for completedataestimator
µÅ H �����"�! , we usea Maximum

Likelihood(ML) estimatorfor thenoisemodelparameter. In or-
derto decreasethecomputationalload,wecantake �£�Ù� without
alteringthequality of theestimation[7]. Finally, we canusethe
Gibbssampleralgorithm[10] tosimulaterealizationsof ¿ accord-
ing to theposteriordistribution.

4.2. Estimation of Å H for the completedata
In orderto take into accountthe specklenoisephenomenon[11]
in thereverberationareas,we modeltheconditionalPDFof each
classby ashiftedRayleighlaw:{ � ���oÚ�C��5�T��ÛT ½� � � gLCE�I�Û � �F !¡ÇÜ g ��� � gLCE�I�' �4.Û � Ý
with ���ÃCE�I� and ÛÐ��� . Let now Á2�2��Á Y �@O@O@O@�(Á U  be _ ran-
dom variables,independentandidentically distributedaccording



to a singleRayleighlaw { � ���oÚJÅ H  , and ���Þ��� Y ��O@O�O@��� U  a re-
alizationof Á . TheML estimatorsof Å H for the“completedata”
of thissamplearegivenby [12]:ßCE�I� UÄà á µ� / � 0 g¾�µÛ �UÄà � �4S_ UV � WTY ��� � g ßCE�I� UÄà  �
where

µ� / � 0 �Ï¼h8K9 � ��� �  .
4.3. Estimation of Å H for the incompletedata

For thelocala priori modelof theGibbssampler, weadoptastan-
dardisotropicPottsmodelwith the8-connexity spatialneighbor-
hood [5]. In this model, thereare four parameters,called “the
cliqueparameters”associatedto thehorizontal,vertical,right and
left diagonalbinarycliquesrespectively. Giventhis local a priori
model,theprior distribution

� � ���< canbewrittenas:� � ���< *� �F !¡Ââ g Vã � � äÔåXæ � äSç �XgL	!���o����� ä  �è�é
wheresummationis taken over all pairsof neighboringsitesand	��(O  is the Kronecker delta function. In order to favor homoge-
neousregionswith no privilegedorientationin theGibbssampler
simulationprocess,we chooseæ � ä �ê� . Theparameterestimation
procedurefor theincompletedatais outlinedbelow:

Parameter initialization : The initial parametervalueshave
a significantimpacton theconvergenceof theICE procedureand
on thequality of thefinal estimates.We canusethe initialization
methoddescribedin [6] or give a parametervectornot “too far”
from theoptimalone.

ICE procedure: Å Æ É@Ê Y ÈH is computedfrom Å Æ É ÈH in thefollow-
ing way:ë O UsingtheGibbssampler, onerealization� is simulatedac-
cordingto theposteriordistributionbasedon ÅÇÆ É ÈH .ì OSÅ Æ É@Ê Y ÈH is estimatedwith theML estimator

µÅ H �����"�# of the
“completedata”.í O If the sequenceÅ H becomessteady, the ICE procedureis
ended,elsewereturnto step1.

Fig. 2 representsthe distribution mixture estimatedon the
echogramshown in Fig.3.aandthe histogramof this ultrasound
image: the two site-wiselikelihoodsaresuperimposedto the im-
agehistogram.Correspondingestimatesobtainedby theICE pro-
cedureare given in Table 1. The quality of the estimationsis
difficult to appreciatein absenceof groundtruth values. We can
roughlyperformsuchanevaluationby comparingthe imagehis-
togramwith the PDF correspondingparameters.Estimationre-
sultson syntheticimageswith groundtruth valueswill be given
in Section6 in orderto appreciatetherobustnessof thisprocedure
andthe quality of the estimations.Experimentshave shown that
the distribution mixture parameterskeepconstantfor all the im-
agesextractedof thesameechographicsequence.For this reason
themixtureparametersarecomputedonceandfor all on thefirst
frameof theechographicsequence.

ECI ProcedureÅ finalH�î:ïIðòñ(ñ(ó�ô ��O fGõ ÒKö Ó 4.f Ò / � 0SÓ 4B�G÷ Òòø�ù ÓÅ finalH@îòú*û �"ü ðòý"ô ��O eS4>ÒKö Ó 4Bf!Ò / � 0SÓÿþ f���� Ò ø�ù Ó
Table1: Estimatedparameters for thepicture reportedin Fig.3.a.; standsfor the proportion of the two classeswithin the image.CE�I� and Û are theshiftedRayleighlaw parameters.
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Figure2: Imagehistogramof thepicture reportedin Fig.3.a(solid
curve)and estimatedPDF mixture obtainedwith the ICE proce-
dure (dashedanddottedcurves).

5. OPTIMIZA TION PROBLEM

The objective function ¢��Id����# to be minimized is complex with
several local extremaover the deformationparameterspace. A
globalsearchis usuallyimpossibledueto thesizeof theconfigu-
rationspace.Instead,we have implementeda GeneticAlgorithm-
basedoptimizationtechnique[13] with thefollowing fitnessmea-
sure� (to bemaximized):

���IdG *� �� �¡ sGg£¢.�Id����! �t
In orderto speedup theconvergencerate,we have developedtwo
strategiesandwe have combinedthem. The first oneis an elite-
preservation strategy [13]: the individual with the highestfitness
survives to be an individual of the next generation.The second
strategy (calledhybridGA [13]) consistsin associatingthegenetic
searchwith a local optimizationtechnique.In eachgeneration,a
percentageof thebestindividualsareusedto initialize a gradient
ascenttechnique.Therefore,thesebestindividualsexplore local
neighborhoodsin theparameterspaceto find a pointof higherfit-
ness.

6. EXPERIMENT AL RESULTS

Distrib ution mixtur eestimationstep: basedonthedistribution
mixtureparametersgivenby theICE procedure(seeTable1), we
cancomputetheprobabilitymapfor thebloodandmuscleclasses.
This mapexhibits sharpboundariesbetweenhigh andlow proba-
bility regionsfor eachclass.As aresult,theprobabilitymapshave
a high gradientat the boundaryof the different regionsand low
gradienteverywhereelse. In order to constraintthe deformable
modelto beefficiently attractedto theboundariesof two homoge-
neousregionsby thegradient-basedlocal optimizationprocedure,
we needto spreadtheir region of influenceto a largerarea.To do
this,weconvolve eachprobabilitymapby a2D Gaussianmask.



Detectionstep: in orderto reducethesizeof theparameter
searchspace,theGA-basedstochasticexplorationis usedto only
estimatethe affine transformationparameters(five parametersto
be estimated).This affine deformationparameterestimationen-
suresa first cruderegistrationof the shapeto be detected.The
local explorationtechniqueof thebestindividualsselectedby the
GA, which is basedon thesteepestascentprocedure,is thenused
to estimatethewholeparametervector.

Testshave shown that this optimizationprocedureis not very
sensitive to the control parameters.In our application,thesepa-
rametersarecommonlyused[13] andarethe following: popula-
tion size � ���A� , crossover rate �v��O õ , mutationrate �l��O �S�Sõ ,
maximumnumberof generations���S� . At eachgeneration,we
selectfivebestindividuals(i.e.,parametervectors)for thehybrida-
tion with thelocaloptimizationtechnique.Theprototypetemplate
is a connected��4 -pointsmodel. Theweightingfactorpenalizing¢  termwith respectto ¢�¥ termis setto 0.1. All theseparameters
keepconstantfor thedetectionandthetrackingstep.

Using this procedure,a reliabledetectionof the endocardial
contouris obtainedfor all imagesof the echographicsequence.
Our GA takesabout e - 4A� generationsto converge to the true so-
lution. In fact, the convergenceratecan vary dependingon the
complexity of ¢ . Testshave shown that,aftera learningstep(i.e.,
typically 3-6 generationsof theGA), thegeneticexplorationpro-
videsgood initializationsfor the local explorationtechnique.In
our application,theoptimizationprocedurefor thedetectionpro-
cesstakesaboutthreeminutes(averageCPUtime) on a standard
Sun/Sparc2workstation.Fig. 3 shows thefirst frameof theecho-
graphicsequenceand illustratesthe bestdeformedtemplatefor
successivegenerationsof thegeneticsearch.In spiteof thespeckle
noiseanda randominitial populationfor theGA, anaccurateand
reliabledetectionof the endocardialborderis obtained. Fig. 4
shows a syntheticimagewith syntheticspecklenoiseandthe re-
sultingdetection/segmentationobtainedby our method.Realpa-
rametersof thedistributionmixturecanbecomparedto estimated
parametersby theICE procedure(seeTable2). Wecannoticethat
faithful noisemodelestimationsandaccuratesegmentationareob-
tained.

(a) (b) (c)

Figure3: Bestresultingtemplateafter: (a) 2 �����I¢J �� ��O � þ �� . (b)
3 �����I¢F S�E��OK�S� þ  . (d) 8 generations ���E�I¢J G�E��OK��õ��S .

Tracking step: thetrackingstrategy usedin our application
is the following: the final estimateof the previous time frameis
usedasan initialization for the steepestascentprocedurefor the
currenttime frame. If the resultingvalueof energy ¢ at conver-
genceis higher than a given threshold,we can assumethat the
inter-framemotion is small andthis strategy allows to provide a
properinitializationof thetemplatefor thelocal explorationtech-
niqueusedonthenext frame.In thiscase,theresultof thegradient
ascenttechniquegivesthe final resultfor the currenttime frame.

(a) (b) (c)

Figure4: Bestresultingtemplateafter: (a) 2 �����I¢F �� ��OK��f þ  . (b)
4 ���E�I¢J G����OK�����G . (d) 10generations ���E�I¢J G����OK�.÷.f> .

ICE procedureÅ finalH î:ý	�@ô ��O � þ ÒKö Ó � þ Ò / � 0SÓ �S÷S4 Òòø�ù ÓÅ finalH î:ý�
Fô ��O þ �SÒòö Ó � þ Ò / � 0GÓ 4B���S÷ Òòø�ù Ó
RealparametersÅ realH�î:ý � ô ��O � þ ÒKö Ó � þ Ò / � 0SÓ ÷B�S� Òòø�ù ÓÅ realH�î:ý 
 ô ��O þ � Òòö Ó � þ Ò / � 0GÓ 4B�S�A� Òòø�ù Ó

Table2: Estimatedparameters by theICE procedure andreal pa-
rameters for thepicture reportedin Fig. 4. ; standsfor thepro-
portion of the two classeswithin thesyntheticimage. min and Û
are theRayleighlaw parameters.

Otherwise,we decideto usethegeneticalgorithmcombinedwith
the steepestascentprocedureto re-estimatethe whole parameter
vector d . To this end,eachof the � parametersd.¥ is quantifiedonõ bits in orderto takeany valuewithin therange d.¥�gÂ	AdB¥5��d.¥F)h	AdB¥:�
with d.¥ the estimatedparametervaluegiven at the previous time
frame.

Fig. 5 and6 show the trackingof theendocardialcontourin
a medicalechographicsequenceat differenttime frames.We can
notice that the proposedmethodis reliable and the usedglobal
prior model seemsto be flexible enoughfor representingaccu-
rately the inherentnaturalvariability of the endocardialcontour
duringthecardiaccycle.

7. CONCLUSION

In this paper, we have developeda robustalgorithmto detectand
trackanatomicaldeformablestructuresliketheendocardialborder
in anultrasoundimagesequence.We have statedthis problemin
the Bayesianframework andtaken into accountall the available
a priori knowledgeof this problem. First, the proposedglobal
prior modelhasshown itself to be very flexible andwell suited
to modelthehigh variability of theendocardialcontourover long
imagesequence.Anotherimportantsourceof a priori knowledge
is informationabouttheintensityof thetissueof differentanatom-
ical structures.Thesefactors,highly dependenton the imaging
process,aretakeninto considerationby modelingthedistribution
of eachclassof theultrasoundimageby a Rayleighlaw. Param-
etersof eachPDFaregivenby a preliminaryestimationstepand
areexploited in thedatalikelihoodmodel. This methodseemsto
beparticularlywell suitedto handleultrasoundimageswith strong
specklenoiseon whichedgeinformationcannotbeexploited. Fi-
nally, the local andglobalminimizationprocedurewe proposeis
fast,robustanddonotrequireinitializationof thetemplatecloseto
thedesiredsolution.Initializationmaybedefinedat random,lead-
ing to segmentationand tracking procedurethat are completely
datadriven.



Figure5: Tracking of theendocardial contourin a medicalecho-
graphicsequenceat differenttimeframesduringthecardiaccycle.
Fromtop left to bottomright : frame1, 4, 6, 9, 12,13,18,20,27,
30,35,40,41,44,46.

(a) (b)

Figure6: Detection/segmentationobtainedwith our procedureon:
(a) frame33. (b) frame45.
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