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ABSTRACT

We! presenta nev methodto shape-basedementationof de-
formable anatomicalstructues in medicalimages and validate
this appmoadc by detectingand tracking the endocadial border
in an echographic image sequence To this end, a global prior
knowledg of the endocadial contouris captued by a prototype
templatewith a set of admissibledeformationsto take into ac-
countits inherent natural variability over time In this appioad,
the data likelihood modelrely on an accuiate statistical model-
ing of the grey level distribution of eadh classpresentin the im-
age. The parametes of this distribution mixture are givenby a
preliminary estimationstepwhich takesinto accountthe distribu-
tion shapeof ead class. Thenthetradking problemis statedin a
Bayesiarframavork whee it endsup asan optimizationproblem.
Thisoneis thenefficientlysolvedby a geneticalgorithmcombined
with a steepestiscenprocedue. Thistechniquehasbeensuccess-
fully appliedon synthetidmagesandon a real echocadiographic
image sequence

1. INTRODUCTION

The sggmentationof imagesis of greatimportancein medical
imaging andremainsa necessangtepto obtain qualitatve mea-
surementsuchasthe visualizationor the location of objectsof
interestaswell asfor quantitatve measurementsuchasareayvol-
umeor theanalysisof dynamicbehaior of anatomicaktructures
over time. Amongtheseimagesultrasoundmagesplay a crucial
role, becausehey canbe producedat video-rateandthereforeal-
low adynamicanalysisof moving structuresMoreover, theacqui-
sition of thesemagess non-invasive, cheapanddoesnotrequire
radiationscomparedo othermedicalimagingtechniquesOnthe
otherhand,the automaticseggmentationof anatomicalstructures
in ultrasoundmagesis a real challengedueto specklenoiseand
artifactswhich areinherentin theseimages.

Most currentautomaticsggmentatiortechniquesisedin med-
ical applicationshave beendevelopedfor CT and MRI images
[1, 2]. Amongtheseseggmentationschemestwo of the morere-
liable approachessethe Bayesiarinferencewhich allows to take
into accountanavailablelocal or globala priori knowledge.This
available knownledgeis then usedto constraintthe sggmentation
process. Thesemethodsare basedon deformabletemplatesor
Markov Randon¥Fields(MRF) models.Both have advantagesand
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shortcomings. The increasedbopularity of the deformabletem-

plates[3, 4] can be explainedby their ability to express,via a

global prior model,the geometridnformationandthe shapevari-

ability of the objectof interestto be detectecbver time andacross
individuals. In MRF-basedsementationapproacheshe proper
use of available prior informationis expressedby a local prior

model. This one expressesimply the factthat nearbypixels are
fairly likely to belongto the sameclass[5].

The main problemwith deformablemodelsis that the like-
lihood enegy are heuristicallydesignedand do not statistically
segmenttheimage. As for MRF models,they cannotincorporate
ary globalshapeconstraintsn the segmentatiorprocess.Never-
thelesscontraryto deformablemodel-basedpproacheghelike-
lihood modelof an MRF model-basedinsupervisedggmentation
exploits an accuratestatisticalmodelingof the grey level distri-
bution of eachclasspresenin theimage[6]. Sinceit seemghat
deformabletemplategprovide aninterestingframenork for struc-
turally analyzinganimageandMRF modelsprovide agoodmath-
ematicakettingfor statisticallyanalyzinganimage it makessense
to capitalizeon the benefitsof bothmethods.

Tothisend,we proposeadeformabléemplatebasedapproach
for theseggmentatiorandthetrackingof theendocardiatontourin
an echographiémagesequenceWe first definea prototypetem-
plate along with a setof admissibletransformationsn orderto
capturetheavailableglobala priori shapeknowledgeof theendo-
cardialcontourwith its inherentnaturalvariability over time. In
this Bayesiarsggmentationthelik elihoodmodelrely onanaccu-
rateMarkovian statisticamodelingof thegrey level distribution of
eachclasspresentn theimage.Theparametersf thisdistribution
mixture are given by a preliminary statisticalestimationmethod
calledlterative ConditionalEstimation(ICE) [7]. Then,thedetec-
tion andthetrackingproblemis statedn aBayesiarframeavork as
the estimationof the deformationparametersf the templatethat
maximizethe posteriorProbabilityDensityFunction(PDF).In or-
der to efficiently maximizethis function, we resortto a genetic
explorationof the parameterspacecombinedwith a steepesas-
centprocedure.

This paperis organizedasfollows: Sections2 and3 present
the templatemodelingand the proposedBayesianapproach. In
Section4, we detail the distribution mixture parametergstima-
tion stepusedin the datalikelihoodmodel. The stochastisearch
methodusing a hybrid GeneticAlgorithm (GA) is describedin
Section5. In Section6, we reportsomeexperimentalresultson
syntheticimageandon arealultrasoundmagesequenceSection
7 containsconcludingremarks.



2. DEFORMABLE TEMPLATE REPRESENTATION

In orderto modelthe global shapeknowledgeof the endocardial
contour we first roughly defineit by a setof n labeledpoints,
equally sampled,which approximatethe outline of a circle (cf.
Fig. 1.a).A cubicB-splineshaperepresentatiomvolving thesen
controlpointscorrespondindo “landmarks”is thendefined. The
prototypetemplatey, doesnot describethe possibleinstancef
the objectshapeto be detected.In orderto take into accountthe
naturalvariability of the consideredbject,we introducea setof
admissibleaffine andnon-afine local andglobaltransformations.

Description of local non-affine transformations
First,alocal deformatiorprocess appliedto then controlpoints
is introduced. Theselocal deformationsappliedto the original
shapey, allow to modellocalrandomperturbationshatcanoccur
for eachcontrol point of the templateoutline. Mathematically
theselocal deformationsarerepresentedby local translationgor
eachcontrolpointof ~, (cf. Fig. 1.b).

Description of global non-affine transformations

In orderto refinethe shaperepresentationye introducea global
non-afine deformation.The oneusedin this paperwasfirst pro-
posedby Jainetal. [8]. In this approachthe imageis consid-
eredto be mappedo the unit squareS = [0, 1]>. The deforma-
tion is thenrepresentetyy a displacementunctionD(z, y). The
mapping(z,y) — (z,y) + D(z,y) is thusa deformationof S,

a smoothmappingof the unit squareonto itself. The spaceof

suchdisplacementfunctionsis spannedy thefollowing orthogo-
nal bases:
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for m,n = 1,2,... Low valuesof m and/or n correspondo

lower frequeng componentof the deformation. The displace-
mentfunctionis thenchoserasfollows:
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where\,, = m2(n? + m?) arethe normalizingconstants The
parameterectors¢ arethe projectionsof the displacementunc-
tion on the orthogonabasispreviously defined.In orderto allow
a sufiiciently wide rangeof possibledeformationsyhile keeping
the numberof parameterseasonablewe use M = N = 2. Fig.
1 illustratesthe seriesof deformationsof an initial templatefor
differentvaluesof M and N. We cannoticethatthe deformation
becomesnorecomplex ashigherfrequeng componentsreadded
to thedisplacementunctionD.

Description of affine transformations
Finally, we introducea setof admissibldineartransformationsn
~. Thesedeformationsnvolve translation,scaling,rotation,and
stretchingof thetemplate.

Let now g be a deformedversionof the original prototype
7o accordingto the aforementionedransformationsvith param-
etervectorf. A globalconfigurationof the deformabletemplate
is thusdescribedy 5 parametersorrespondingo affine transfor
mations 4 pairsof globalnonaffine deformationparametersand
(n — 2) pairsof translatiorvector(d,;, d,;) respectiely. Thecir-
cular prototypetemplatewith the setof aforementionedransfor
mationsconstituteour globalprior modeldescribinghe different
possibleconfigurationof the shapeof interest.
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Figure 1: Local and global non-afine deformations. (a) Initial
template(the grid is not part of the modelitself). (b) vo with
local randomperturbations. Global non-afine deformationson
this locally deformedtemplatewith: (¢) M = N = 1 and
&, =&, =2 ¥Ymn € {0,1}>. )M = N = 2 and
£, = €%, =2 VYm,n € {0,1,2}%

3. SEGMENTATION MODEL

3.1. Intr oduction

In a commonlyuseddeformablemodel-basedBayesiansggmen-
tationapproachspatialand/ortemporalgradientmeasuralerived
from the input image, are generallyexploited in the datalikeli-
hoodmodel[1, 8]. Dueto the specklenoise,ourlikelihoodmodel
cannotrely efficiently on this type of gradientmeasure.Instead,
we proposearegion orientedstatisticalapproachMore precisely
we proposeo modelandusethe grey level statisticaldistribution
of eachhomogeneousegion existing in an echogramandto ex-
ploit ana priori informationaboutthelocationof theendocardium
with respecto eachotheranatomicaktructuregresenin the ul-
trasoundimage. This a priori anatomicalinformationexpresses
thefactthatthe endocardiatontourdelineateswo homogeneous
regions {Ro,R1}. The first one, called the blood zone arises
from thelow acoustiowave reverberationin the ventricularcavity
(filled with blood). Thesecondne,calledthemuscleregion (R1),
is dueto the acousticsignal reverberationon the cardiacmus-
cles. Eachaforementionedegion hascompletelydifferentgrey
level intensitydistribution andeachpixel of theinputimagehasa
membershipikelihoodto eachclass{eo = blood, e1 = muscle}
thatwe candefinedby the ProbabilityDensityFunctions(PDFs)
Py, /x,(ys/xs=ei) i€{0,1} wherey, designatethegrey level
of thepixel atsite s andz; is its associatedlasslabel. Assuming
that N (IV = 2 in our application)distincthomogeneousegions
arepresenin theinputimage,the maximizationover 6 of thefol-
lowing expression:

N-—-1

Pyo/8)= I I Prsx.(us/s) (1)

j=0 s:zs=e;

allows to find the optimaltemplate(or the optimal parametewxec-
tor 8) which bestmatcheghe image. Equivalently we canmini-
mize —In Py, ¢ (y/0) andusethis expressiorasour enegy func-
tion. This enegy function statistically sggmentsthe imagein a
MaximumLikelihoodsense.



3.2. Joint model

In that prospectwe let the templatedefinetwo regions: the first
oneis thesetof pixelsinsidetheregiondelimitedby the prototype
template~yy, andis denotedyg. The secondoneis the outside
region, definedby the setof pixels locatedon the contourof the
deformedtemplatewith a slightly superiorscale. This last one
is denotedy;. Fromthis, we proposethe following joint model
throughthe Gibbsdistribution:

1
Po.y(6,y) = - exp{—e(6,y)}
Z is anormalizingconstantand e is an objective function mea-
suringhow well a giveninstanceof deformediemplateyy fits the
contentof theinputimagey. Theenegy functione(é, y) is com-
posedof two termsasexplainedbelow:

e Lik elihood enemgy term: this first enegy term measures
thelikelihoodof theimageandis closeto the log-likelihooddis-
tribution definedin equation(1).

1
al,y) =—x—- > InPy,/x,(ys/eo)
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1
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wherethe summatiorof thefirst andsecondermof ¢; is over all
theNyg pixelsof vg andoverall theNA,g pixelsof v, respectiely.
Notethatthetwo weightingfactorsarenecessarjn orderto geta
scale-ivariantlikelihoodmeasure.

e Prior enemy term: thesecondermpenalizegshe deviation
of the deformedtemplateyy from the original prototype~y, (see
Section2). This functiondoesnot penalizeaffine transformations
andis closeto the oneproposedy Jainetal. in [8].

a6.0) = (3 [E)?+E)]+ > 6)°)
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3.3. MAP detection
Usingthesetwo enegy terms,thejoint distribution canbewritten
as:
1
Poy(8,y) = exp—{e(,y) +pes(6,9)} )

wherethe factor p providesa relative weightingbetweerthe two
penaltytermsandallows to controlthe “rigidity” of thetemplate.
The posteriordistribution deducedrom (2) is givenby:

Pov(8/y) = Zi exp{—e(6, 1)}

whereZ, is anormalizingconstandependingny only. We for-
mulatenow thedetectiorproblemasthesearchof the MaximumA
Posteriori (MAP) estimatiornof 8:

Orvap € arg max{Po,v(0/y)}
€ arg n{gin €(0,y)
The searchof 6y 4p is equivalentto the minimization of e.

This functionis minimal whenthe deformedtemplatedelineates
two homogeneousegionsdistributedaccordingto the grey level

distribution correspondingo eachregion (via ¢;) and whenthe
deformedtemplateis nottoo differentfrom the original prototype
(via €p). In orderto getan unsupervisedieformable-baseday-
mentationschemewe have now to estimatethe distribution mix-
ture parametersWe considetthis in the next section.

4. MIXTURE PARAMETER ESTIMATION

4.1. ICE procedure

Considemow a coupleof randomfields Z = (X, Y), whereY =

{Y,, s € S} representshefield of obserationslocatedon a lat-

tice S of N sitess (associatedo the NV pixels of theimage),and
X = {X,,s € S} thelabelfield (relatedto N blood or mus-
cle classlabelsof the sgmentedmage). EachY; takesits value
in {0,...,255}, andeachX, in {ep = blood e; = musclg.

Thedistribution of (X,Y") is defined firstly, by prior distribution

Px(z), supposedo be stationaryand Markovian in this mixture
parameteestimationstep,and secondly by site-wiselikelihoods
Py, /x,(ys/xs), dependingnclasdabelz,. TheobserableY is

calledthe“incompletedata”,andZ the“completedata”. Thecon-
ditional likelihood Py, x (y/x) dependsn parametervector ®,,

whichis thedistribution mixture parametevectorto be estimated.
In orderto obtaina reliable estimationof this parameterwe re-

sortto the ICE algorithm[9]. This methodrelieson anestimator
<i>y (z, y) for completelyobsereddatacase WhenX is unobserv-
able thisprocedurestartsfrom aninitial parametevectorfbgo] and
generates sequencef parametewectorsleadingto the optimal

parametersTothis end,@L’“Jrl] atstep(k + 1) is choserascondi-

tional expectationof <i>y givenY = y, computedaccordingo the

currentvalueég[f]. It is the bestapproximatiorof @, in termsof

the meansquaresrror[9]. By denotingE}, the expectationrel-

ative to parametewector®*!, ¥+ is computedrom ®[! and
Y =y by:

3t = B, [3, (X, V)|V =]

The computatiorof this expectationis impossiblein practice but
we canapproacthit thanksto thelaw of large numberdy:
1 .2 A

et = 2z, y) + o+ 2y (2, )]
wherez;, i = 1,...,n arerealizationsof X drawvn according
to the posteriordistribution Px,y,s, (/y, @Lk]). As explained
below, for completedataestimatortfy(x, y), we usea Maximum
Likelihood (ML) estimatorfor the noisemodelparameterin or-
derto decreas¢he computationaload,we cantake n =1 without
alteringthe quality of the estimation[7]. Finally, we canusethe
Gibbssampleralgorithm[10] to simulaterealizationsf X accord-
ing to the posteriordistribution.

4.2. Estimation of &, for the completedata

In orderto take into accountthe specklenoisephenomenotfil1]
in the reverberatiorareaswe modelthe conditionalPDF of each
classby a shiftedRayleighlaw:

. - 2
. — min — min
Ry (y; min,a) = Ys — Tin o5 P <—7(ys 5o ) )

with y >min anda >0. Letnow Y = (Y1,...,Yx) be M ran-
dom variables,independenandidentically distributed according



to asingleRayleighlaw Ry (y; ®,), andy = (y1,...,yn) are-
alizationof Y. The ML estimatorsof @, for the“completedata”
of this samplearegivenby [12]:

—

minML ~ gmin -1
1 M
d?\lL = m Z(yl — minML)2
=1

wheregjm,-n = min; (y,)

4.3. Estimation of &, for the incompletedata

Forthelocala priori modelof the Gibbssamplerwe adopta stan-
dardisotropicPottsmodelwith the 8-conngity spatialneighbor
hood[5]. In this model, thereare four parameterscalled “the
cligue parametersassociatedo the horizontal,vertical,right and
left diagonalbinary cliquesrespectiely. Giventhis local a priori

model,the prior distribution Px (z) canbewritten as:

Px(z) = exp {— Z Bst(1— 5(%,%))}

<s,t>

wheresummationis taken over all pairsof neighboringsitesand
4(.) is the Kronecler deltafunction. In orderto favor homoge-
neousregionswith no privilegedorientationin the Gibbssampler
simulationprocessye choosels: = 1. The parameteestimation
procedurdor theincompletedatais outlinedbelow:

Parameter initialization : The initial parametevalueshave
a significantimpacton the corvergenceof the ICE procedureand
on the quality of the final estimates We canusethe initialization
methoddescribedn [6] or give a parameterectornot “too far”
from theoptimalone.

ICE procedure: <I>?[f°+1] is computedrom <I>£,k] in thefollow-
ing way:

1. Usingthe Gibbssampleronerealizationz is simulatedac-
cordingto the posteriordistribution basedn é[y’“].

2. 31 is estimatedwith the ML estimatord, (z, y) of the
“completedata”.

3. If the sequenceb, becomessteadythe ICE procedures
endedglsewe returnto stepl.

Fig. 2 representghe distribution mixture estimatedon the
echogramshavn in Fig.3.aandthe histogramof this ultrasound
image: the two site-wiselik elihoodsare superimposetb the im-
agehistogram.Correspondingstimate®btainedoy the ICE pro-
cedureare given in Table 1. The quality of the estimationsis
difficult to appreciatén absencef groundtruth values. We can
roughly performsuchan evaluationby comparingthe imagehis-
togramwith the PDF correspondingparameters.Estimationre-
sultson syntheticimageswith groundtruth valueswill be given
in Section6 in orderto appreciatéherobustnes®f this procedure
andthe quality of the estimations.Experimentshave shavn that
the distribution mixture parameter&eepconstantfor all the im-
agesextractedof the sameechographisequenceFor this reason
the mixture parametersare computedonceandfor all on thefirst
frameof the echographisequence.

ECI Procedure

<I>;;“§‘,lwd) 0.48(x) 24(min) 20742
Pimuscte)  9-52(m) 24(min) 9436(42)

Tablel: Estimatedpbarametes for the picture reportedin Fig.3.a.
7 standsfor the proportion of the two classeswithin the image.
min anda are theshiftedRayleighlaw parametes.

Histogram

“ Histogram —
0.02 i Blood: law ===
Muscleilaw -----

0.015 i

0.01 | WH
0.005 A

o by

0 50 100 150 200 250
Grey level

Occurence probability
==

0

Figure2: Image histagramof the picture reportedin Fig.3.a(solid
curve) and estimatedPDF mixture obtainedwith the ICE proce-
dure (dashedanddottedcurves).

5. OPTIMIZA TION PROBLEM

The objective function (6, y) to be minimizedis complex with
several local extremaover the deformationparameterspace. A
globalsearchis usuallyimpossibledueto the sizeof the configu-
rationspace Insteadwe have implementedh GeneticAlgorithm-
basedptimizationtechniqug13] with thefollowing fithessmea-
sureF (to bemaximized):

F(6) = exp{—e(8,y)}

In orderto speedup the corvergencerate,we have developedtwo
stratgjiesandwe have combinedthem. Thefirst oneis an elite-
preseration stratgy [13]: the individual with the highestfithess
survivesto be an individual of the next generation. The second
stratgyy (calledhybrid GA [13]) consistsn associatinghegenetic
searchwith alocal optimizationtechnique.ln eachgenerationa
percentagef the bestindividualsareusedto initialize a gradient
ascentechnique. Therefore thesebestindividuals explore local
neighborhood the parametespaceo find a point of higherfit-
ness.

6. EXPERIMENT AL RESULTS

Distrib ution mixtur e estimationstep: basednthedistribution
mixture parametergiven by the ICE procedurgseeTablel), we
cancomputethe probabilitymapfor thebloodandmuscleclasses.
This mapexhibits sharpboundariebetweerhigh andlow proba-
bility regionsfor eachclass.As aresult,theprobabilitymapshave
a high gradientat the boundaryof the differentregionsandlow
gradienteverywhereelse. In orderto constraintthe deformable
modelto beefficiently attractedo theboundarie®f two homoge-
neousregionshby the gradient-basebbcal optimizationprocedure,
we needto spreadheir region of influenceto alargerarea.To do
this, we convolve eachprobabilitymapby a 2D Gaussiaimask.



Detectionstep: in orderto reducethe sizeof the parameter
searchspacethe GA-basedstochastiexplorationis usedto only
estimatethe affine transformatiorparametergfive parameterso
be estimated).This affine deformationparameteestimationen-
suresa first cruderegistrationof the shapeto be detected. The
local explorationtechniqueof the bestindividualsselectedby the
GA, whichis basedn the steepesascenprocedureis thenused
to estimatehewhole parametevector

Testshave shawn thatthis optimizationprocedurds not very
sensitve to the control parametersin our application,thesepa-
rametersaarecommonlyused[13] andarethe following: popula-
tion size= 100, crosseer rate = (.8, mutationrate = 0.008,
maximumnumberof generations= 30. At eachgenerationwe
selecfive bestindividuals(i.e.,parametevectors)or thehybrida-
tion with thelocal optimizationtechnique Theprototypetemplate
is a connected 2-pointsmodel. The weightingfactorpenalizing
€p termwith respecto ¢; termis setto 0.1. All theseparameters
keepconstanfor thedetectiorandthetrackingstep.

Using this procedurea reliable detectionof the endocardial
contouris obtainedfor all imagesof the echographicsequence.
Our GA takesabout5-20 generationgo converge to the true so-
lution. In fact, the convergencerate can vary dependingon the
compleity of e. Testshave shawn that,afteralearningstep(i.e.,
typically 3-6 generation®f the GA), the geneticexplorationpro-
videsgood nitializationsfor the local explorationtechnique.In
our application the optimizationprocedureor the detectionpro-
cesstakesaboutthreeminutes(averageCPUtime) on a standard
Sun/Sparc2vorkstation.Fig. 3 shavs thefirst frameof theecho-
graphicsequencend illustratesthe bestdeformedtemplatefor
successie generationsf thegeneticsearchlin spiteof thespeckle
noiseanda randominitial populationfor the GA, anaccurateand
reliable detectionof the endocardiaborderis obtained. Fig. 4
shavs a syntheticimagewith syntheticspecklenoiseandthe re-
sulting detection/sgmentationobtainedby our method. Realpa-
rameterf the distribution mixture canbe comparedo estimated
parameterby theICE procedurgse€eTable2). We cannoticethat
faithful noisemodelestimationg@ndaccuratessegmentatiorareob-
tained.
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Figure3: Bestresultingtemplateafter: (a) 2 (F(e) =0.091). (b)
3 (F(e)=0.119). (d) 8 genemtions(F(e) =0.186).

Tracking step: thetrackingstratgy usedin our application
is the following: the final estimateof the previous time frameis
usedasan initialization for the steepesascentprocedureor the
currenttime frame. If the resultingvalue of enepgy ¢ at conver
genceis higherthan a given threshold,we can assumethat the
inter-framemotion is small andthis stratgy allows to provide a
properinitialization of thetemplatefor the local explorationtech-
nigueusedonthenext frame.In this casetheresultof thegradient
ascentechniquegivesthe final resultfor the currenttime frame.

@  ® ©
Figure4: Bestresultingtemplateafter: (a) 2 (F(e) =0.149). (b)
4 (F(e)=0.166). (d) 10generntions(F(e) =0.174).

ICE procedure

O, 009 T9min) 6722

“Oyn, 091Gy DOmin) 2037(42)
Realparameters

T;?‘eo) 0'09(7r) 19(min) 700(a2)

<I>;/e?flél) 0'91(‘") 19(min) 2000(a2)

Table2: Estimatedparametes by the ICE procedue andreal pa-
rametes for the picture reportedin Fig. 4. = standsfor the pro-
portion of the two classeswithin the syntheticimage. min and «
are the Rayleighlaw parametes.

Otherwise we decideto usethe geneticalgorithmcombinedwith
the steepestaiscentprocedureo re-estimatehe whole parameter
vectord. To this end,eachof the L parameter$; is quantifiedon
8 bitsin orderto take arny valuewithin therangel6; — 66;, 6; + 46;]
with 6; the estimatedparametewalue given at the previous time
frame.

Fig. 5 and6 shav thetrackingof the endocardiatontourin
amedicalechographisequencat differenttime frames.We can
notice that the proposedmethodis reliable and the usedglobal
prior model seemsto be flexible enoughfor representingaccu-
rately the inherentnaturalvariability of the endocardiakcontour
duringthe cardiaccycle.

7. CONCLUSION

In this paper we have developeda robustalgorithmto detectand
trackanatomicatieformablestructuredik e theendocardiaborder
in anultrasoundmagesequenceWe have statedthis problemin

the Bayesianframavork andtaken into accountall the available
a priori knowledge of this problem. First, the proposedglobal
prior modelhasshawn itself to be very flexible andwell suited
to modelthe high variability of the endocardiatontourover long

imagesequenceAnotherimportantsourceof a priori knowvledge
is informationabouttheintensityof thetissueof differentanatom-
ical structures. Thesefactors,highly dependenbn the imaging
processaretakeninto consideratiorby modelingthe distribution

of eachclassof the ultrasoundmageby a Rayleighlaw. Param-
etersof eachPDF aregiven by a preliminaryestimationstepand
areexploitedin the datalikelihoodmodel. This methodseemso

beparticularlywell suitedto handleultrasoundmageswith strong
specklenoiseon which edgeinformationcannotbe exploited. Fi-

nally, the local andglobal minimizationprocedurene proposes

fast,robustanddonotrequireinitialization of thetemplatecloseto

thedesiredsolution.Initialization maybedefinedatrandomjead-
ing to sggmentationand tracking procedurethat are completely
datadriven.



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

@ (b)

Figure6: Detection/sgmentatiorobtainedwith our procedue on:
(a) frame33. (b) frame45.
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