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ABSTRACT

We1 presentanew multiscaleapproachfor deformablecontourop-
timization.Themethodreliesonamultigrid minimizationmethod
anda coarse-to-finerelaxationalgorithm. This approachconsists
in minimizingacascadeof optimizationproblemsof reducedcom-
plexity. Contraryto classicalmulti-resolutionalgorithms,no re-
ductionof imageis applied. The family of definedenergy func-
tionsarederivedfrom theoriginal (full resolution)objective func-
tion, ensuringthat thesamefunctionis handledat eachscaleand
thattheenergy decreasesateachstepof theminimizationprocess.
The efficiency andthe speedof this approachis demonstratedin
thedifficult context of theboundarydetectionof anatomicalstruc-
turesin ultrasoundimagery.

1. INTRODUCTION

Segmentationremainsa necessarystepin medicalimagingto ob-
tain qualitative measurementssuchas the location of 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 ultrasoundimageryis a realchallengedueto specklenoiseand
artifactswhichareinherentin theseimages.Theseartifactscreate
opencontourand/orill definedboundaries,makingineffective al-
gorithmssuchasMarkov RandomField-basedsegmentationtech-
nique[1].

Amongtheexisting segmentationtechniques,theactive con-
tour models,or so-calledsnakes[2], areaneffective way to over-
cometheseartifactsandto rightly model the fact that the object
to be detectedis assumedto be connected.Besides,their ability
to efficiently combineboththeavailablea priori knowledgeabout
thestructureof interestandlocal correspondanceswith theimage
features,makesthemvery attractive for thesegmentationtasksin
ultrasoundimagery. Nevertheless,this modelingfinally requires
to solve an intricateenergy functionminimizationproblem. The
configurationspaceof thisoptimizationproblemis generallyvery
large and the resultingenergy function may exhibit many local
minima, especiallywhenthe imagecontainsstrongnoise,which
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is frequentlythecasein ultrasoundimagery. In orderto copewith
thisoptimizationproblem,gradient-basedmethodshaveoriginally
beenproposed[2]. The main drawbackof thesetechniquesis to
requireaproperinitializationof theinitial contournot toofar from
theexpectedboundary, otherwisethey will converge towardsbad
local minima. Dynamic Programming[3] solves the optimality
problem,althoughat the expenseof a very high computational
load. In order to shortenexecution times, researchershave re-
cently suggestedto combinegradientor DP-basedmethodswith
a multi-resolutionframework. Nevertheless,theoptimalsolution
is no moreguaranteed.Besides,the constructionof the “multi-
resolutionpyramid” resultsin losingsomeimportantinformation
thatourenergy functionis sensitive to.

In orderto overcomethis problem,we proposehereinto ex-
tend to our optimizationproblem, the multiscalestrategy com-
bined with the multi-resolutionframework introducedin [4] for
theestimationof theopticalflow in an imagesequence.Thekey
ideaof thisstrategy consistsin minimizingtheglobalenergy func-
tion throughan appropriatehierarchyof subspacesof the whole
configurationspace.Thesesubspacescontainconstrainedconfig-
urationsdescribingtheexpectedsolutionatdifferentscales.In our
application,thesesolutionsaremodeledasbeingtheoptimalpo-
sitionsof a sequenceof dynamiccontourmodels,of decreasing
thickness,whoseenergy function is derived from theoriginal en-
ergy function.Thisconstrainedoptimizationis implementedusing
a coarse-to-fineprocedureon a pyramidalstructure.This method
hasshown to be very robust for optimizing a highly non-linear
objective function andhasturnedout to provide quickly a good
estimateverycloseto theglobalminima[4].

This paperis organizedasfollows: Section2 presentsthedy-
namiccontourmodelusedin our applicationandtheresultingen-
ergy functionto beoptimized.Themultiscaleminimizationstrat-
egy adaptedto our problemis describedin Section3. In Section
4, we reportsomeexperimentalresultson realultrasoundimages.
Finally, Section5 containsconcludingremarks.

2. THE ACTIVE CONTOUR MODEL

Formally, anactive contour � is simply definedby anorderedset
of � nodes,���
	 ����������������������� , giving coordinatesof pointson
the contourin a circularmanner. A cubicB-splinecurve involv-
ing these� controlpoints(or a simplestraightline betweeneach
node)allows to completelydefinethis model. Givenanimage � ,
its energy functionis generallygivenby:�

snake� ����� ��  ! � " � int � �  �$#&% � ext � �  ���'��( (1)



where % is a weightingparameter.
�

int and
�

ext are the internal
andexternalenergy termsrespectively, alsocalledthe constraint
forces,of the contourelement�  . Thesetwo energy termsplay
different roles in the energy minimizationprocess.The internal
energyallowstoexpresstheavailableapriori knowledgeaboutthe
contourshapeto be detectedwhereasthe externalenergy allows
to pull the snake towardsthe desiredimagefeatures[2] (suchas
edges,regions,textures,etc.).

In orderto modelourapriori knowledgeonthesmoothnessof
the anatomicalshapeboundaryto be detected,a commonlyused
solutionconsistsin measuringthe curvatureat eachnodeof the
contour[5] andthenin usingthis measureasthe internalenergy
term: �

int � �  ���*),+.-�-�/�021 343353 6�  87 � �  $9 3353:6�  �  4; �< 3=353'3>6�  87 � �  < 9 < 3353:6�  �  4; � <'? (2)

that is the anglebetweenthe two vectors 3@3'3'3A6�  B7 �.�  and 3353:6�  �  4; � . In
theminimizationprocess,thisa priori energy termpenalizeshigh
curvatureon thecontour.

In a commonlyusedactive contourmodel-basedsegmenta-
tion approach,spatialgradientmeasuresderived from the input
image,aregenerallyexploitedin theexternalenergy term[6]. In
ourapplication,dueto thespecklenoiseandartifactswhicharein-
herentto ultrasoundimages,our externalenergy termcannotrely
efficiently on this type of measure.An alternative modelconsist
in exploiting the statisticaldistribution of the grey levels inside
and outsidethe boundaryof the object to be detected[7]. Let�C�ED���FHGJILK , the setof pixels of the imagelocatedon a lat-
tice I of M sites N . AssumingoneProbabilityDensityFunction
(PDF), O in, for thepixels insidetheobjectandanotherPDF, O out,
for thepixelsoutsidetheobject,we canthendefinethefollowing
externalenergy termby:�

ext � �  ���'�2� 3QPR in

�FTS�U inVXWZY O in � � F � 3 PR out

�FTS�U outV WZY O out � � F � (3)

where�[F designatesthegrey level of thepixel at site N . Thesum-
mationof thefirst andsecondtermof

�
ext is over all the

R
in andR

out selectedpointsbelongingto the straightsegmentperpendic-
ular to thecontourat node �  , passingthroughthis point, andre-
spectively locatedinsideandoutsidethecontour(seeFig. 1). This
likelihoodterm is minimal whenthesnake delineatestwo homo-
geneousregions,atnode�  , distributedaccordingto thegrey level
statisticaldistribution correspondingto eachregion. Using these
two energy terms,theoptimalcontour, � opt, canthenbeobtained
by finding theonethatminimizestheenergy

�
snake� ��� .

Unfortunately, minimizingsuchaglobalenergy functionis of-
tenanintricateproblem:thespaceof possiblecontours\ is gen-
erally very large andtheenergy functionmayexhibit many local
minima, especiallywhenthe imagecontainsstrongnoise,which
is our casein ultrasoundimagery(seeSection4). In [2] and in
many otherworks,gradient-basedmethodsareusedfor theenergy
minimizationof thisenergy functiontype.Thesemethodsaresim-
ple but have the disadvantageto requirea properinitialization of
thedynamiccontournot too far from theexpectedboundary, oth-
erwisethey will converge toward bad local minima. In order to
overcomethis problem,stochasticmethodsbasedon Simulated
Annealing(SA) [6] have thenbeenproposed.Theseoneshave
the capabilityof avoiding local minimaandconsequentlyno hu-
maninteractionis requiredto initialize thecontourmodel. How-
ever, oneof themajordrawbacksof theseproceduresis their very

high computationalload. Variousdeterministicalgorithmsbased
on DynamicProgramming(DP) or variationalmethods[3] have
thenbeenconstructedfor finding the optimal (minimum energy)
contourin a neighborhoodof theinitial contour. If this neighbor-
hood,alsocalledthesearchwindow, is too smallandanunproper
initializationof theinitial contouris given,a localsub-optimalso-
lution is thenfound. Nevertheless,if this searchwindow is large
enough,the optimal contouris thenguaranteed,althoughat the
expenseof asignificantincreaseof thecomputationalcomplexity.

In orderto shortenexecutiontimesfor practicalapplications,
researchershaverecentlysuggestedto combineDPalgorithmwith
a multi-resolutionframework [8]. Themainideain usingamulti-
resolutionmethodis to allow to reducethenumberof candidates
in thesearchwindow, sothattheresearchprocessgetsfaster. De-
formablecontouroptimizationalgorithmis appliedto thecoarser
resolutionlevel and the obtainedsolution is usedas the initial
snakepositionfor thenext lowerlevel. Theprocesscontinuesuntil
thecontourisoptimizedattheoriginalimagelevel. Thisprocedure
noticeablyshortenthecomputationaltime. Nevertheless,theopti-
mal solutionis no moreguaranteed.In addition,theconstruction
of differentresolutionlevels,usuallyobtainedby low-passfilter-
ing thedata,resultsin losingsomeimportantinformationthatour
externalenergy termis sensitiveto. In ourcase,this low pass-filter
would changethenatureandtheparameterof thedifferentPDFs
exploitedin theexternalenergy term(Eq. (3)). It is evenmoretrue
if thePDFsarenotGaussian,which is ourcase(seeSection4). At
coarserlevels,theoptimizationalgorithmwill convergetowardsa
biasedsolution. Thesameproblemremainsvalid for externalen-
ergiesusingedgesor textures.In thesecases,theinformationused
by theexternalenergy canbealteredor simplydestroyed.

In orderto overcomethis problem,we proposeto extendthe
discretemulti-scalerelaxationstrategy combinedwith the multi-
resolutionframework introducedby Heitzet al in [4] for themin-
imization of our global energy function and also for all type of
energy functionassociatedto adynamiccontour. Weconsiderthis
in thenext Section. ] ^ ] ^ _ `] ^ a b c] ^ d e ^ ^ f]] ^ d `
Figure1: Portionof a contourmodelshowingfiveconnectednodes
andthesetof points � in

 
and � out

 
usedin theexternalenergy term.R

in � R out �hg in thisexample.

3. MULTISCALE MINIMIZATION STRATEGY

Insteadof minimizing our global energy functiondirectly on the
full configurationspace\ , i.e., thespaceof possiblecontours,the
optimizationis led througha sequenceof constrainedconfigura-
tion subspacesof increasingsizes:

dim � \jik�l� dim � \ji 7 � �m�h�����5� dim � \on��
with \ nqp \ andwhere \or , st�vuw���x�����.y , designatesthe con-
strainedconfigurationspaceat level l. At this resolutionlevel, we
define � r asa roughestimateof thecontourmodel,definedby a



orderedsetof � r nodes,� r �z	 ��{}|~[����{}|� �x����������{�|� | � (with � n p �
and � {>�V p �  ), giving coordinatesof pointsof this crudecontour.

Eachpoint (or node)of thiscontouris indexedon agrid I r which
resultsfrom the reductionof I ( p I n ) by g r in eachdirection
andis associatedto the block of pixels ��rF�� I of size g,rj�&g�r ,
“descendant”of node��{}|� (seeFig. 2).�$� �����}��

�$� �x�@� ��� �=�}��� �:�Z�T�� � �@�4�}�@�4�=� �4�}�=�A� �4���4� ���@�
�

Figure2: Hierarchical structure ( y�� P in this example)involved
in themultiscaleminimizationstrategy andblock of pixels ��rF as-
sociatedto thenode��{}|� .

The constrainedoptimizationin \or of our original boundary
detectionproblemis then equivalent to the minimization of the
new energy function:�

snake� � r ��� � |�  ! �¡  � int � ��{}|V �$#&% r � ext � ��{}|V ���'�=¢
Usingamultigrid approach[4], wecaneasilydefined

�
ext � ��{ |V ���'� :�

ext � � { |V ���'��� 3£PR in

�FTS[U in¤ |V �¥ S { |� WZY O in � � ¥ �
3¦PR out

�FTS�U out¤ |V �¥ S {�|� WZY O out � � ¥ �
Thedefinitionof

�
int � ��{ |V � remainssimilar to theonegivenin Eq.

(2). However, one hasto keepin mind that the anglebetween
the two vectorshasto be estimatedon the reducedgrid I2r . In
addition,dueto thesizeof eachnodeat level s , wehave %��*§ r % r .
From this family of energy functions,we arenow ableto define
our minimizationschemeasa cascade(from sk�¨y to s¡�hu ) of
optimizationproblemsof reducedcomplexity:� ropt �*),+.©lª¬« Y � snake� � r �T� s�*yo�x��������u�
Theseoptimizationproblemsaresolvedusinga standard“coarse-
to-fine” multigrid strategy. Startingfrom a coarsescale y , the
optimizationproblemis first solved in \ i . This definesa first
(crude)solutionto theoriginalproblemandtheobtainedsolution,
a roughcontour, is thenusedasthe initial snake positionfor the
next lower level. This processcontinuesuntil thecontouris opti-
mizedattheoriginalimagelevel (seeFig. 3). Contraryto standard
multi-resolutionapproaches,noreductionof imagedatais applied.
The family of definedenergy functionsusesthe original image,
ensuringthat thesameenergy function(or moreprecisely, differ-
entsmoothedversionsof this energy function) is handledat each
scale,andthat theenergy decreasesat eachstepof theminimiza-
tion process.This methodhasshown to exhibit fastconvergence
propertyandrobustnessagainstlocalminimafor highly non-linear
combinationalproblem[4].

Eachof theassociatedenergy minimizationproblemscanbe
efficiently solvedwith a standarddeterministicoptimizationalgo-
rithm, suchasaclassicalgradient-basedmethodor aDPalgorithm
requiringasmallsearchwindow. In ourapplication,weusesimply
thefollowing iterativetechnique:for eachnode��{ |V of thecontour,

wecompute
�

snake� � r � for thecurrentpositionof thenodeandfor
the two consecutive pointsbelongingto the perpendicularof the
contourat the currentnode,respectively locatedinsideandout-
sidethecontour. At agiveniteration,andfor eachnode,weaccept
thepositionof thecontourthatminimizes

�
snake� �tr8� andthispro-

cessis iterateduntil thereis no changein theshapeof thecontour
betweentwo iterations.

In ourcase,oncetheoptimizationproblemat level s is solved,
theinitial snakepositionfor thenext lowerlevel (level s 3 P ) is then
obtainedby keepingthe descendant(amongfour) of eachnode
ensuringtheminimalexternalenergy (seeFig. 3).
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Figure3: “Coarse-to-fine”minimizationstrategy.

Finally, in order to initialize the modelat the coarsestlevelso�Åy , we exploit the result of a two-classsegmentationresult
achieved in a Maximum Likelihood (ML) senseon the coarsest
grid I i . To this end, let Æ i �ÇDxÆ iF ��NXGtI i K , the setof labels
associatedto eachblock of pixels � iF . Each Æ iF cantake two la-
bels D,È in �.È out K , associatedto the two homogeneousregions and
distributedaccordingto the conditionaldistribution O in and O out.
ThisML blocky segmentationis givenby:É NtGÊI�i2�ÌËÆiF �*È in if

�¥ S { |� WZY O in � � ¥ �l� �¥ S { |� WZY O out � � ¥ �
else ËÆiF �hÈ out

This blocky segmentationis thenhigh-passfilteredin orderto ex-
tracttheinitial crudecontourthatwill beusedfor theinitialization
of theoptimizationprocedureat thecoarsestlevel (seeSection4
andupperleft of theFig. 4a).

4. EXPERIMENTAL RESULTS

In order to take into accountthe specklenoisephenomenon[9]
in thereverberationareas,we modeltheconditionalPDFs O in andO out of eachhomogeneousregionof theinputultrasoundimageby
a shiftedRayleighlaw [7]. The first region arisesfrom the low
acousticwave reverberationin the differentcavity of anatomical
structures,generallyfilled with blood. The secondregion is due
to the acousticsignal reverberationon the differentorgans(car-
diacmusclesfor anechographicimage,or wall of arteriesfor an
echobrachialimage). In our application,the parameterof these
distribution laws aregiven by a preliminarystatisticalestimation
methodcalledIterativeConditionalEstimation(ICE) [7].

We have validatedour multiscaledetectionmethodon real
echographicandechobrachialimages,in order to detectthe en-
docardialcontouror the innerwall of an arteryrespectively. For



the experiments,we have chosen%q� P for the weightingfactor
penalizingthe internalenergy with respectto theexternalenergy
and y��Í§ for the numberof resolutionlevels. Thesizeof these
acousticpicturesis g�Î,ÏÐ�Ñg�Î,Ï pixels( g�Î,Ï grey levels).

Fig. 4a (at upperleft) shows the ML blocky segmentationat
thecoarsestresolutionlevel s��qy that is usedto extracttheinitial
crudeendocardialcontour. Figs. 4[b-f] show the resultingesti-
matedsnakesat differentresolutionlevels. Figs. 5 and6 present
thesegmentationresultsobtainedonotherechographicimagesand
onthreeechobrachialimagesrespectively. Wecannotice(Fig. 4a)
thattheML blocky segmentationmapsexhibitsunproperbloodor
muscleareasat lower levels(higherresolutionlevels)of thepyra-
midal structuredueto artifactscreatedby theultrasoundimagery
process.The boundaryof the endocardialcontourcannotbe ef-
ficiently extractedon theselower levels. Nevertheless,a closed
(but crude)contourcanbeefficiently extractedat thehighestlevel
of the pyramidalstructure.We cannotice(Figs. 4[a-f]) that the
proposedmultiscalestrategy allows efficiently to obtain a good
initial guessat eachlevel that is refinedat thefiner scales.A re-
liable detectionof theendocardialcontouror of the innerwall of
anarteryis obtained.Theproposedboundarysegmentationproce-
dureis very fastandtakesaboutÒ 3 § seconds(averageCPUtime)
on a standardSun/Sparc2 workstationthatmakesthis procedure
compatiblewith apracticalapplication.

(a) (b) (c)

(d) (e) (f)

Figure4: (a) ML blocky segmentationat differentresolutionlevels
andestimatedsnakesat differentresolutionlevels(b-f).

Figure5: Detectionof the endocardial contourat different time
framesduring thecardiaccycle.

Figure6: Detectionof theinnerwall of an arteryon echobrachial
images.

5. CONCLUSION

In this paper, we have developeda robustalgorithmto detectthe
boundariesof anatomicalstructuresin ultrasoundimages.Wehave
statedthis detectionproblemin the active contourmodel frame-
work andwe hacepresenteda multiscaleframework for themin-
imization of the global energy function resultingof this model-
ing. The minimization is efficiently performedthrougha multi-
grid algorithm which consistsin imposingsuccessively weaker
andweaker constraintson the searchedestimate.In our applica-
tion, this procedureresultsin estimatingsuccessively theoptimal
positionof contourmodelsof decreasingthickness.This frame-
work canbe easilygeneralizedto edgeor texture-basedenergy-
minimizingcontourmodelaswell asfor three-dimensionalbound-
ary detection. This schemeis fast, exhibits good convergence
properties,and is well suitedto automaticextractionof anatom-
ical structureboundariesin ultrasoundimagery.
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