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ABSTRACT

We' presentinev multiscaleapproachor deformablecontourop-
timization. Themethodrelieson a multigrid minimizationmethod
anda coarse-to-fineelaxationalgorithm. This approackconsists
in minimizinga cascadef optimizationproblemsof reducedcom-
plexity. Contraryto classicalmulti-resolutionalgorithms,no re-
ductionof imageis applied. The family of definedenegy func-
tionsarederivedfrom theoriginal (full resolution)objective func-
tion, ensuringthatthe samefunctionis handledat eachscaleand
thattheenegy decreaseateachstepof theminimizationprocess.
The efficiengy andthe speedof this approachis demonstratech
thedifficult context of theboundarydetectiorof anatomicaktruc-
turesin ultrasoundmagery

1. INTRODUCTION

Sgymentatiorremainsa necessargtepin medicalimagingto ob-
tain qualitatve measurementsuchas 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
other hand,the automaticseggmentationof anatomicalstructures
in ultrasoundmageryis arealchallengedueto specklenoiseand
artifactswhich areinherentin theseimages.Theseartifactscreate
opencontourand/orill definedboundariesmakingineffective al-
gorithmssuchasMarkov RandonField-basedementatiortech-
nique[1].

Among the existing sggmentationtechniquesthe active con-
tour models,or so-calledsnales[2], arean effective way to over-
cometheseartifactsandto rightly modelthe factthatthe object
to be detecteds assumedo be connected.Besidestheir ability
to efficiently combineboththe availablea priori knowvledgeabout
the structureof interestandlocal correspondancesith theimage
featuresmalesthemvery attractive for the segmentatiortasksin
ultrasoundmagery Neverthelessthis modelingfinally requires
to solve anintricate enegy function minimizationproblem. The
configurationspaceof this optimizationproblemis generallyvery
large and the resultingenegy function may exhibit mary local
minima especiallywhenthe imagecontainsstrongnoise,which
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is frequentlythe casein ultrasoundmagery In orderto copewith
thisoptimizationproblem,gradient-basethethodshave originally
beenproposed?2]. The maindravbackof thesetechniquess to
requireaproperinitialization of theinitial contoumottoofar from
the expectedboundary otherwisethey will converge towardsbad
local minima Dynamic Programming[3] solves the optimality
problem, althoughat the expenseof a very high computational
load. In orderto shortenexecutiontimes, researcherfave re-
cently suggestedo combinegradientor DP-basednethodswith
a multi-resolutionframenork. Neverthelessthe optimal solution
is no more guaranteed.Besides the constructionof the “multi-
resolutionpyramid” resultsin losing someimportantinformation
thatour enegy functionis sensitve to.

In orderto overcomethis problem,we proposehereinto ex-
tend to our optimization problem, the multiscale stratgy com-
bined with the multi-resolutionframework introducedin [4] for
the estimationof the optical flow in animagesequenceThe key
ideaof this stratgy consistdn minimizingtheglobalenegy func-
tion throughan appropriatehierarchyof subspacesf the whole
configurationspace.Thesesubspacesontainconstrainedonfig-
urationsdescribingheexpectedsolutionat differentscalesIn our
application thesesolutionsaremodeledasbeingthe optimal po-
sitions of a sequencef dynamiccontourmodels,of decreasing
thicknesswhoseenegy functionis derived from the original en-
emgy function. Thisconstraine@ptimizationis implementedising
a coarse-to-fingorocedureon a pyramidalstructure.This method
hasshavn to be very robust for optimizing a highly non-linear
objective function and hasturnedout to provide quickly a good
estimatevery closeto theglobalminimal[4].

This paperis organizedasfollows: Section2 presentshe dy-
namiccontourmodelusedin our applicationandtheresultingen-
emgy functionto be optimized. The multiscaleminimizationstrat-
egy adaptedo our problemis describedn Section3. In Section
4, we reportsomeexperimentakresultson realultrasoundmages.
Finally, Section5 containsconcludingremarks.

2. THEACTIVE CONTOUR MODEL

Formally, anactive contourV is simply definedby anorderedset
of n nodesV = [v1,v2,...,v,], giving coordinate®f pointson
the contourin a circular manner A cubic B-splinecurwe involv-

ing thesen control points(or a simplestraightline betweereach
node)allows to completelydefinethis model. Givenanimagey,

its enegy functionis generallygivenby:

n

Esnakiv) = Z (Eim('Ui) + ﬂESd(’Ui; y)) (1)

i=1



whereg is a weighting parameter E. and E.. arethe internal
and externalenegy termsrespectiely, alsocalledthe constraint
forces,of the contourelementv;. Thesetwo enegy termsplay
differentrolesin the enegy minimizationprocess. The internal
enepy allowsto expresgheavailablea priori knonvledgeaboutthe
contourshapeto be detectedvhereaghe externalenegy allows
to pull the snale towardsthe desiredimagefeatureq?2] (suchas
edgesregions,textures,etc.).

In orderto modeloura priori knowvledgeonthesmoothnessf
the anatomicakhapeboundaryto be detecteda commonlyused
solutionconsistsin measuringhe cunvatureat eachnodeof the
contour[5] andthenin usingthis measureasthe internalenegy
term:

E- ( ) Vi—1V; - ’Ui'Ui+] (2)
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thatis the anglebetweerthe two vectorsz;—17; and ;1. In
theminimizationprocessthis a priori enegy termpenalizesigh
cunatureon the contour

In a commonlyusedactive contourmodel-basedegmenta-
tion approach spatialgradientmeasureslerived from the input
image,aregenerallyexploitedin the externalenegy term[6]. In
ourapplicationdueto thespecklenoiseandartifactswhich arein-
herentto ultrasoundmages our externalenegy termcannotrely
efficiently on this type of measure.An alternatve model consist
in exploiting the statisticaldistribution of the grey levels inside
and outsidethe boundaryof the objectto be detected[7]. Let
y = {ys € S}, thesetof pixels of the imagelocatedon a lat-
tice S of M sitess. Assumingone ProbabilityDensity Function
(PDF), P,, for the pixelsinsidethe objectandanotherPDF, P,
for the pixels outsidethe object,we canthendefinethe following
externalenepgy termby:

1 1
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wherey, designateshegrey level of the pixel at sites. Thesum-
mationof thefirst andseconderm of Eq is over all the NV, and
N, Selectedpointsbelongingto the straightsegmentperpendic-
ular to the contourat nodew;, passinghroughthis point, andre-
spectvely locatedinsideandoutsidethecontour(seeFig. 1). This
likelihoodtermis minimal whenthe snale delineateswo homo-
geneousegions,atnodev;, distributedaccordingo thegrey level
statisticaldistribution correspondingo eachregion. Usingthese
two enepgy terms,the optimal contour V,, canthenbe obtained
by finding the onethatminimizestheenegy Esad V).
Unfortunatelyminimizing suchaglobalenegy functionis of-
tenanintricateproblem:the spaceof possiblecontours(? is gen-
erally very large andthe enegy function may exhibit mary local
minimga especiallywhenthe imagecontainsstrongnoise,which
is our casein ultrasoundimagery(seeSection4). In [2] andin
mary otherworks,gradient-basethethodsareusedfor theenegy
minimizationof thisenegy functiontype. Thesemethodsaresim-
ple but have the disadwantageto requirea properinitialization of
thedynamiccontournottoo far from the expectedboundaryoth-
erwisethey will converge toward badlocal minima In orderto
overcomethis problem, stochasticmethodsbasedon Simulated
Annealing(SA) [6] have thenbeenproposed. Theseoneshave
the capability of avoiding local minimaand consequentlyo hu-
maninteractionis requiredto initialize the contourmodel. How-
ever, oneof the majordravbacksof theseproceduress their very

high computationaload. Variousdeterministicalgorithmsbased
on Dynamic Programming(DP) or variationalmethodg[3] have
thenbeenconstructedor finding the optimal (minimum enegy)
contourin a neighborhooaf theinitial contour If this neighbor
hood,alsocalledthe searchwindow, is too smallandanunproper
initialization of theinitial contouris given,alocal sub-optimako-
lution is thenfound. Neverthelessif this searchwindow is large
enough,the optimal contouris then guaranteedalthoughat the
expenseof asignificantincreaseof the computationatompleity.

In orderto shortenexecutiontimesfor practicalapplications,
researchersave recentlysuggestetb combineDP algorithmwith
amulti-resolutionframewvork [8]. Themainideain usinga multi-
resolutionmethodis to allow to reducethe numberof candidates
in the searchwindow, sothattheresearctprocesgetsfaster De-
formablecontouroptimizationalgorithmis appliedto the coarser
resolutionlevel and the obtainedsolutionis usedas the initial
snale positionfor thenext lowerlevel. Theprocessontinuesuntil
thecontouris optimizedattheoriginalimagelevel. Thisprocedure
noticeablyshorterthe computationatime. Neverthelessthe opti-
mal solutionis no moreguaranteedin addition,the construction
of differentresolutionlevels, usually obtainedby low-passfilter-
ing the data,resultsin losingsomeimportantinformationthatour
externalenegy termis sensitve to. In our casethis low pass-filter
would changethe natureandthe parametenof the differentPDFs
exploitedin theexternalenegy term(Eq. (3)). It is evenmoretrue
if thePDFsarenot Gaussianwhichis our case(seeSectiond). At
coarsellevels,the optimizationalgorithmwill converge towardsa
biasedsolution. The sameproblemremainsvalid for externalen-
emgiesusingedgeor textures.In thesecasestheinformationused
by the externalenegy canbealteredor simply destryed.

In orderto overcomethis problem,we proposeto extendthe
discretemulti-scalerelaxationstratgy combinedwith the multi-
resolutionframenork introducedby Heitz etal in [4] for the min-
imization of our global enegy function and also for all type of
enegy functionassociatetb adynamiccontour We considetthis
in thenext Section.

Figurel: Portion ofa(;ontourmodelshowing‘ivecohnectedlodes
andthe setof pointsv)® and " usedin the externalenegy term.
Nin = Now = 2 in thisexample

3. MULTISCALE MINIMIZATION STRATEGY

Insteadof minimizing our global enegy function directly on the
full configurationspace(?, i.e.,the spaceof possiblecontoursthe
optimizationis led througha sequencef constrainecconfigura-
tion subspacesf increasingsizes:

dim(Q") < dim(Q* ') < ... < dim(Q°)

with Q° = Q andwhereQ!, I = 0,..., L, designateshe con-
strainedconfiguratiorspaceat level I. At this resolutionlevel, we
defineV! asaroughestimateof the contourmodel,definedby a



orderedsetof n; nodesV' = [V, 08 -5 vy, ] (ith Vve=v
ny
andwv,e = v;), giving coordinate®f pointsof this crudecontour

Eachpoint (or node)of this contouris indexedon agrid S* which
resultsfrom the reductionof S (= S°) by 2! in eachdirection
andis associatedo the block of pixelst, C S of size2! x 2!,
“descendantof nodevbzs (seeFig. 2).

Uy,

Hierarchical structure

So

Original image

Figure2: Hierarchical structue (L =1 in this example)involved
in the multiscaleminimizationstrategy and block of pixelsb! as-
sociatedto thenodev, .

The constrainedptimizationin Q! of our original boundary
detectionproblemis then equivalent to the minimization of the
new enegy function:

ny
Eoad V') = Z (Eim(vb’.) + 81 Eeu(vy y))
i=1
Usingamultigrid approach4], we caneasilydefinedEe(vy:, y):

Euu(vy1,) = —Ni 33 I Pu(y)
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Thedefinitionof Ei(v,: ) remainssimilarto the onegivenin Eq.

(2). However, one hasto keepin mind that the angle between
the two vectorshasto be estimatedon the reducedgrid S*. In

addition,dueto thesizeof eachnodeatlevel I, wehave 8 = 4'3;.

From this family of enegy functions,we arenow ableto define
our minimizationschemeasa cascadgfrom ! = L to ! = 0) of

optimizationproblemsof reduceccompleity:

Vi = argmin Esud V'), 1=1L,...,0.

Theseoptimizationproblemsaresolved usinga standardcoarse-
to-fine” multigrid stratgyy. Startingfrom a coarsescale L, the

optimizationproblemis first solved in QL. This definesa first

(crude)solutionto the original problemandthe obtainedsolution,
aroughcontour is thenusedasthe initial snale positionfor the

next lower level. This processontinuesuntil the contouris opti-

mizedattheoriginalimagelevel (seeFig. 3). Contraryto standard
multi-resolutionapproachesioreductionof imagedatais applied.
The family of definedenepgy functionsusesthe original image,
ensuringthatthe sameenegy function (or moreprecisely differ-

entsmoothedversionsof this enegy function)is handledat each
scale,andthatthe enegy decreaseat eachstepof the minimiza-

tion process.This methodhasshavn to exhibit fastconvergence
propertyandrobustnessgainstocal minimafor highly non-linear
combinationaproblem([4].

Eachof the associate@negy minimizationproblemscanbe
efficiently solved with a standardieterministicoptimizationalgo-
rithm, suchasaclassicafradient-basethethodor aDP algorithm
requiringasmallsearctwindow. In ourapplicationweusesimply
thefollowing iterative technique for eachnodev,; of thecontour

we computeEs.a{ V") for the currentpositionof the nodeandfor

the two consecutie pointsbelongingto the perpendiculaof the

contourat the currentnode, respectiely locatedinside and out-

sidethecontour At agiveniteration,andfor eachnode we accept
the positionof the contourthat minimizes Es.a V') andthis pro-

cessis iterateduntil thereis no changean the shapeof the contour
betweertwo iterations.

In our case pncetheoptimizationproblematlevel [ is solved,
theinitial snale positionfor thenext lowerlevel (level [ —1) isthen
obtainedby keepingthe descendanfamongfour) of eachnode
ensuringheminimal externalenegy (seeFig. 3).

Level 1

@ Projection Optimization

#7437 ) M
Level (1-1) {1 ete
Figure3: “Coarse-to-fine"minimizationstrategy.

Finally, in orderto initialize the modelat the coarsestevel
I = L, we exploit the resultof a two-classsegmentationresult
achieed in a Maximum Likelihood (ML) senseon the coarsest
grid ST. Tothisend,let z¥ = {zL,s€ ST}, the setof labels
associatedo eachblock of pixelsbZ. Eachzl cantake two la-
bels {en, e}, associatedo the two homogeneousegions and
distributed accordingto the conditionaldistribution P, and P,
This ML blocky segmentatioris givenby:

D I Pu(yy) > Y In Po(yy)

pebL pebl

Vse St gl =e, if

else £X = ey

This blocky segmentatioris thenhigh-pasdilteredin orderto ex-
tracttheinitial crudecontourthatwill beusedfor theinitialization
of the optimizationprocedureat the coarsestevel (seeSection4
andupperleft of theFig. 4a).

4. EXPERIMENTAL RESULTS

In orderto take into accountthe specklenoisephenomenor9]
in thereverberatiorareaswe modelthe conditionalPDFsP, and
P, of eachhomogeneouregion of theinput ultrasoundmageby
a shifted Rayleighlaw [7]. The first region arisesfrom the low
acousticwave reverberationin the differentcavity of anatomical
structuresgenerallyfilled with blood. The secondregion is due
to the acousticsignal reverberationon the differentorgans(car
diac muscledor an echographiémage,or wall of arteriesfor an
echobrachialmage). In our application,the parameteiof these
distribution laws aregiven by a preliminary statisticalestimation
methodcalledlterative ConditionalEstimation(ICE) [7].

We have validatedour multiscale detectionmethodon real
echographiand echobrachialmages,in orderto detectthe en-
docardialcontouror theinnerwall of anarteryrespectrely. For



the experiments we have chosen3 = 1 for the weighting factor
penalizingthe internalenegy with respecto the externalenegy
and L = 4 for the numberof resolutionlevels. The size of these
acoustigicturesis 256 x 256 pixels(256 grey levels).

Fig. 4a(at upperleft) shavs the ML blocky segmentatiorat
thecoarsestesolutionlevel I = L thatis usedto extracttheinitial
crudeendocardiakontour Figs. 4[b-f] shaw the resultingesti-
matedsnales at differentresolutionlevels. Figs. 5 and6 present
thesegmentatioresultsobtainedn otherechographiimagesand
onthreeechobrachiaimagesespectiely. We cannotice(Fig. 4a)
thatthe ML blocky segmentatiormapsexhibits unpropembloodor
muscleareasat lower levels (higherresolutionlevels) of the pyra-
midal structuredueto artifactscreatedby the ultrasoundmagery
process.The boundaryof the endocardiatontourcannotbe ef-
ficiently extractedon theselower levels. Neverthelessa closed
(but crude)contourcanbe efficiently extractedat the highestevel
of the pyramidalstructure. We cannotice (Figs. 4[a-f]) thatthe
proposedmultiscalestratgy allows efficiently to obtaina good
initial guessat eachlevel thatis refinedat the finer scales.A re-
liable detectionof the endocardiatontouror of theinnerwall of
anarteryis obtained.Theproposedoundarysggmentatiorproce-
dureis veryfastandtakesabout3—4 secondgaverageCPUtime)
on a standardSun/Spar@ workstationthat makesthis procedure
compatiblewith a practicalapplication.

Figure4: (a) ML blocky segmentatiorat differentresolutionlevels
andestimatedsnalesat differentresolutionlevels(b-f).

Figure5: Detectionof the endocadial contourat different time
framesduring the cardiac cycle

Figure6: Detectionof theinner wall of an artery on echobrachial
images.

5. CONCLUSION

In this paper we have developeda robust algorithmto detectthe
boundarie®f anatomicastructuresn ultrasoundmages We have

statedthis detectionproblemin the active contourmodelframe-
work andwe hacepresented multiscaleframewvork for the min-

imization of the global enegy function resultingof this model-
ing. The minimizationis efficiently performedthrougha multi-

grid algorithm which consistsin imposing successiely wealer
andwealer constrainton the searcheaestimate.In our applica-
tion, this procedureresultsin estimatingsuccessiely the optimal
positionof contourmodelsof decreasinghickness. This frame-
work canbe easily generalizedo edgeor texture-basednegy-

minimizing contourmodelaswell asfor three-dimensionddound-
ary detection. This schemeis fast, exhibits good convergence
properties andis well suitedto automaticextractionof anatom-
ical structureboundariesn ultrasoundmagery
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