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ABSTRACT

In this paper a new formulationfor the parametricactive contourmodelis presented.The new formulationis basedon
statisticalpatternrecognitiontheory A hybrid of kerneldensityestimationandfuzzy logic is usedto shawv that active
contourscanbe thoughtof asa patternrecognitionproblem. The proposedapproachs usedin two differentapplication
domainswith differentperformanceequirementsto demonstratéts effectiveness.First, the proposedapproachs used
for amagneticresonancémagesegmentatiorproblemto demonstrat¢he sggmentatioraccurag. Secondthe contouris
usedin atargettrackingexperimentto shaw its trackingcapabilities.
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1. INTRODUCTION

Active contourswere rst introducedn 1987by Kassetal.! Active contoursmorecommonlyknown assnales,areelastic
splinesthat iteratively deformto objectboundariesn the givenimage. Snales have beenusedin differentapplications
suchasmedicalimagesegmentatiod androbotvision2 Oneof themainadwantage®f active contourss thatthey give a
piece-wisdineardescriptionof the shapeof the objectat thetime of convergence without extra processingOtherstated
adwantagesncludetoleranceo imagenoise.

One of the major drawbacksof active contoursis the strongdependencon nding strongimagegradientsto drive
the contour This drawvback,in deed,signi cantly limits the useof the active contours.In this paper we proposea new
fuzzy-statisticahpproactthatovercomeghis drawvback. Via the proposedpproachwe show thatactive contoursjn fact,
canbethoughtof in termsof theclassicapatternrecognitionframenork. We applythe proposedapproactio theproblems
of magneticresonancemage (MRI) segmentationand tarmget tracking. The two problemsposedifferent performance
requirements.

This paperis organizedas follows. Section(2) presentsa brief backgroundon active contoursand discusseghe
previously mentioneddravbackin moredetails.In Section(3), the proposedapproachs presentedTheresultsof thetwo
experimentsaredemonstrateth Section(4). Finally, the paperis concludedwith directionto future researchin Section

(5).
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2. BACKGROUND

Snales are enegy-minimizing splines. The contouris continuouslymoving in orderto minimize its enegy. At the
minimum-enegy state,the contouris saidto corverge. The setof forcesthat control the deformationof the contourare
internalforces,imageforce,andexternalforces. Tensionforce andcurvatureforce arethetwo internalforcesresponsible
for maintainingthe cohesvenessandsmoothnessf the contour Tensionis responsibldor achiezing equalpoint spacing
for thecontour Curvature,ontheotherhand,is responsibléor maintaininga certaindegreeof smoothnesgor thecontour
The imageforcesdrive the snale toward certainimagefeaturessuchasedges]ines or corners.Externalforcesareuser
de ned forcesthat may be appliedto enforcecertaincharacteristicef the contour The original enegy functional,given
by Kassetal.,! of thecontouris givenby z,

E = o E snake(S(u)) du; 1)

whereu representshe snale pointsandS(u) representshe snale. The snale's enegy, Esnak e, ata certainpoint, u, is
the weightedsumof the internalenepy, the imageenengy or potential(edgescorners,or dark spotson the image)and
externalenepy (e.g.,emplgying userselectedpointsasattractors).The externalenegy termcould be usedto reshapéahe
contour biasingit toward somelocal shape Equation(2) describeghetotal enegy of the snale.

Z 1
E= 0 (Elnternal (S(U)) + EExternaI (S(U)) + Elmage (S(U))) du (2)

In its mostcommonform, imageenengy is estimatedasthe resultof edgedetection.For example,theimageenegy
canbecomputedast
Eimage = (G 57%1)% ®3)

wherethe Laplacian,5 2, of theimagel is corvolved with a Gaussiarkernel,G . Theresultis squaredo accountfor
positve and negative edgesandthe negative of this magnitudeis usedin orderto attractthe contourto a local minima.
The imageenegy termis calculatedirom the imageedgesin the neighborhoodaroundeachcontrol point of the snale.
Theenegy is minimizedwhena controlpointis locatedon the steepespart of thegradient.Most snalesin usetodayare
baseduponKassetal. snalesandthey retainthe useof edgedetectiorasa measuref imagegradient.

Oneof the rst problemsassociatedvith the traditionalformulationsof Kasset al.® is thatin the absencef image
gradientthesemodelstendedto collapse. Therefore a stronggradient eld is preferredto drive the snale. On the other
hand,in stronggradient elds the initial placemenbf the snale hasto be carefully chosen,so that the snale doesnot
collapseto alocal minimumaway from the object. In fact,a sgmentof the snale mustcrossthe gradientassociatedvith
theregion of interest.A questiomow arises]f we have the strongedgeseededo drive the snale, why dowe haveto use
snales?In otherwords,why dowe not usea simpleredgelinking techniqueto segmentthe objectof interest?

To overcometheselimitations, balloonsnaleswere developedby Cohert wherethey addeda new internal pressure
termto force the modelto expand. Unfortunately the new pressurgerm introducesnew problemswith the model. For
instance the initial placemenbf the snake hadto be within the target (a constraintthat still remainsin mary models).
Also, in weakgradient elds, the balloonsnalestendto exploderatherthancollapse.The proposedsolutionby Ronfard®
wasa dynamicpressuranodel. Ronfard's methodincorporateda term that, by computingthe similarity of pixel values
aroundthe snale control points,createda force that would pushthe pointstoward region boundaries Scalespacesvere
usedto captureregion boundarieghatlie outsidethelocal neighborhood.

lvins and Porrill® paralleledthis line of researchby proposingseveral forms of dynamicpressuremodels. These
modelsovercomethe needto changescalesby having a region well de ned not just locally but acrossthe entireimage.
The pressurenodelsarebaseduponlow orderstatisticsandutilize a seedregion of the imageto identify positive versus
negative pressureegions. In otherwords, imageregions that are statistically similar to the seedregion yield positive
pressurevhile imageregionsthat are somenumberof standarddeviations away from the seedyield negative pressure.
Whena portion of the contouris in a positive region, it will expandthe contour Whena portion of the contouris in a
negative region, it will contract.It follows thatthe minimumenegy of the contourlies on the pressuréoundarybetween
the positive and negative pressuraegions. This work canbe viewed asthe applicationof statisticalsegmentationto the
image.



Thepressurdorce usedby Ivins andPorrill® is asfollows. A seedregionis selectedrom within thetarget. Themean

andstandardleviation of theintensityfor the seedregion arecomputed.Theimageforceis thengivenby:
isw i @w 7
k @ '

whereS is the curve andk is a userspeci ed parameterthatsigni es the Bayesiandecisionboundary The ? indicates
thattheimageforceis perpendicularlyappliedto the tangentof the contour This modelis a linear pressuranodelwhere
theimageforceincreasesinearly away from a zerowhentheimageintensityis k standarddeviationsto eithersideof the
mean.

F(S(u) = 1 (4)

The pressuremodel of Equation(4) representethe objectof interestusinglow orderstatistics. Also, the modeldid
notaccountor the backgrounccharacteristicskinally, the free parametek hadto be manuallytuned.

In” and® Abd-Almageedet al. introduceda statisticallyoptimal methodfor estimatingthe free parametek. Further
more,they introduceda genericpressuranodelthe accountfor complex foregroundandbackgroundtharacteristics.

3. APPROACH

As we statedearlier the main objective is to shav thatthe contourevolution is in fact a featureclassi cation problem.
Therefore,ary appropriatefeatureclassi er canbe usedto drive the active contourandto obtainsatishctoryresults. A
genericpressurdorcethatis to beusedto drive the contourcanbe of the form

CIC)
@l 1

wherethe function P (3; :) is a genericpressurdunction parameterizetby the statisticalpropertiesof the objectandthe

backgroundp(xjO), is the densityfunction of the objectfeaturesandp(xjB)) is the densityfunction of the background

features Thedensityfunctionsp(xjO) andp(xjB) areestimatedisingthe kerneldensityestimatoiintroducedoy Parzer?
andgivenby Equation(6)

F(S(u)) = P(p(xjO); p(xjB))

(5)
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p(x) = "N _ ( h ); (6)
where is calledthekernelfunctionandis givenby
(x)= plzz exp %xTx : (7)

Our goal now is to designa fuzzy system,representinghe featureclassi er, that approximated? without having
to determinea closed-formfor the relationshipbetweenthe objectandbackgroundstatisticalcharacteristicp(xjO) and
p(xjB). To achierethisobjectve, afuzzyrule-basedystenis designedaisshovn in Figure(1). Themembershigunctions
arethesameor boththeobjectprobabilityinputandthebackgroungrobabilityinputandareshovn in Figure(2). Because
of the similar natureof thetwo inputs,the membershigunctionsfor bothinputsaresimilar. Themembershigunctionsof
thefuzzy systemoutput,i.e. the pressurdo be appliedto the contourpoint, areshavn in Figure(2). Table(1) showvs the
linguistic rulesusedto maptheinput spaceanto the outputspace Thefuzzy ruleshererepresenthe opinionof anexpert.
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Figure 2. Membershig-unctiongfor the Fuzzy-StatisticaContour

Tablel: FuzzyRulesusedto Drive the Contour

IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obj.
IF Obyj.
IF Obj.

Proh. is LOW andBckgrnd. Prob. is LOW, THEN Pressueis 0

Prob. is LOW andBckgrnd. Prob. is LOW-MED., THEN Pressueis -1
Probh. is LOW andBckgrnd. Prob. is MED., THEN Pressueis -2

Prob. is LOW andBckgrnd. Prob. is MED.-HI., THEN Pressueis -3
Prob. is LOW andBdkgrnd. Prob. is HI., THEN Pressueis -4

Probh. is LOW-MED. andBckgrnd. Prob. is LOW, THEN Pressueis 1
Probh. is LOW-MED. andBckgrnd. Prob. is LOW-MED., THEN Pressueis 0
Prob. is LOW-MED. andBdkgrnd. Proh. is MED., THEN Pressueis -1
Prob. is LOW-MED. andBdkgrnd. Prob. is MED.-HI., THEN Pressueis -2
Prob. is LOW-MED. andBdckgrnd. Prob. is HI., THEN Pressue is -3
Prob. is MED. andBdkgrnd. Prob. is LOW, THEN Pressueis 2

Prob. is MED. andBdgrnd. Proh. is LOW-MED., THEN Pressueis 1
Prob. is MED. andBdkgrnd. Prob. is MED., THEN Pressueis 0

Prob. is MED. andBdkgrnd. Prob. is MED.-HI., THEN Pressueis -1
Prob. is MED. andBdkgrnd. Prob. is HI., THEN Pressueis -2

Prob. is MED-HI. andBdkgrnd. Proh. is LOW, THEN Pressueis 3

Prob. is MED-HI. andBckgrnd. Prob. is LOW-MED., THEN Pressueis 2
Prob. is MED-HI. andBdkgrnd. Prob. is MED., THEN Pressueis 1

Prob. is MED-HI. andBdkgrnd. Prob. is MED.-HI., THEN Pressueis 0
Prob. is MED-HI. andBckgrnd. Prob. is HI., THEN Pressueis -1

Prob. is HI. andBdkgrnd. Prob. is LOW, THEN Pressueis 4

Probh. is HI. andBckgrnd. Prob. is LOW-MED., THEN Pressueis 3

Prob. is HI. andBckgrnd. Prob. is MED., THEN Pressueis 2

Pressuréembershig-unctions.




IF Obj. Prob. is HI. andBdkgrnd. Prob. is MED.-HI., THEN Pressueis 1
IF Obj. Prob. is HI. andBdkgrnd. Proh. is HI., THEN Pressueis 0

4. EXPERIMENT AL RESULTS

To visualizetherelationshipbetweertheinputsandthe outputof thefuzzy systemwe simulatedtheresponsef thefuzzy
systemfor differentvaluesof objectandbackgroundprobabilities. Figure (3) shavs the resultsof the simulation. The
obtainedsurfaceis highly nonlinear It is clearfrom the gure that,becausef the nonlinearitiesit is dif cult to obtaina
closed-formsolutionfor therelationshipbetweerthe foregroundandbackgroundeatures.

Pressure

Backaround Object

Figure 3. Input-OutputRelationshipof the FuzzyPressuré&ystem

4.1. Magnetic Resonancdmage Segmentation

The active contour driven by the modelof Equation(5), wasappliedto a setof magneticresonancémages.The experi-
mentsareconductedn gray-scaléeMR imageso demonstrat¢éhe effectivenesof the proposedapproacton datawith low
dimensionality

The snale-basedsggmentatiornof the cerebellums shavn in Figure(4). Figure(5) demonstratethe performanceof
the proposedsnale model by segmentingthe Lateral Ventricle areain an axial view. In Figure (6) and Figure (7), the
proposedcontourmodelwasappliedto sgmentthe LateralVentriclefrom a CoronalandSagittalviews, respectrely.

In Figure (8) the proposedcontourmodelwasappliedto two snalesto sggmentsomebrain abnormalities.The two
snalesareusedto segmentthe innerandthe outercontoursof the abnormality Finally, we show the performanceof the
proposedcontourmodel by sggmentinga brain lobe asshavn in Figure (9). The snales performswith high degree of
segmentatioraccurag, regardlesoof the large areaof the lobe andits compleity.

4.2. Target Tracking

The sggmentationof magneticresonancémagesdemonstratethe performanceof the proposedcontourmodelwhena
high level of accurag is needed.The contourmodelof Equation(5) wasthenappliedto a targettrackingapplicationto
demonstrat¢hereal-timetrackingcapabilitiesof the proposedapproachin trackingapplicationsthe mainobjectve is to
accuratelytrackthetargetarea,with anacceptabldevel of sgmentatioraccurag. In otherwords,we needto maintaina
reasonablestimateof thelocationof thetargetareawith lessemphasisvith respecto its shape.
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Figure 4. Snale sggmentatiorof the Cerebellunarea.The Medullaareais includedin the sggmentatiorasaresultof theimperfectMR
scanning.
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Figure 5. Snale sggmentatiorof the LateralVentricleareafrom an Axial view.

The colorsof the targetarea(white shirt andblack pants)arespeci cally selectedsuchthatthey spanthe entiregray
scale to maximizetheoverlapbetweerthedensityfunctionof thetargetandthedensityfunctionof the backgroundAlso,
thetamgetareawasspeci cally selectedsuchthatit doesnotincludethe faceandhandareasof thetamgetto demonstrate
the effectivenesof the proposectontourmodel.

Figures(10)and(11)illustratethetrackingresultsfor thevideosequencefor this sequencewe useda 30-pointactive
contour A trackingrateof 20 frame/secondvasachie/ed, on a 1GHz P-1ll machine runningMicrosoft Windows 2000.
Thetrackingcodewaswrittenin C andis notfully optimized.



Figure 6. Snale segmentatiorof the LateralVentricleareafrom a Coronalview

Figure 7. Snale segmentatiorof the LateralVentricleareafrom a Sagittalview

Figure 8. Snale segmentatiorof Brain Abnormality



Figure 9. Snale segmentatiorof Brain Lobe
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Figure 10. FuzzyTrackingwith 30-ControlPointSnale.
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Figure 11. FuzzyTrackingwith 30-ControlPointSnale.



5. CONCLUSIONS

In this paper anew formulationfor the active contourswaspresentedFuzzysetswereusedto computetheimageforces
requiredto drive the contourtowardsalientimagefeatures The designeduzzy systemactsasa featureclassi er basecn
the estimatedstatisticalcharacteristicef boththetargetandbackgroundeatures.

The proposedapproachwasusedin two differentapplicationdomainswith differentperformanceaequirements.in
MRI sggmentatiorapplicationghe mainemphasiss on theaccurag of the sgmentatiorwith lessemphasi®n thespeed
of convergenceof the contour In tamet trackingapplications,on the otherhand,the mostimportantrequirements to
maintaina good estimateof the targetlocation, with a reasonablesegmentationaccurag. High degreeof segmentation
accurag was demonstrateadvhen the proposedapproachwas appliedto a setof MR imagery In the meantime, the
proposedcontourmodeldemonstratedearreal-timeperformancevhenappliedto atargettrackingproblem.

Theresultsobtainedn this papersuggesthatary appropriatdeatureclassi er canbeusedto drive the contourtoward
therequiredimagefeatures.n X-ray sggmentatiorapplicationsthe graylevel cannotbe usedasa distinguishingfeature.
It is customaryto usehigherdimensionalfeaturesin suchapplications. Therefore,it becomesecessaryo usefeature
classi ersthatareappropriatan thesesituations. We plan to usesupportvectormachinegSVM) classi er to drive the
contourfor segmentingX-ray imagery
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