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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 show that active
contourscanbethoughtof asa patternrecognitionproblem.Theproposedapproachis usedin two differentapplication
domains,with differentperformancerequirements,to demonstrateits effectiveness.First, theproposedapproachis used
for a magneticresonanceimagesegmentationproblemto demonstratethesegmentationaccuracy. Second,thecontouris
usedin a targettrackingexperimentto show its trackingcapabilities.
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1. INTRODUCTION

Activecontourswere�rst introducedin 1987by Kassetal.1 Activecontours,morecommonlyknown assnakes,areelastic
splinesthat iteratively deformto objectboundariesin the given image. Snakeshave beenusedin differentapplications
suchasmedicalimagesegmentation2 androbotvision.3 Oneof themainadvantagesof activecontoursis thatthey givea
piece-wiselineardescriptionof theshapeof theobjectat thetime of convergence,without extra processing.Otherstated
advantagesincludetoleranceto imagenoise.

Oneof the major drawbacksof active contoursis the strongdependency on �nding strongimagegradientsto drive
thecontour. This drawback,in deed,signi�cantly limits theuseof theactive contours.In this paper, we proposea new
fuzzy-statisticalapproachthatovercomesthisdrawback.Via theproposedapproach,weshow thatactivecontours,in fact,
canbethoughtof in termsof theclassicalpatternrecognitionframework. Weapplytheproposedapproachto theproblems
of magneticresonanceimage(MRI) segmentationand target tracking. The two problemsposedifferent performance
requirements.

This paperis organizedas follows. Section(2) presentsa brief backgroundon active contoursand discussesthe
previouslymentioneddrawbackin moredetails.In Section(3), theproposedapproachis presented.Theresultsof thetwo
experimentsaredemonstratedin Section(4). Finally, thepaperis concludedwith directionto future researchin Section
(5).

For furtherinformationpleasecontactthe®rst author.



2. BACKGROUND

Snakes are energy-minimizing splines. The contour is continuouslymoving in order to minimize its energy. At the
minimum-energy state,thecontouris saidto converge. Thesetof forcesthatcontrol thedeformationof thecontourare
internalforces,imageforce,andexternalforces.Tensionforceandcurvatureforcearethetwo internalforcesresponsible
for maintainingthecohesivenessandsmoothnessof thecontour. Tensionis responsiblefor achieving equalpoint spacing
for thecontour. Curvature,ontheotherhand,is responsiblefor maintainingacertaindegreeof smoothnessfor thecontour.
The imageforcesdrive thesnake towardcertainimagefeaturessuchasedges,linesor corners.Externalforcesareuser-
de�ned forcesthatmaybeappliedto enforcecertaincharacteristicsof thecontour. Theoriginal energy functional,given
by Kassetal.,1 of thecontouris givenby

E =
Z 1

0
ESnake(S(u))du; (1)

whereu representsthesnake pointsandS(u) representsthesnake. Thesnake's energy, ESnak e, at a certainpoint, u, is
the weightedsumof the internalenergy, the imageenergy or potential(edges,corners,or dark spotson the image)and
externalenergy (e.g.,employing user-selectedpointsasattractors).Theexternalenergy termcouldbeusedto reshapethe
contour, biasingit towardsomelocal shape.Equation(2) describesthetotal energy of thesnake.

E =
Z 1

0
(E In ternal (S(u)) + EExternal (S(u)) + E Image (S(u))) du (2)

In its mostcommonform, imageenergy is estimatedasthe resultof edgedetection.For example,the imageenergy
canbecomputedas1

E Image = � (G� 
 5 2I )2; (3)

wherethe Laplacian,5 2, of the imageI is convolved with a Gaussiankernel,G� . The result is squaredto accountfor
positive andnegative edges,andthenegative of this magnitudeis usedin orderto attractthecontourto a local minima.
The imageenergy term is calculatedfrom the imageedgesin the neighborhoodaroundeachcontrol point of the snake.
Theenergy is minimizedwhena controlpoint is locatedon thesteepestpartof thegradient.Most snakesin usetodayare
baseduponKassetal. snakesandthey retaintheuseof edgedetectionasameasureof imagegradient.

Oneof the �rst problemsassociatedwith the traditionalformulationsof Kasset al.1 is that in the absenceof image
gradientthesemodelstendedto collapse.Therefore,a stronggradient�eld is preferredto drive thesnake. On theother
hand,in stronggradient�elds the initial placementof the snake hasto be carefully chosen,so that the snake doesnot
collapseto a local minimumaway from theobject.In fact,a segmentof thesnake mustcrossthegradientassociatedwith
theregionof interest.A questionnow arises;If wehave thestrongedgesneededto drive thesnake,why dowehave to use
snakes?In otherwords,why dowenotuseasimpleredgelinking technique,to segmenttheobjectof interest?

To overcometheselimitations,balloonsnakesweredevelopedby Cohen4 wherethey addeda new internalpressure
term to force the modelto expand. Unfortunately, the new pressureterm introducesnew problemswith the model. For
instance,the initial placementof the snake hadto be within the target (a constraintthat still remainsin many models).
Also, in weakgradient�elds, theballoonsnakestendto exploderatherthancollapse.Theproposedsolutionby Ronfard5

wasa dynamicpressuremodel. Ronfard's methodincorporateda term that,by computingthe similarity of pixel values
aroundthesnake controlpoints,createda force thatwould pushthepointstowardregion boundaries.Scalespaceswere
usedto captureregionboundariesthatlie outsidethelocalneighborhood.

Ivins and Porrill6 paralleledthis line of researchby proposingseveral forms of dynamicpressuremodels. These
modelsovercometheneedto changescalesby having a region well de�ned not just locally but acrosstheentireimage.
Thepressuremodelsarebaseduponlow orderstatisticsandutilize a seedregion of the imageto identify positive versus
negative pressureregions. In otherwords, imageregions that arestatisticallysimilar to the seedregion yield positive
pressurewhile imageregionsthat aresomenumberof standarddeviationsaway 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 thattheminimumenergy of thecontourlies on thepressureboundarybetween
thepositive andnegative pressureregions. This work canbeviewedastheapplicationof statisticalsegmentationto the
image.



Thepressureforceusedby Ivins andPorrill6 is asfollows. A seedregion is selectedfrom within thetarget.Themean
� andstandarddeviation � of theintensityfor theseedregionarecomputed.Theimageforceis thengivenby:

~F (S(u)) =
�

1 �
jI (S(u)) � � j

k�

� �
@S(u)

@u

� ?

; (4)

whereS is thecurve andk is a userspeci�ed parameter, thatsigni�es theBayesiandecisionboundary. The? indicates
thattheimageforceis perpendicularlyappliedto thetangentof thecontour. This modelis a linearpressuremodelwhere
theimageforceincreaseslinearly away from a zerowhentheimageintensityis k standarddeviationsto eithersideof the
mean.

Thepressuremodelof Equation(4) representedtheobjectof interestusinglow orderstatistics.Also, themodeldid
notaccountfor thebackgroundcharacteristics.Finally, thefreeparameterk hadto bemanuallytuned.

In7 and8 Abd-Almageedet al. introduceda statisticallyoptimalmethodfor estimatingthefreeparameterk. Further-
more,they introducedagenericpressuremodeltheaccountsfor complex foregroundandbackgroundcharacteristics.

3. APPROACH

As we statedearlier, the main objective is to show that the contourevolution is in fact a featureclassi�cationproblem.
Therefore,any appropriatefeatureclassi�er canbe usedto drive the active contourandto obtainsatisfactoryresults.A
genericpressureforcethatis to beusedto drive thecontourcanbeof theform

~F (S(u)) = P(p(x jO); p(x jB))
�

@S(u)
@u

� ?

; (5)

wherethe function P(:; :) is a genericpressurefunction parameterizedby the statisticalpropertiesof the objectandthe
background,p(x jO), is thedensityfunctionof theobjectfeaturesandp(x jB)) is thedensityfunctionof thebackground
features.Thedensityfunctionsp(x jO) andp(x jB) areestimatedusingthekerneldensityestimatorintroducedby Parzen9

andgivenby Equation(6)

p(x) =
1
h

1
N

NX

i =1

�(
x i � x

h
); (6)

where� is calledthekernelfunctionandis givenby

�( x) =
1

p
2�

exp
�

�
1
2

xT x
�

: (7)

Our goal now is to designa fuzzy system,representingthe featureclassi�er, that approximatesP without having
to determinea closed-formfor the relationshipbetweentheobjectandbackgroundstatisticalcharacteristicsp(x jO) and
p(x jB). To achievethisobjective,afuzzyrule-basedsystemis designedasshown in Figure(1). Themembershipfunctions
arethesamefor boththeobjectprobabilityinputandthebackgroundprobabilityinputandareshown in Figure(2). Because
of thesimilarnatureof thetwo inputs,themembershipfunctionsfor bothinputsaresimilar. Themembershipfunctionsof
thefuzzy systemoutput,i.e. thepressureto beappliedto thecontourpoint, areshown in Figure(2). Table(1) shows the
linguistic rulesusedto maptheinputspaceinto theoutputspace.Thefuzzy ruleshererepresenttheopinionof anexpert.
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Figure1. FuzzySystem
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Figure2. MembershipFunctionsfor theFuzzy-StatisticalContour.

Table1: FuzzyRulesusedto Drive theContour

IF Obj. Prob. is LOW andBckgrnd.Prob. is LOW, THEN Pressure is 0
IF Obj. Prob. is LOW andBckgrnd.Prob. is LOW-MED., THEN Pressure is -1
IF Obj. Prob. is LOW andBckgrnd.Prob. is MED., THEN Pressure is -2
IF Obj. Prob. is LOW andBckgrnd.Prob. is MED.-HI., THEN Pressure is -3
IF Obj. Prob. is LOW andBckgrnd.Prob. is HI., THEN Pressure is -4
IF Obj. Prob. is LOW-MED. andBckgrnd.Prob. is LOW, THEN Pressure is 1
IF Obj. Prob. is LOW-MED. andBckgrnd.Prob. is LOW-MED., THEN Pressure is 0
IF Obj. Prob. is LOW-MED. andBckgrnd.Prob. is MED., THEN Pressure is -1
IF Obj. Prob. is LOW-MED. andBckgrnd.Prob. is MED.-HI., THEN Pressure is -2
IF Obj. Prob. is LOW-MED. andBckgrnd.Prob. is HI., THEN Pressure is -3
IF Obj. Prob. is MED. andBckgrnd.Prob. is LOW, THEN Pressure is 2
IF Obj. Prob. is MED. andBckgrnd.Prob. is LOW-MED., THEN Pressure is 1
IF Obj. Prob. is MED. andBckgrnd.Prob. is MED., THEN Pressure is 0
IF Obj. Prob. is MED. andBckgrnd.Prob. is MED.-HI., THEN Pressure is -1
IF Obj. Prob. is MED. andBckgrnd.Prob. is HI., THEN Pressure is -2
IF Obj. Prob. is MED-HI. andBckgrnd.Prob. is LOW, THEN Pressure is 3
IF Obj. Prob. is MED-HI. andBckgrnd.Prob. is LOW-MED., THEN Pressure is 2
IF Obj. Prob. is MED-HI. andBckgrnd.Prob. is MED., THEN Pressure is 1
IF Obj. Prob. is MED-HI. andBckgrnd.Prob. is MED.-HI., THEN Pressure is 0
IF Obj. Prob. is MED-HI. andBckgrnd.Prob. is HI., THEN Pressure is -1
IF Obj. Prob. is HI. andBckgrnd.Prob. is LOW, THEN Pressure is 4
IF Obj. Prob. is HI. andBckgrnd.Prob. is LOW-MED., THEN Pressure is 3
IF Obj. Prob. is HI. andBckgrnd.Prob. is MED., THEN Pressure is 2



IF Obj. Prob. is HI. andBckgrnd.Prob. is MED.-HI., THEN Pressure is 1
IF Obj. Prob. is HI. andBckgrnd.Prob. is HI., THEN Pressure is 0

4. EXPERIMENT AL RESULTS

To visualizetherelationshipbetweentheinputsandtheoutputof thefuzzysystemwesimulatedtheresponseof thefuzzy
systemfor differentvaluesof objectandbackgroundprobabilities. Figure(3) shows the resultsof the simulation. The
obtainedsurfaceis highly nonlinear. It is clearfrom the�gure that,becauseof thenonlinearities,it is dif�cult to obtaina
closed-formsolutionfor therelationshipbetweentheforegroundandbackgroundfeatures.

Figure3. Input-OutputRelationshipof theFuzzyPressureSystem

4.1.Magnetic ResonanceImageSegmentation

Theactive contour, drivenby themodelof Equation(5), wasappliedto a setof magneticresonanceimages.Theexperi-
mentsareconductedongray-scaleMR imagesto demonstratetheeffectivenessof theproposedapproachondatawith low
dimensionality.

Thesnake-basedsegmentationof thecerebellumis shown in Figure(4). Figure(5) demonstratestheperformanceof
the proposedsnake modelby segmentingthe LateralVentricleareain an axial view. In Figure(6) andFigure(7), the
proposedcontourmodelwasappliedto segmenttheLateralVentriclefrom aCoronalandSagittalviews,respectively.

In Figure(8) the proposedcontourmodelwasappliedto two snakesto segmentsomebrain abnormalities.The two
snakesareusedto segmentthe innerandtheoutercontoursof theabnormality. Finally, we show theperformanceof the
proposedcontourmodelby segmentinga brain lobe asshown in Figure(9). The snakesperformswith high degreeof
segmentationaccuracy, regardlessof thelargeareaof thelobeandits complexity.

4.2.TargetTracking

The segmentationof magneticresonanceimagesdemonstratesthe performanceof the proposedcontourmodelwhena
high level of accuracy is needed.Thecontourmodelof Equation(5) wasthenappliedto a target trackingapplicationto
demonstratethereal-timetrackingcapabilitiesof theproposedapproach.In trackingapplications,themainobjective is to
accuratelytrackthetargetarea,with anacceptablelevel of segmentationaccuracy. In otherwords,we needto maintaina
reasonableestimateof thelocationof thetargetareawith lessemphasiswith respectto its shape.



Figure4. Snakesegmentationof theCerebellumarea.TheMedullaareais includedin thesegmentationasaresultof theimperfectMR
scanning.

Figure5. Snakesegmentationof theLateralVentricleareafrom anAxial view.

Thecolorsof the targetarea(white shirt andblackpants)arespeci�cally selectedsuchthat they spantheentiregray
scale,to maximizetheoverlapbetweenthedensityfunctionof thetargetandthedensityfunctionof thebackground.Also,
the targetareawasspeci�cally selectedsuchthat it doesnot includethe faceandhandareasof the target to demonstrate
theeffectivenessof theproposedcontourmodel.

Figures(10)and(11) illustratethetrackingresultsfor thevideosequence.For thissequence,weuseda30-pointactive
contour. A trackingrateof 20 frame/secondwasachieved,on a 1GHzP-III machine,runningMicrosoft Windows 2000.
Thetrackingcodewaswritten in C andis not fully optimized.



Figure6. Snakesegmentationof theLateralVentricleareafrom aCoronalview

Figure7. Snakesegmentationof theLateralVentricleareafrom aSagittalview

Figure8. Snakesegmentationof BrainAbnormality



Figure9. Snakesegmentationof BrainLobe
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FrameNo. 30. FrameNo. 40. FrameNo. 50.
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Figure10.FuzzyTrackingwith 30-ControlPointSnake.



FrameNo. 150. FrameNo. 160. FrameNo. 170.

FrameNo. 180. FrameNo. 190. FrameNo. 200.
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Figure11.FuzzyTrackingwith 30-ControlPointSnake.



5. CONCLUSIONS

In this paper, a new formulationfor theactive contourswaspresented.Fuzzysetswereusedto computetheimageforces
requiredto drive thecontourtowardsalientimagefeatures.Thedesignedfuzzysystemactsasa featureclassi�er basedon
theestimatedstatisticalcharacteristicsof boththetargetandbackgroundfeatures.

The proposedapproachwasusedin two differentapplicationdomainswith differentperformancerequirements.In
MRI segmentationapplicationsthemainemphasisis on theaccuracy of thesegmentationwith lessemphasison thespeed
of convergenceof the contour. In target trackingapplications,on the otherhand,the most importantrequirementis to
maintaina goodestimateof the target location,with a reasonablesegmentationaccuracy. High degreeof segmentation
accuracy was demonstratedwhen the proposedapproachwas appliedto a set of MR imagery. In the meantime, the
proposedcontourmodeldemonstratednear-real-timeperformancewhenappliedto a targettrackingproblem.

Theresultsobtainedin thispapersuggestthatany appropriatefeatureclassi�er canbeusedto drive thecontourtoward
therequiredimagefeatures.In X-ray segmentationapplications,thegraylevel cannotbeusedasa distinguishingfeature.
It is customaryto usehigher-dimensionalfeaturesin suchapplications.Therefore,it becomesnecessaryto usefeature
classi�ers that areappropriatein thesesituations.We plan to usesupportvectormachines(SVM) classi�er to drive the
contourfor segmentingX-ray imagery.
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