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ABSTRACT
A novel snake modelsuitablefor edgeextractionof band-
shapeobjects is presentedin this paper. Basedon the
proposedmodel,an edgetrackingsystem,EdgeTrak, has
beendevelopedwhich is being usedby speechscientists
in speechresearchandother relatedapplications.Unlike
the classicalactive contourmodelswhich only usegradi-
ent of the imageas the imageforce, the proposedsnake
model incorporatesthe edgegradientand intensity infor-
mation in speci�c regionsaroundeachsnake element. It
canbe usedto extract edgesthat areopenor closedcon-
tours,which makes it different from otheractive contour
modelsthatusehomogeneityof intensityin a regionasthe
constraintandthusareonlyappliedto closedcontours.The
proposedsnake modelalsotakesinto accountthecontour
orientationsothatany unrelatededgesin theimagewill be
discardedevenif theseedgeshavehighgradient,or enclose
a homogeneousregion. Dynamicprogrammingis usedas
theoptimizationmethodin our implementationandtheim-
ageinformationupdateis naturallyincorporatedin theop-
timization process. Experimentresultson faceedgeand
humantonguetrackingarealsopresentedin thispaperand
therobustnessandaccuracy of theproposedmodelis veri-
�ed by quantitativeandqualitativeanalysis.
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1 Intr oduction

Snake [1], or active contour, hasattracteda considerable
amountof attentionandis popularlyusedfor automaticex-
tractionandtrackingof objectedges.Snake is an energy
minimizationmodelwhoseenergy termsareclassi�ed as
internalandexternal. The internalenergy is relatedto the
contourshapeand the minimizationgoal for internalen-
ergy is to getsmoothandcontinuouscurves.This makesit
possibleto estimatetheedgepositionsevenin placeswhere
thesurfaceis interrupted.Theexternalenergyusuallyis the
negativeof theimagegradientandis thetermthatattaches
theactivecontourto theimage.Cohen[2] [3] proposedthe
balloon model, Gunn [4] introducedthe dual active con-
tour modelto prevent the active contourfrom stoppingat
local minima. Wang[5] introducedtheB-Splinerepresen-

Figure1. Left: An exampleof ultrasoundimagesof the
tongue.Right: An exampleof closedcontour

tationof snake,whichis amultistageactivecontourmodel.
Chalana[6] andAkgul [7] appliedtemporalsmoothnessin
additionto thespatialconstraintin asingleframe.Chan[8]
introduceda region-basedexternal energy insteadof the
gradientof the edgeof a closedcontour. Amini [9] de-
velopeddynamicprogrammingastheoptimizationprocess
for thesnakemodelto guaranteetheglobaloptimization.

Although differentenergy typeshave beenproposed
in theseactive contourmodels,theexternalenergy is usu-
ally relatedto the gradientof the image. In reality, im-
agesaregenerallynoisyandtherearealwayshigh-contrast
unrelatededgeswhich make the gradientinformation in-
suf�cient to extract edgesof interest.By constrainingthe
homogeneityof intensityin a region, theedgeof a region
in a noisyimagecanbesuccessfullyextracted[8], but this
constrainthassomelimitations:

First, it canonly beappliedto closedcontours.It can
notbeusedin applicationswhereopencontoursneedto be
tracked,suchastrackingthesurfaceof thehumantongue
in ultrasoundimages. The ultrasoundimagesare formed
by propagatingultrasoundwavesthrougha sectionof the
subject's tongue,andthesurfaceof theuppertonguepartis
obtainedin theimage[10]. An ultrasoundtongueimageis
shown in theleft of Figure 1. Thebright white bandis the
air re�ection at theuppersurfaceof thetongue.Thelower
edgeof thebandis theuppersurfaceof thetongue,andthe
upperedgeof the bandis useless.Thus,only lower edge
is of interestto speechscientiststhoughboth edgeshave
high gradient.It is hardto distinguishthemby only using
gradientinformationandthereis noenclosedregionwhere
theconstraintof homogeneityof intensitycanbeapplied.



The secondlimitation of the constraintof intensity
homogeneitycanbe seenfrom the exampleimagein the
right of Figure 1. In this imagethereis a key-chainring
which hasthe shapeof a band. If the outer edgeof the
key-chainring is of interest,theconstraintof intensityho-
mogeneitywill fail sincethe region enclosedby the inner
edgeis morehomogeneousthantheregionenclosedby the
outeredge.

The proposedsnake model in this papercombines
both edgegradientand intensity in speci�c regions. The
speci�c regions are not enclosedby the object contour.
They are in fact associatedwith eachsnake element,and
aresplit into two parts:onepart is insidethebandandthe
otherpart is outsidethe band. Whetheronepart is inside
or outsidethebandis de�ned by theorientationof thecon-
tour. By consideringthe intensitydifferenceof thesetwo
regions,theupperedgeandloweredgeof theair re�ection
in the ultrasoundimages,or the inner edgeandthe outer
edgeof thekey-chainring, canbedistinguished.Thepro-
posedsnake model hasbeenappliedto track the human
tonguefrom ultrasoundimages,andalso the humanface
boundaryfrom video images. A developedsystem,Ed-
geTrak, is beingusedin speechandswallowing research
by speechscientists,andits robustnessandaccuracy is ver-
i�ed by quantitativeandqualitativeanalysisin this paper.

2 The ActiveContour Model

Theactive contourmodel,or snake [1], is an energy min-
imization methodto extract edgesin images.The energy
de�nition for snakesis:
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is theexternalen-
ergy,
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aretheweightingparameters.
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controls
the contourshapeand it is only relatedto the geometry
propertyof the contour.
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attachesthe contourto the
imageandde�nestheimagefeaturesthatareof interest.

Theinternalenergy controlsthesmoothnessandcon-
tinuity of thecontourandis de�ned as[11]:
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snakeelement,
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aretheweight-
ing parameters.
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is the averagelengthbetweentwo con-
tinuoussnakeelements.

Theexternalenergy is usuallyde�ned asthenegative
of theimagegradient [4] [12] [11] andweusethenormal-
izedexternalenergy as:
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whereM is thenormalizationconstant.
In reality, usingonly gradientinformationastheex-

ternalenergy is not enoughdueto theimagenoiseandthe
high-contrastedgesunrelatedto theinterest.Theconstraint
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Figure2. Thede�nitions for G
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of homogeneityof intensityin aregionis alsonotappropri-
atein caseof opencontoursor closedcontoursfor a band-
shapeobject.A region basedbandenergy is presentedbe-
low to solve theseproblems.

In our active contourmodel, the contouris a set of
snake elementsL

!�MONP!O&QN�.�.�.�NP!��R-3&
S

andtheorderof theseel-
ementsis kept throughoutthe optimizationprocess. For
snake element
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, we de�ne its tangentG
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asthe direction
of theline connectingits two neighborelements:
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Thenormalvector H

�

of element
!��

canbeobtainedby ro-
tating G

�

90degreesin thecount-clockwisedirection.Then
wecande�ne two regions I

�

and I
J

�

for
!��

. I
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is aquadri-
lateralwith oneedgeconnecting
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while another
edgeis in the normaldirection. IVJ

�

is sameas I

�

except
thatit is in theoppositedirectionof thenormal.For aband-
shapeobject, I

�

shouldbe insidethebandand IVJ

� should
beoutsidetheband,or viceversa.Thedif�culty in de�ning

I

�

and IKJ

� is thatwe cannot easilydecidetheedgelength
of the quadrilateralin the normal direction. This should
dependon the applicationandthe lengthshouldapproxi-
matelybe the depthof the band. In our trackingsystem,
we simply approximatethis length as the averagelength
betweenadjacentsnake elements.The de�nitions for G

�

,
H

�

, I

�

and IKJ

� areshown in Figure2.
SupposeI

�

is insidethebandandtheband-shapeob-
ject of interesthasa high intensity value than the back-
groundof theimage,thenthedifferencebetweenthemean
intensityof region I

�

andthemeanintensityof region IWJ

�

shouldbelarge.ThemeanintensitydifferencebetweenI

�

and IKJ

� is:
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where
a

c

is thepixel in region I

�

,
a

J

c is thepixel in region
IKJ

� , n is thenumberof pixels in region I

�

or IKJ

� andN is
thenormalizationconstant.In our application,N is 255;



Figure3. Extractionof theouteredgeof a key-chainring.
Snake elementsareshown with differentcolors for visu-
alizationpurpose.Top: Snake initialization. Bottom left:
edgeextractedwithout bandenergy. Bottom Right: edge
extractedwith bandenergy

Theregionbasedbandenergy is thende�ned as:
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where
a��

H is a penaltyconstantapplied to
!(�

when the
meanintensitydifferencebetweenI

�

and IKJ

� is lessthan
zero. In our application,we let

a��

H

���

andgetgoodre-
sultsfor theedgeextraction.

Now wehavebothintensityandgradientinformation
for asnakeelementandwe de�ne anew externalenergy:
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usesboth intensityandgradientinsteadof
only using gradient. Most importantly, the gradient is
just for the snake elementwhile the intensity informa-
tion comesfrom neighborregions aroundthe snake ele-
ment. This is very helpful in the trackingproblemwhen
the specklenoise is presentedin the imagesincespeck-
les arenot favoredby
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wherethe intensityvalue
is calculatedover regions. Also theunrelatededgesin the
imagessuchastheupperedgeof theair re�ection andthe
inneredge(or theouteredgeif theorientationof thecon-
tour is reversed)of the key-chain ring will get a penalty
from

�
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andwill not attracttheactive contourany
more.

The performanceof bandenergy is shown in Figure
3 wherethe outeredgeof the key-chainring is the inter-
est. Thetop imageis theinitialization of thesnake. With-
out the band energy, the snake is attractedto the high-
contrastinner edgeas shown in the bottom left image.
With the bandenergy andappropriatecontourorientation
de�nition(counter-clockwise),the outer edgeof the key-
chainring is correctlyextractedin thebottomright image.

Bandenergy is importantin orderto correctlydetect
thehumantonguesurfacein ultrasoundimages(seeFigure

4 for an example). Without the bandenergy, somesnake
elementsareattractedtowardunrelatedhigh-gradientedges
(thetongueupperedge)while with bandenergy, thetongue
surfaceis correctlyextracted.

Thebandenergy de�nition dependson thenormaldi-
rectionof the snake element.In the above key-chainring
example,onecanreversethecontourorientationto extract
theinneredgeof thekey-chainring easilysinceregion I

�

and I J

� areinterchanged.In casetheobjectof interesthas
lower intensitythanthebackgroundof theimage,theband
energycanstill work in thesamewaywith appropriatecon-
tour orientationde�nition.

3 Optimization Process

The original snakes[1] usesa variationalapproachasthe
optimizationmethod.Variationalapproachescannotguar-
anteeglobaloptimality of thesolution.Dynamicprogram-
ming [9] ensuresglobaloptimality of thesolutionandthe
contourinformationcanbedynamicallyupdatedduringthe
optimizationprocess.

In EdgeTrak,theoptimizationmethodis basedondy-
namicprogramming[9]. Thenormalof thesnake element
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is recalculatedin eachoptimizationstep.Fromthedef-
initions of
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in Equations(2) and(7)
respectively, onecanseethat theenergy of thesnake ele-
ment

!
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only dependson two neighborsof theelementand
itself. The optimizationfor onecontourcanbe processed
in multiplesteps.Eachstepis decomposedinto H indepen-
dentstages.In stage8 only theenergy of
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is minimized
andtheelementsunderconsiderationareonly
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. After H stages,theenergiesof all snake elementsare
minimizedandtheenergyof eachelementis summedupas
the current
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. This processcontinuesiteratively un-
til the
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doesnot decreaseany more.Comparedwith
theexhaustivesearchmethod,thesearchcostwith dynamic
programmingis droppedfrom �
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( H is the
numberof snake elementsand

�

is the sizeof the search
spacerespectively).

An ef�cient way to de�ne the searchspacefor the
snake element

!(�

is to restrictthesearchalongthenormal
directionof thepoint. In fact,dueto theapertureproblem,
only thedeformationalongthenormaldirectioncanbede-
tected.In our application,searchis in thenormaldirection
andthepositionof eachsnake elementis rearrangedalong
thetangentdirectionof thispointaftereverystepof theop-
timizationprocess.Thepurposeof therearrangementis to
keepall snake elementsevenly locatedalongthe contour
while thecurrentcontourshapeis keptunchanged.
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dependson regions I
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and IKJ

� . Thesetwo
regionsaredecidedby thenormalof thesnake element.In
eachstepof theoptimizationprocessthe normalis calcu-
latedto decidethesearchdirectionandat thesametime I

�

and IKJ

� canbeobtainedaccordingto thenormal.



Figure4. Extractionof the lower edgeof humantongue. Left: Ultrasoundtongueimage. Middle left: Snake initialization.
Middle right: edgeextractedwithout bandenergy; somesnake elementsareattractedto theuninterestinghigh-gradientupper
edgeof theair re�ection. Right: edgeextractedcorrectlywith bandenergy.

Figure5. Imagesequenceof humantonguemotion.Every
10th framefrom 67 framesis shown. Imagesareordered
from top to bottom,left to right.

4 Experiment Results

4.1 Validation of Human TongueTracking in
Ultrasound Images

EdgeTrakhasbeenappliedto ultrasoundimagesequences
of humantonguemotion for tracking. In this system,the
userinput is just severalpointsalongthetonguesurfacein
the�rst frame.An approximatedcontouris obtainedby B-
splineinterpolation.This contouris thenattractedtowards
thetonguesurfaceby theautomaticdynamicprogramming
optimizationprocess.Every framein thesequencegetsits
snake initialization from thepreviousframeandthesnake
is optimizedin the sameway as in the �rst frame. The
tracking result for Figure 5 is shown in Figure 6. An-
otherultrasoundimagesequenceis shown in Figure7 and
its tracking result is shown in Figure 8. The visual in-
spectionof thetrackedcontourshowsthatoursnakemodel
worksprettywell.

In ordertoverify theresultquantitatively,wecompare
the differencebetweenthe automatictrackingresultsand

Figure6. Tracked contoursfor the sequencein Figure5.
Userinput is only sevenpointsin the�rst frame. All con-
toursaretrackedautomatically.

the manualcontoursdrawn by the speechscientists,and
thedifferencebetweenthemanualcontoursdrawn by dif-
ferentspeechscientists.The differencebetweentwo con-
tourswascalculatedusingaMeanSumof Distances(MSD)
by measuringthedistancesbetweentheclosestsnake ele-
mentsof eachcontour. The MSD betweentwo contours
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Contourstracked by EdgeTrak andmanualtracking

by two speechscientistsfor threespeechsequenceswere
compared.Thespeechmaterialsfor thesethreesequences
are”yaya”, ”golly” and”he sought”respectively. Thecom-
parisonis listed in Table 1. As the numbersindicate,
theautomaticcontoursarenot isolatedfrom theexpertde-
tectedcontoursandthepixel errorsbetweentheautomatic
contoursand manually drawn contoursby scientistsare
quitelow.

EdgeTrakis currentlybeingusedby speechscientists.



Figure7. Imagesequenceof humantonguewith different
motion.Every4th framefrom 33framesis shown. Images
areorderedfrom top to bottom,left to right.

”yaya” ”golly” ”he sought”
expert1 vs. expert2 3.77 2.47 2.50

automaticvs. expert1 2.64 1.83 2.39
automaticvs. expert2 3.59 2.20 3.02

Table1. Meandistanceerrorsin pixels.1 pixel=0.295mm.

Our feedbackfrom themindicatesthat the systemis ef�-
cient and robust for speechresearchand relatedapplica-
tions.

4.2 Tracking the Human Face

Although thereis no obviousbandshapepresentedin the
edgeof theface,theproposedsnake modelcanstill beap-
plied to facetrackingby consideringthat thereis a virtual
bandalongthefaceedge.Theactualfaceboundaryshould
be the outeredgeof this virtual band. The differencebe-
tweenthevirtual bandintensityandtheintensityof thenon
faceareawill helpusto correctlylocatethefaceboundary.

Thereis nogroundtruthfor thefaceboundaryto eval-
uateour trackingresults. By visually comparingthe face
boundarytracked without bandenergy (Figure9) andthe
trackingresultswith bandenergy (Figure10), onecansee
thatthefaceboundaryis correctlytrackedby theproposed
snake model. Unrelatededgessuchas the high-gradient
part below the lip aresuccessfullydiscardedby usingthe
bandenergy. Note thatwe have de�ned our contourto be

Figure8. Tracked contoursfor the sequencein Figure7.
The userinput is only seven pointsin the �rst frame. All
contoursaretrackedautomatically.

“open” on thefaceboundary, in orderto only tracktheim-
portantdetailsduringfacialexpressions.

5 Conclusion

A snake model which is suitablefor edgeextraction of
band-shapeobjectsis presentedin this paper. Region in-
formationaroundeachsnake elementis incorporatedwith
theimagegradientandthecontourorientationis takeninto
accountin oursnakemodel.Comparedwith thetraditional
snake modelandothermodelswhich usehomogeneityof
intensity in a closedregion as the imageconstraint,our
snake modelis robust to the specklenoiseandcanbe ap-
plied to opencontourtrackingproblemswhereregion in-
formationis involved.

The robustnessof the proposedmodelhasbeenver-
i�ed by comparingthe automatictrackingresultsandthe
manualcontoursdrawn by thespeechscientists.EdgeTrak
is theedgetrackingsystemthathasbeendevelopedbased
on theproposedsnake modelandis beingusedby speech
scientists.Thefeedbacksfrom themindicatesthatthesys-
temis ef�cient andaccuratefor speechresearchandrelated
applications.The proposedsnake modelcanalsobe used
to extractedgesof nonband-shapeobjectsby consideringa
virtual bandalongtheobjectedge.Its applicationto human
facetrackinghasbeenshown in thispaperandthetracking
resulthasbeenveri�ed by qualitativeevaluations.



Figure9. Facetrackingwithout thebandenergy for a 'sur-
prise' sequence.Notethattheboundaryis not correctlylo-
catedat thechin. Thereare20 framesin this sequenceand
every4th frameis shown. Thepersonin theimageis mov-
ing toward thecameraat thesametime with a 'surprised'
expression.
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