SNAKE FOR BAND EDGE EXTRACTION AND ITS APPLICATIONS
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ABSTRACT

A novel snale modelsuitablefor edgeextractionof band-
shapeobjectsis presentedn this paper Basedon the
proposedmodel,an edgetracking system,EdgeTak, has
beendevelopedwhich is being usedby speechscientists
in speechresearchand otherrelatedapplications. Unlike
the classicalactive contourmodelswhich only usegradi-
ent of the image as the imageforce, the proposedsnale
modelincorporateshe edgegradientand intensity infor-
mationin speci c regionsaroundeachsnale element. It
canbe usedto extract edgesthat are openor closedcon-
tours, which makesit differentfrom otheractive contour
modelsthatusehomogeneityof intensityin aregionasthe
constrainandthusareonly appliedto closedcontours.The
proposedsnale modelalsotakesinto accountthe contour
orientationsothatary unrelatecedgesn theimagewill be
discardedvenif theseedgesave highgradientor enclose
a homogeneousegion. Dynamicprogrammings usedas
the optimizationmethodin ourimplementatiorandtheim-
ageinformationupdateis naturallyincorporatedn the op-
timization process. Experimentresultson faceedgeand
humantonguetrackingarealsopresentedh this paperand
therobustnessandaccurag of the proposednodelis veri-
ed by quantitatve andqualitatve analysis.
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1 Intr oduction

Snale [1], or active contour hasattracteda considerable
amountof attentionandis popularlyusedfor automatioex-
tractionandtrackingof objectedges.Snale is an enegy
minimizationmodelwhoseenepgy termsare classi ed as
internalandexternal. Theinternalenegy is relatedto the
contourshapeand the minimization goal for internal en-
ergy is to getsmoothandcontinuouscurves. This makesit
possibleto estimategheedgepositionsevenin placesvhere
thesurfaceis interrupted Theexternalenegy usuallyis the
negative of theimagegradientandis thetermthatattaches
theactive contourto theimage.Cohen[2] [3] proposedhe
balloon model, Gunn[4] introducedthe dual active con-
tour modelto preventthe active contourfrom stoppingat
local minima. Wang[5] introducedthe B-Splinerepresen-
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Figurel. Left: An exampleof ultrasoundimagesof the
tongue.Right: An exampleof closedcontour

tationof snale, whichis amultistageactive contourmodel.
Chalang6] andAkgul [7] appliedtemporalsmoothnes
additionto thespatialconstrainin asingleframe.Chan[8]
introduceda region-basedexternal enegy insteadof the
gradientof the edgeof a closedcontour Amini [9] de-
velopeddynamicprogrammingasthe optimizationprocess
for thesnale modelto guarante¢he global optimization.

Although differentenegy typeshave beenproposed
in theseactive contourmodels the externalenegy is usu-
ally relatedto the gradientof the image. In reality, im-
agesaregenerallynoisyandtherearealwayshigh-contrast
unrelatededgeswhich make the gradientinformationin-
sufcient to extract edgesof interest. By constrainingthe
homogeneityof intensityin a region, the edgeof a region
in anoisyimagecanbe successfullyextracted[8], but this
constrainthassomelimitations:

First,it canonly beappliedto closedcontours.It can
notbeusedin applicationsvhereopencontoursneedto be
tracked, suchastrackingthe surfaceof the humantongue
in ultrasoundimages. The ultrasoundimagesare formed
by propagatingultrasoundwavesthrougha sectionof the
subjectstongue andthe surfaceof theuppertonguepartis
obtainedn theimage[10]. An ultrasoundongueimageis
shawvn in theleft of Figure 1. Thebright white bandis the
air re ection attheuppersurfaceof thetongue.Thelower
edgeof thebandis the uppersurfaceof thetongue andthe
upperedgeof the bandis useless.Thus,only lower edge
is of interestto speechscientiststhoughboth edgeshave
high gradient.It is hardto distinguishthemby only using
gradientinformationandthereis no enclosedegionwhere
the constrainf homogeneityf intensitycanbeapplied.



The secondlimitation of the constraintof intensity
homogeneitycan be seenfrom the exampleimagein the
right of Figure 1. In this imagethereis a key-chainring
which hasthe shapeof a band. If the outeredgeof the
key-chainring is of interestthe constraintof intensityho-
mogeneitywill fail sincethe region encloseddy theinner
edgeis morehomogeneouthantheregion enclosedy the
outeredge.

The proposedsnale model in this papercombines
both edgegradientandintensityin speci ¢ regions. The
speci ¢ regions are not enclosedby the object contour
They arein fact associatedvith eachsnale element,and
aresplit into two parts:onepartis insidethe bandandthe
otherpartis outsidethe band. Whetherone partis inside
or outsidethebandis de ned by theorientationof thecon-
tour. By consideringthe intensity differenceof thesetwo
regions,the upperedgeandlower edgeof theair re ection
in the ultrasoundimages,or the inner edgeandthe outer
edgeof the key-chainring, canbe distinguished.The pro-
posedsnale model hasbeenappliedto track the human
tonguefrom ultrasoundimages,and also the humanface
boundaryfrom video images. A developedsystem,Ed-
geTrak, is beingusedin speechand swallowing research
by speeclscientistsandits robustnessndaccuray is ver-
i ed by quantitatve andqualitative analysisin this paper

2 The Active Contour Model

The active contourmodel, or snale [1], is anenegy min-
imization methodto extract edgesin images. The enegy
de nition for snalesis:

1)
where is the internaleneny, is the externalen-
ergy, and aretheweightingparameters. controls

the contourshapeandit is only relatedto the geometry
propertyof the contour attacheghe contourto the
imageandde nestheimagefeatureghatareof interest.

Theinternalenegy controlsthe smoothnesandcon-
tinuity of the contourandis de ned as[11]:

2
where isthe snaleelement, and aretheweight-
ing parameters. is the averagelengthbetweentwo con-
tinuoussnale elements.

Theexternalenegy is usuallyde ned asthenegative
of theimagegradient[4] [12] [11] andwe usethenormal-
izedexternalenepy as:

®3)

whereM is thenormalizationconstant.

In reality, usingonly gradientinformationasthe ex-
ternalenegy is not enoughdueto theimagenoiseandthe
high-contrasedgesunrelatedo theinterest. Theconstraint

Figure2. Thede nitionsfor , , and

of homogeneityf intensityin aregionis alsonotappropri-
atein caseof opencontoursor closedcontoursfor a band-
shapeobject. A region basedandenengy is presentede-
low to solve theseproblems.

In our active contourmodel, the contouris a set of
shale elements andthe orderof theseel-
ementsis kept throughoutthe optimization process. For
shale element , we de ne its tangent asthedirection
of theline connectingts two neighborelements:

(4)

Thenormalvector of element canbeobtainedby ro-
tating 90degreesn thecount-clockwiselirection. Then
we cande networegions and for is aquadri-
lateralwith oneedgeconnecting and while another
edgeis in the normaldirection. is sameas  except
thatit is in theoppositadirectionof thenormal.For aband-
shapeobject, shouldbeinsidethe bandand  should
beoutsidetheband,or viceversa.Thedif culty in de ning
and isthatwe cannoteasilydecidethe edgelength
of the quadrilateralin the normal direction. This should
dependon the applicationandthe length shouldapproxi-
mately be the depthof the band. In our tracking system,
we simply approximatethis length as the averagelength
betweenadjacentsnale elements. The de nitions for
, and areshowvnin Figure2.

Suppose isinsidethebandandtheband-shapeb-
ject of interesthasa high intensity value than the back-
groundof theimage thenthedifferencebetweerthemean
intensityof region  andthe meanintensityof region
shouldbelarge. The meanintensitydifferencebetween
and is:

— (5)

where isthepixelinregion , isthepixelin region
, his the numberof pixelsin region or  andN is
thenormalizationconstantin our application N is 255;



Figure3. Extractionof the outeredgeof a key-chainring.

Snale elementsare shovn with differentcolorsfor visu-
alization purpose.Top: Snale initialization. Bottom left:

edgeextractedwithout bandenepgy. Bottom Right: edge
extractedwith bandenegy

Theregionbasedandenegy is thende ned as:

(6)
where is a penalty constantappliedto  whenthe
meanintensity differencebetween and  is lessthan
zero. In our application,we let andgetgoodre-

sultsfor theedgeextraction.
Now we have bothintensityandgradientinformation
for asnale elementandwe de ne anew externalenepy:

()

usesboth intensity and gradientinsteadof

only using gradient. Most importantly the gradientis
just for the snale elementwhile the intensity informa-
tion comesfrom neighborregions aroundthe snale ele-
ment. This is very helpful in the tracking problemwhen
the specklenoiseis presentedn the image since speck-
les are not favored by wherethe intensity value
is calculatedover regions. Also the unrelatededgesn the
imagessuchasthe upperedgeof theair re ection andthe
inneredge(or the outeredgeif the orientationof the con-
tour is reversed)of the key-chainring will geta penalty
from andwill not attractthe active contourary
more.

The performanceof bandenegy is shavn in Figure
3 wherethe outer edgeof the key-chainring is the inter-
est. Thetop imageis theinitialization of the snale. With-
out the band enegy, the snale is attractedto the high-
contrastinner edge as shovn in the bottom left image.
With the bandenegy and appropriatecontourorientation
de nition(counterclockwise), the outer edgeof the key-
chainring is correctlyextractedin the bottomright image.

Bandenepy is importantin orderto correctlydetect
thehumantonguesurfacein ultrasoundmages(seeFigure

4 for an example). Without the bandenegy, somesnale

elementareattractedowardunrelatechigh-gradienedges
(thetongueupperedge)while with bandenegy, thetongue
surfaceis correctlyextracted.

Thebandenegy de nition depend®nthenormaldi-
rectionof the snale element.In the above key-chainring
example,onecanreversethe contourorientationto extract
theinneredgeof the key-chainring easilysinceregion
and areinterchangedIn casethe objectof interesthas
lower intensitythanthe backgroundf theimage,theband
enegy canstill work in thesamewaywith appropriateon-
tour orientationde nition.

3 Optimization Process

The original snales[1] usesa variationalapproachasthe
optimizationmethod.Variationalapproachesannotguar
anteeglobal optimality of the solution. Dynamicprogram-
ming [9] ensureglobal optimality of the solutionandthe
contourinformationcanbedynamicallyupdatediuringthe
optimizationprocess.

In EdgeTrak, theoptimizationmethodis basedn dy-
namicprogramming9]. The normalof the snale element
is recalculatedn eachoptimizationstep. Fromthe def-
initions of and in Equationg(2) and(7)
respectiely, one canseethatthe enegy of the snale ele-
ment only depend®ntwo neighborof theelementand
itself. The optimizationfor one contourcanbe processed
in multiple steps.Eachstepis decomposethto indepen-
dentstages.In stage only theenegy of is minimized
andthe elementsinderconsideratiorareonly , and
. After stagestheenegiesof all snale elementsare
minimizedandtheenegy of eachelemenis summedipas
the current . This processcontinuesiteratively un-
til the doesnotdecreasary more. Comparedvith
theexhaustve searchmethod thesearctcostwith dynamic
programmings droppedrom to ( isthe
numberof snale elementsand is the size of the search
spaceespectiely).

An efcient way to de ne the searchspacefor the
snale element is to restrictthe searchalongthe normal
directionof the point. In fact,dueto theapertureproblem,
only thedeformatioralongthenormaldirectioncanbe de-
tected.In our application searchs in thenormaldirection
andthe positionof eachsnale elements rearrangelong
thetangendirectionof this pointafterevery stepof theop-
timization process.The purposeof therearrangemeris to
keepall snale elementsevenly locatedalongthe contour
while the currentcontourshapés keptunchanged.

dependonregions and . Thesetwo
regionsaredecidedby the normalof the snale element.n
eachstepof the optimizationprocesghe normalis calcu-
latedto decidethesearcldirectionandatthesametime
and canbeobtainedaccordingo thenormal.



Figure4. Extractionof the lower edgeof humantongue. Left: Ultrasoundtongueimage. Middle left: Snale initialization.
Middle right: edgeextractedwithout bandenegy; somesnale elementsareattractedo the uninterestinghigh-gradienupper
edgeof theair re ection. Right: edgeextractedcorrectlywith bandenegy.

Figure5. Imagesequencef humantonguemotion. Every
10thframefrom 67 framesis shovn. Imagesareordered
from top to bottom,left to right.

4 Experiment Results

4.1 Validation of Human TongueTracking in
Ultrasound Images

EdgeTak hasbeenappliedto ultrasoundmagesequences
of humantonguemotionfor tracking. In this system,the
userinputis just severalpointsalongthetonguesurfacein
the rst frame.An approximatedontouris obtainedby B-
splineinterpolation.This contouris thenattractedowards
thetonguesurfaceby theautomatiadynamicprogramming
optimizationprocess Every framein the sequencgetsits
snale initialization from the previous frameandthe snale
is optimizedin the sameway asin the rst frame. The
trackingresultfor Figure 5 is shovn in Figure 6. An-
otherultrasoundmagesequencés shavn in Figure7 and
its tracking resultis shawvn in Figure 8. The visual in-
spectiorof thetrackedcontourshovsthatour snale model
worksprettywell.

In orderto verify theresultquantitatvely, wecompare
the differencebetweenthe automatictracking resultsand

Figure 6. Tracked contoursfor the sequencén Figure5.
Userinputis only seven pointsin the rst frame. All con-
toursaretrackedautomatically

the manualcontoursdrawvn by the speechscientists,and
the differencebetweenthe manualcontoursdravn by dif-
ferentspeechscientists. The differencebetweentwo con-
tourswascalculatedusingaMeanSumof Distances(MSD)
by measuringhe distancedetweerthe closestsnale ele-
mentsof eachcontour The MSD betweentwo contours
and isde nedas:

8

Contourstracked by EdgeTak and manualtracking
by two speechscientistsfor threespeechsequencesvere
compared.The speecimaterialsfor thesethreesequences
are”yaya”, "golly” and’he sought’respectiely. Thecom-
parisonis listed in Table 1. As the numbersindicate,
theautomaticcontoursarenotisolatedfrom the expertde-
tectedcontoursandthe pixel errorsbetweernthe automatic
contoursand manually dravn contoursby scientistsare
quitelow.

EdgeTakis currentlybeingusedby speectlscientists.



Figure7. Imagesequencef humantonguewith different
motion. Every 4th framefrom 33 framesis shovn. Images
areorderedrom top to bottom,left to right.

"yaya” | "golly” | "he sought”
expertlvs. expert2 3.77 2.47 2.50
automaticvs. expertl 2.64 1.83 2.39
automaticvs. expert2 3.59 2.20 3.02

Tablel. Meandistanceerrorsin pixels. 1 pixel=0.295mm.

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

4.2 Tracking the Human Face

Although thereis no obvious bandshapepresentedn the
edgeof theface,the proposedsnale modelcanstill be ap-
plied to facetrackingby consideringhatthereis 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 bandenepgy (Figure9) andthe
trackingresultswith bandenegy (Figure 10), onecansee
thatthefaceboundaryis correctlytracked by the proposed
shale model. Unrelatededgessuchas the high-gradient
partbelow the lip aresuccessfullydiscardedby usingthe
bandenepgy. Notethatwe have de ned our contourto be

Figure 8. Tracked contoursfor the sequencén Figure7.
The userinput is only seven pointsin the rst frame. All
contoursaretrackedautomatically

“open” onthefaceboundaryin orderto only tracktheim-
portantdetailsduringfacialexpressions.

5 Conclusion

A snale model which is suitablefor edge extraction of
band-shap@bijectsis presentedn this paper Region in-
formationaroundeachsnale elements incorporatedwith
theimagegradientandthe contourorientationis takeninto
accounin our snalke model. Comparedvith thetraditional
shale modelandothermodelswhich usehomogeneityof
intensity in a closedregion as the image constraint,our
shale modelis robustto the specklenoiseandcanbe ap-
plied to opencontourtracking problemswhereregion in-
formationis involved.

The robustnesof the proposedmodelhasbeenver-
i ed by comparingthe automatictracking resultsandthe
manualcontoursdrawvn by the speectscientists EdgeTak
is the edgetrackingsystemthathasbeendevelopedbased
on the proposedsnale modelandis beingusedby speech
scientists.The feedbackdrom themindicatesthatthe sys-
temis ef cient andaccuratdor speechresearctandrelated
applications.The proposedsnale modelcanalsobe used
to extractedgef nonband-shapebjectsby consideringa
virtual bandalongtheobjectedge.Its applicationto human
facetrackinghasbeenshavn in this paperandthetracking
resulthasbeenveri ed by qualitative evaluations.



Figure9. Facetrackingwithoutthe bandenegy for a'sur
prise' sequencelNotethatthe boundaryis not correctlylo-
catedatthechin. Thereare20 framesin this sequencand
every 4th frameis showvn. The personin theimageis mov-
ing toward the cameraat the sametime with a'surprised'
expression.
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