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Chapter 1

Intr oduction

This reportdescribesan experimentwith deformablemodelsappliedto the problemof tracking.
The studyof deformablemodelsstartedwith an attemptto solve shapematching,wherea given
shapeneedsto be locatedin animageusing correlation-basedhatching. The correlation-based
matchinghaslimited applicationdbecaus®bjectsarenotalwaysundegoingrigid transformations
in reallife andthey arealsoexpectedto deformto the varyingimagingconditions,sensomoise
andocclusionsHence deformablenodelsbecameéncreasinglypopular

The mainideafor deformablemodelsis to encodea variety of shapedeformationswhile main-
tainingtheinherentobjectstructurein themodel. Suchmodelshave beenusedin awide rangeof

applicationsgncluding image/videodatabaseetrieval, trackingrestorationetc. Differentmodels
have beendefined wherethe differencedie in the specificatiorof the model,the definition of the
setof rules,andtherecovery processwhich performsthe segmentation.

In thefollowing anoverview of deformablemodelsis givenin Chapter2. Then,in Chapter3 we
will describeonespecificdeformablemodelbasedn active shapemodelsappliedto the problem
of lip-tracking. Theresultsof someexperimentswith this methodarereportedn Chapter, while
asummaryof the studyis givenin Chapters.



Chapter 2

Deformable models

A deformablemodelcanbe characterisedsa model,which underanimplicit or explicit optimi-

sationcriterion,deformsthe shapao matcha known objectin agivenimage.Themodelis active

in the sensehatit canadoptitself to fit the givendata. It is a usefulshapemodelbecausef its

flexibility andits ability to bothimposegeometricabonstraintsontheshapeandto integratelocal

imageevidences.Therehasbeena substantiahmountof researcton deformablenodelsin recent
years.

In [7] Jainetal. give anoverview of thework in this area.They partitionthework on deformable
modelsinto two classesfree-brm modelsand parametric models. The free-formmodelscan
represenary arbitraryshapeaslong assomeconstraintdik e continuity, smoothnessgtc. aresat-
isfied. Thesemodelsare often called active contours. The other class,parametricdeformable
models,encodea specificshapeandits variationwherethe shapecanbe characterisetty a para-
metricformulaor a prototypeandits deformationrmodes.

e Free-brm deformable models(active contours)

e Parametric deformable models
which canbe of two kinds:

— Analyticaldeformablegemplates
— Prototype-basedeformablgemplates

2.1 Free-brm deformable models

Free-formdeformablemodels,also called active contour models assumevery little structure
abouttheobjectshapeexceptfor someregularisatiorconstraintdik e continuityand/orsmoothness
of theboundary Suchafree-formmodelcanbedeformedo matchsalienimagefeaturedikelines
andedgesusingpotentialfields (enegy functions)producedby thosefeatures.Sincethereis no



globalstructurefor thetemplatejt canrepresenary arbitraryshapeaslong astheregularisation
requirementaresatisfied.

Kass,Witkin and Terzopoulog8] introducedone of the earliestand mostpopularfree-formde-
formablemodels;the snake model. A snale is a geometricalcurve which approximatesmage
contourghroughenegy minimisation[6]. It behaeslik e anelasticropethatwrigglestowardsthe
contouror that slidesdown the potentialhill. Theinternalforceskeepthe shapeandensurethe
spatialandtemporalcontinuity, while the externalforcespull andguidethe snale in aninteractive
anddynamiciterative process.

The snale usesonly the informationfrom its local surroundingsyhereasnformationaboutthe
global shapeis missing,andthe implementatiorof the original snale modelis vulnerableto its
initial positionandimagenoise. Thus,the snale hasto be placedin proximity to the contourand
canbetrappedin local enegy minima. A numberof approachebave beenproposedo improve
thesepoints.

2.2 Parametric deformable models

Parametriocdeformablemodelscontrolthe deformationsisinga setof parametersvhich arecapa-
ble of encodinga specificcharacteristishapeandits variations.This type of modelis usedwhen
morespecificshapanformationis available,which canbe describedby a setof parametersThe
adwantageof thesemodels,alsocalleddeformable templates is thatthey arebetterat bridging
boundarygapsandthey aremoreconsistent.

Parametriadeformablenodelscanbecatayorisednto analytical deformabldemplategndpr ototype-
baseddeformablaemplatesFor theformertheshapevariationis parametrisethroughhandcraft-

ing of aparametridormulafor thecurvesin the shapegemplatesuchthatdifferentshapdanstances
can be obtainedusing different parametewalues. For the latter a prototypeis designedfor a
shapeclass,and parametridransformationsrethenappliedon the prototypeto obtaindifferent
deformedemplates.

In both theseparametricmodels,the deformabletemplatesnteractdynamicallywith the image
featuredny adjustingthe parametersccordingto the imageforces. Similar to the active contour
approachanobjectvefunctionwhichis aweightedsumof aninternalenegy termandanexternal
enegy termis usedto quantify how well a deformedtemplatematcheghe objectsin the given
image.

2.2.1 Analytical templates

Analytical deformablagemplatesaredefinedby a setof analyticalcurves. Hence the geometrical
shapes parametrisediirectly. The templateis representedby a setof curveswhich is uniquely
describedoy someparametersThe geometricshapeof the templatecanbe changedoy varying
the parameterin the analyticalexpressionsandthe variationsin the shapearedeterminedy the



distribution of the parametewnalues. This representatiomequiresthat the geometricalshapeis
well structured.

2.2.2 Prototype-basedemplates

Prototype-basedeformabletemplatesare more flexible than the analyticaltemplatesbecause
they are derived directly from a set of examplesof objectswhich are expectedin the images.
This approachwas first presentedby Grenanderet al. who describeda systematicframenork
to representand generatepatternsfrom a classof shapes. A shapeis representedy a set of
parameter@nda probability distribution on the parameterss specifiedto allow a flexible bias
towardsa particularshape The active shapemodel,suggestethy Cooteswhichwill be presented
in thenext sectionis a prototypebasedieformablegemplate.

2.3 Active shapemodels

Cootesetal. have in [2] definedatype of prototype-basedeformableéemplateswhich they call
active shapemodels(ASM). Contraryto mary otherdeformablemodelsthe active shapemodels
represena generalway of performingnon-rigid objectsegmentation Shapevariationis extracted
from atraining setby applyingprincipal componentnalysisto point distribution models,rather
thanhandcraftinga priori knowledgeinto themodel. Active shapanodelshave beensuccessfully
appliedto areadik e facerecognition jndustrialinspectiorandmedicalimageinterpretation.

Active shapanodelsarestatisticallybasedandthey almostcompletelyavoid theuseof constraints,
thresholdsor penaltiesmposedoy the user Themodelsarederivedfrom the statisticsof labelled
imagescontainingexamplesof the objects. Eachmodelconsistsof a flexible shapetemplate- a
pointdistribution model(PDM) — describinghow therelative locationsof importantpointson the
shapesanvary, anda statisticalmodelof the expectedgrey-levelsin aregion aroundeachpoint.

PDM'’s are flexible modelswhich representan object by a set of labelledpoints. The points
describeheboundaryor othersignificantpartsof anobject. By usingPDM’s theideais to avoid

the useof heuristicassumptionsiboutlegal shapedeformations.Instead knovledgeaboutlegal

shapedeformationis obtainedby examininga representatie training set. During imagesearch,
themodelis only allowedto deformto shapesimilarto the oneseenin thetraining set.

Otherdeformabledemplatesandsnalesalignto stronggradientdor locatingthe object,regardless
of their actualappearancén the image. However, model points are not always placedon the
strongesedgein thelocality - they may represena wealer secondaryedgeor someotherimage
structure ASMs will insteadearnthetypical grey level appearanceerpendiculato the contour
fromthetrainingsetandbuild a statisticaimodelof thegrey level structureto usefor imagesearch.

During atraining phasehe meanpositionandvariationof eachpointandgrey level profile of the
contourarecalculated.This meanshapeds usedasthe generictemplateof the classof shapesA
numberof modesof variation,i.e., the eigervectorsof the covariancematrix, aredeterminedor



describingthe mainfactorsby which the exemplarshapetendto deformfrom the genericshape.
A smallsetof linearly independenparameterareusedto describehe deformation.In this way,
the shapemodelallows for considerableneaningfulvariability, but is still specificto the classof
structurest represents.

Themeanshapdrom thetrainingset,the principalcomponentsransformatiormatrix, andthe set
of weightsassociatedavith eachmodeof variationcollectively constitutethe active shapemodel
which canbefitted to imagedatain a variety of ways. Onecan,for example,usecorventional
optimisationalgorithmsto fit the modelin parametespace obtainingan initial crudefit of the
meanshapeby atemplatematchingscheme.

Themajoradwantageof thesemodelss thatthey canbeusedto represenawide varietyof objects,
bothman-madendbiological,the sametechniquedeingappliedin every case(they do nothave
to be handcraftedor eachexample). The modelsexplicitly describethe variationsin shapeand,
being compactlinear representations;an be usedefficiently in imagesearch. The limitations
of the approachareits sensitvity to partial occlusion,andits inability to handlelarge scaleand
orientationchange.

A generalisatiomf theactive shapemodelis theactive appearanceodel(AAM), thatusesall the
informationin the imageregion coveredby the target object,ratherthanjust that nearmodelled
edges An AAM containsa statisticalmodelof the shapeandgrey-level appearancef the object
of interestwhich can generaliseo almostary valid example. Matchingto an imageinvolves
finding model parametersvhich minimise the differencebetweenthe imageand a synthesised
modelexample,projectedinto theimage. The potentiallylarge numberof parametersnakesthis
adifficult problem.



Chapter 3

A methodfor lip-tracking

Facial speecHeatureextractionandmodellinghasbecomeanimportantissuein bothautomatic
speechprocessingand automaticface processing. Potentialapplicationsinclude audio-visual
speechrecognition, recognitionof talking persons,lip synchronisationspeech-dsien talking
headsandspeech-basedagecoding.

Many approachefor lip-trackingsimplify theproblemby markingthe subjectdips with colouror
areflectve marlker, by locatingthelips in thefirst imageby hand,by performingexperimentsor
onesubjectonly, or by usingvery controlledlighting conditions.In thefollowing a shortsummary
of methoddor lip-tracking basedon deformablemodelsis given. None of theseapproachesise
specialmarkingof thelips, but they assum@nesubjectandtheapproximatgositionof themouth
is usuallylocatedprior to thetracking.

In [8] Kassetal. have describedactive contourmodels(snales)for lip-tracking. Theseareableto
resole fine details,but shapeconstraintsaredifficult to incorporateand one hasto compromise
betweerthe degreeof elasticityandthe ability to resole fine contourdetails. Bregler et al. [1]
lasodescribea methodbasedon snhalesfor trackingthe outerlip contourwherethe contouris
limited to lie within a subspacéearnedrom training.

Yuille et al. have useddeformabletemplatedfor locatingfacial featureq20], andthis approach
hasbeenappliedfor lip-tracking by Hennecle et al. in [5]. Herethey make useof a piecavise
parabolic/quarti¢cemplatewhich seekgo lock on to the upperandlower edgesof eachlip. In a
mannersimilar to that of snales,the deformablelip templateadjustsits shapeaccordingto the
valueof anumberof integralsalongtherelevantcontours.

In what remainsof this reportwe will describein somemore detail anotherapproachfor lip-
trackingwhichis basedn active shapemodels.This methodhasbeendevelopedby Luettinetal.
[9, 14] andis basednthework of Cootesetal. [2] ondeformablenodelsfor medicalapplications.
In this chapterthis methodwill be describedfirst the training andthenthe matchingprocess.n
thenext chaptersomeresultsfrom experimentswith this methodarereported.



3.1 Training

This sectiondescribesghetrainingof theactive shapemodelfor lip-tracking. Thetrainingprocess
startsby manuallymarkingthe contourin a setof training images,andfor eachmarked point
onacontour agrey level profile is extracted. The meanandthe covariancematrix for both shape
coordinatesindgrey level profilesarethencomputedandfinally theeigervectorsandeigervalues
of the covariancematrix are calculatedusingprincipal componentinalysis.More detailson this
proceduras describedn thefollowing.

Shape

Thetrainingstartsby manuallymarkingpointsalongthe contourof the objectsin a setof training
images. This contourmay take on ary shapeandcanconsistof several separategarts,like the
innerandthe outercontourof thelips. In theexperimentdescribedn thisreport,theoutercontour
of thelip is used.

Thetrainingexamplesneedto belabelledin a consistentnanneito beableto compareequivalent
pointsfrom differentshapes Whenmarkingthe lip contour the outertwo cornersof the mouth
were marked first and usedasreferencepoints. The remainingpointson the contourwerethen
placedequidistantlyalongtheline betweerthesewo points(seeFigure3.1,left). Theresultingco-
ordinatesof thecontourfor shape canbedescribedasavector:v; = (x;0, Yio, - TiN—1, YiN—1)-
For theoutercontourN = 22 pointswereused.

Whenall the coordinatef the contourhave beenmarked, they shouldbe normalisedfor trans-
lation, scalingandrotation. Normalisationof the contourcoordinatess performedbasedon the
two cornerpoints. Their distanceis definedasthe scales, their orientationasthe angleé, and
their centreasthe origin (¢5,t,) (seeFigure 3.1, right). The normalisedcoordinatesof shape
i arerepresentedn the vectorz; = norm(v;), andthe normalisationparametersn the vector

u; = {tg, ty,s,0}.

After thecontourcoordinate®f all theshapedn thetrainingsethave beenmarkedandnormalised,
theshapemodelcanbe created.The approacHor thisis asfollows: Firstthe meanshapeXx, and
the covariancematrix of the dataarecomputed.Thenthe eigervectors,¢;, andthe corresponding
eigervalues,)\;, of the covariancematrix arecomputed (The eigervaluesgive the varianceof the
dataaroundthe meanin the direction of the correspondingigervector) The eigervectorsand
theircorresponding@igervaluesaresortedby decreasingigervaluessothat\; > A;41. LettingP
be the matrix containingthe ¢t sortedeigervectorscorrespondindo thet largesteigervalues,the
trainingsetx canthenbe approximatedy:

x~X+ Pb
whereb is at dimensionalvectorgivenby:

b=PT(x - %)
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Figure 3.1: Left: The points on the contour should be equally spacedalong the line between
the two corners of the mouth. Right: Normalisationof the contouris performedbasedon the
translation,scalingandrotationof the line betweerthetwo corneis of themouth.

definingthe parametersf the deformablemodel. By varyingthe elementf b we canvary the
shapex. Thevarianceof thei* parameterd;, acrossthe training setis given by the eigervalue
A; of thecorrespondingigervector

The numberof eigervectorst which is includedin the model, can be chosenso that the model
representsomeproportion(eg. 98%)of thetotal varianceof thedata,or sothattheresidualerms
canbe consideredasnoise. (In the experimentsdescribecdhere,the numberof eigervectorswere
setto 8). Any shapex canthenbeapproximatedy:

x=X+Pb
usingthe meanshapex, the matrix of eigervectors P, andtheweightsof the eigervectors b.

In summary eachshapemodelis representetby an averageshapeanda setof eigervectorsde-
scribingthestatisticaldeformationgalculatedrom alearningsetof shapeswheretheseeigervec-
torsarecalculatedasthe principalcomponent®f the covarianceof coordinate®f corresponding
pointsalongthe shapeoutlines. The datastoredfor this shapemodelare the normalisedmean
shapevectorx, themeanandthevarianceof thenormalisatiorparametersi andvar(u), andthe
t largesteigervectorswith correspondingigervaluesarestored.

Profile

To measurdhe fit betweenthe imageandthe shapemodel,a costfunctionwill beis used(see
Section3.2). A representationf imagefeaturesalongthelip contouris thereforeneededInstead
of using gradientsto representhe contours,the actualgrey level aroundeachcontourpoint is
used.Thisis obtainedby extractinga grey level profile alonga line perpendiculato the contour
in all the contourpointswhich aremarked on the shape(seeFigure 3.2). This resultsin a small
vectorof grey valuesg for eachpointonthe contour which areconcatenatethto onelargevector
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Figure 3.2: A grey level profile is extractedfor ead contourpoint along a line perpendicularto
thecontour

for eachshapei:
h; = (i0, i1, -+ Bin—1)

In thesameway asfor the shapecoordinatesthe meanof all the grey level profilesof thetraining
setarecalculatedgiving theglobalmearprofileh. Thecovariancematrix of theprofile datais also
computedandthenthe eigervectorsandthe eigervaluesof this matrix. Again, the eigervectors
correspondingo thet largesteigervaluesareusedto make up a matrix Pg. Any profile canthen
be approximatedising:

h =h+ Pgb,

wherebyg is avectorcontainingthe weightsof eacheigervector

Lip model

Thelip modelconsistsof a modelof the shapeandits variations,anda modelof the grey level
profile andits variations.In summarythe datausedto representhelip modelare:

e Thenormalisedneanshapex.
e Themeanandthevarianceof thenormalisatiorparametersa andvar(u).

e The eigervectorsandeigervaluesof the shapecoordinatescorrespondingdo the ¢ largest
eigervalues.

e Themeangrey level profile h.

e The eigervectorsand eigervaluesof the grey level profiles correspondingo the ¢ largest
eigervalues.

11



In ourexperimentsve have usedt = 8 modesandsettheallowedvariationto 3 timesthestandard
deviation.

3.2 Matching

Whenthetrainingof the modelis completethe modelis readyto be usedfor locatingcontoursin

a setof unseenmages.We thenwantto matchthe shapeandits deformationdo thetestimages.
Thisrequireghatthe searctprocessnovesanddeformsthemodelgraduallyto shapesvith lower
cost. To performthis multidimensionabptimisation the downhill simplex methodis used.

Downhill simplex method

Thedownhill simplex methodperformsmultidimensionaminimisationof afunction f(x), where
x is ann-dimensionalector usingthe methodof NelderandMead[17]. It is aniterative algo-
rithm for solving unconstrainedninimisationproblemsnumericallyfor several but not too mary
variables. The methodrequiresonly function evaluations,and no deriatives. It is however not
very efficientin termsof the numberof function evaluationsthatit requiresbut it may still often
bethebestmethodto use.

The methodattemptsto enclosethe minimum inside an irregular volume definedby a simplex.
A simplex is ageometricafigurein N dimensionswith N+1 verticesandedges.Froma chosen
startingpoint the algorithmis supposedo make its own way downhill throughthe unimaginable
compl«ity of the N-dimensionakopograply, until it encountersan (at leastlocal) minimum. It
mustbe startednot justwith a singlepoint, but with N+1 points,definingtheinitial simplex.

Whensearchindor thelip contourthe algorithmusesthe translationparameters,, t,,, the scal-

ing s, the rotation# andthe vectorwith the weightsof the eigervectors,b, asvariablesof the

multidimensionabptimisationprocesspptimisingacostfunction f(t,, ty, s, 6, b). Theseparam-

etersdefinethe possiblenovementsaanddeformationsandthedownhill simplex methodsearches
throughthis spaceof movementsaanddeformations.

Initialisation of the seaich

The searchis initialised with the meanshapex, andplacedin arandomlocation. We have used
the locationgiven by the meanvectorfor the normalisationj, asa startingpoint for the search.
Fromthis startingpoint eachparameteis thenvariedwithin the allowedinterval of variationuntil
the costreaches specifiedow tolerance.

To performthis searchwe first needto initialise thesimplex S, whichis amatrixwith N + 1 rows
of length N. Eachrow shouldcontainaninitial settingof the verticesof the simplex. In our case
onevertex correspond$o onesettingof the parametersf thetwo vectorsu andb.

12



The first vertex, or first row of S, is initially setto the meanshapeat the meanposition. We
have themeanpositionfrom themeanvectorof thenormalisatiorparametersg, estimatediuring
training. To obtainthe meanshapex, we know from theequationx = X + Pb thatwe will need
to setall theweightsof b to zero.Hence,usingt = 8 modesthefirst vertex of the simplex is set
to:

Sp = {1,0,0,0,0,0,0,0,0}

To computetheinitial settingsfor the remainingvertices,we first definethe vectorV containing

the allowed variation of eachof the variablesin Sy. This variation hasbeensetto 3 timesthe
standardieviation computedrom thetrainingset:

V= {O'(ll), 3\/T17 ceey 3\/);}
Thenfor eachof theremainingrows (vertices)of S we setfor: = 1...N andj = 1...N:

g — Soj+V; ifi=j
Y1 Soj otherwise

Thefinal stepof theinitialisationconsistof computingthevalueof the costfunctiony(z) for each
vertex in thesimple, i.e., for eachrow of S:

y(2) = cost(S;)

Whenthe simplex andthe costvectorhave beeninitialised, the searchprocessanstart.

Searching the image

Thesearchs performedusingtheanoeba() functionfrom numericalrecipeq18] (NB! Usethe
onefrom the secondedition - the versionin the first edition may not be correct). The function
takesthefollowing parameters:

voi d
anoeba( double **p, thematrix Sdescribedabove
doubl e *y, thecostfor ead vertex (row) of S.
int ndim thedimensiorof thevectorof variables.
doubl e ftol, fractionaltoleranceusedto determinecorvergence
doubl e (*funk)(...), thecostfunction(specificfor eat problem).
i nt *nfunk) the numberof timesthe costfunctionis called.
For theparametersontrollingthecornvergencethefollowing valueswereused:f t ol = 1E- 5,
nfunk = 500.

13



The optimisationis actually run twice for eachimage, restartingthe multidimensionalminimi-
sationfunction at a point whereit claimsto have found a minimum. At restartthe simplex is
reinitialisedwith the minimumfoundin the previousrun.

For thenext framesin thevideosequencehepositionfrom the previousframeis usedasaninitial
estimate.

Costfunction

Thecostfunctioncomputeshe costfor a givensettingof thevariables(u, b), andusesameasure
which describedhefit betweerthegrey level profile modelandtheimage.

To computehecostfunctionfor anew settingof thevariables(u, b), thecurrentcoordinate®f the
shapearefirst computed.The deformationof the shapds calculatedor the currentsettingof the
eigervectorweightsin b from the meanshapex, andthe matrix, P, of thet largesteigervectors:

x=X+Pb

Thenthe movementof the shapas computedrom the currentsettingof the parameterin u, the
translation(t., t,), thescalings, andtherotationd.

Whenthe coordinatedor the currentshapeare computedthe profile h for the currentparameter
settingcanbe extractedfrom theimage. Thenthe currentprofile weights,bg, canbe computed
from themeanprofile, h, andthematrix, P, of thet largestprofile eigervectors:

bg = P3 (h —h)
To measurehow well the modelfits, the meansquareerror betweenthe image profile and the
alignedmodelprofile is computedas:
E=(h—h)T(h—h)—blbg

which givesthe costfor the givenparametesetting.

14



Chapter 4

Experiments

This chapterdescribessomeexperimentsperformedusingthe methodpresentedn the previous
chapter Informationon the specificporogramghathave beenimplementecandhow they areused
canbefoundin AppendixA andB.

4.1 Data

The*“TULIPS1” databas¢l16] wasusedfor the experiments.This is anaudio-visualdatabasef
12 subjectssayingthefirst 4 digits in English. Only thevideofiles from the databasevereused.
Theseconsistof grey level imagesof 100x75pixels, containinga small areaof the facearound
the mouth(seeFigure4.1). This meansthatthe region of interestis alreadyidentified,andthis
simplifiesthe problem.

Fromthedatasetof 12 subjectspnly videosof 6 subjectsvereusedin this experiment,3 menand
3 women. Thereasonfor usingjust half of the datasetwasthat both downloadingandtraining

of alargersetwould betoo time consumingor this limited study For eachpersontherearetwo

sequencewhereeachof thefirst four Englishdigits arespolen, giving 8 sequenceper subject
andatotal of 48 sequenceskor our experimentwe split this setin two, using4 sequencefrom

eachpersonastrainingdataandthe other4 sequenceastestdata.

Thesequencesonsisiof avaryingnumberof framesandin someframesthelip contouris outside
theimage. For thetraining setwe hadto omit frameswith thelip contouroutsideor too closeto
theedgeof theimageasgrey level profilescould not be extractedfrom theseimages.In theimage
setusedfor testing,no imageswereomitted. As a resultthe setof trainingimages,consistef
157imagesandthe setof testimagescontained244 images.SeeFigure4.1 for examplesof the
imagesof eachof the 6 subjects.

15



Figure4.1: Examplef imagesof eat of the 6 subjectusedin the experiment.

Ll

Figure4.2: Equally spacedines, perpendicularto theline betweerthe corners of the mouth,are
usedto helpthe manuallabelling process.

4.2 Test

Theoutercontourof thelip in eachimageof thetrainingsetwasfirst manuallylabelled.22 points
alongeachcontourwereidentified. To facilitate consistentabelling of the points,eachcornerof
themouthwasfirst marked,andthenaprogramwasusedto produceémageswhereequallyspaced
lines perpendiculato the line betweerthe cornerpointsweremarked. Theresultof this process
is shavn in Figure4.2. The remainingpointson the contourcantheneasilybe identifiedasthe
pointswherethe markedverticallines crossthe outerlip contour

Whenall the contourpoints of the training setwere identified, the grey level profileswere ex-
tracted. For eachpoint 7 of the contourthe grey levels along a line perpendiculato the line
betweerpointi — 1 andpoints + 1 is sampled.This line is centredat the currentcontourpoint,
and9 sampleswith a distanceof 1 pixel wereextracted. Thenthe contourcoordinatesverenor-
malisedwith respecto thetranslation scalingandrotationof the line betweerthe cornersof the

16



Figure4.3: Resultfromtradking onesequencewhere theresultingcontouss are marked.

mouth. Finally, the contourandgrey level profile featuresarestoredalongwith the normalisation
parametersisedfor thecontour Whenall thefeaturesareextractedfor all theimagesof thetrain-

ing set,thelip modelis built. This modelis thenusedto trackthelip contoursn theimagesof the

testset,deformingit asdescribedn Section3.2 by varyingthe parametersleterminingthe shape
andits translation prientationandsize.

4.3 Results

Theresultsof thetrackingareshavn in Figure4.3to 4.5. Theresultingcontourdollow theoriginal
quitewell for thefirst four subjectsshavn in Figure4.3and4.4. Thesequences Figure4.4have
differentdifficulties; in the leftmost sequencéahe contouris very nearthe edgeand the mouth
cornerto theleft of theimageis quitediffuse,for the sequencén the middlethereis arotationof
themouth,andfor the sequencéo theright the shapeof the mouthchangegjuite much. Also, the
lighting andthe contrastiffer quite muchbetweertheimages.Still, the algorithmhasbeenable
to overcomeall theseproblems.

Figure4.5 shavs two sequencewherethe algorithmhashadproblemsfinding the contourin the
initial frames but hasin bothcaseseenableto recover afterafew frames.Theproblemsn these
imagesmaybedueto themuchwealer edgesalongthe contoursof themouthin thesesequences.
The weakedgeswill alsoinfluencethe training, asit makesconsistenimarking of the contours
difficult. For thelower sequencén Figure4.5 betterinitial estimate®f the positionof the mouth
mighthave helped.Lik e all othermethoddor deformableemplatesthis oneis alsosensitveto a
goodinitial estimateof theareaof interest.
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Figure4.4: Resultdromtradking of threesequencewhere thetracked contourpointsare marked.
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Figure4.5: Resultof thetradking of two sequencesyith problemsn thefirst few frames.
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Chapter 5

Summary and Discussion

In this studyof deformablemodels,a brief overview of the differentmodelswasfirst given. The
typesof modelscan be partitionedinto two classesjfree-form modelsand parametricmodels.
Free-formmodelsareoften calledactive contoursandcomprisemethoddik e the snale modelby
Kassetal. Parametrionodelsmaybe of two typesusingeitheranalyticaltemplatesr parametric
templates.

We have studiedin somemore detail one kind of parametricdeformablemodelscalled active
shapemodels,which were developedby Cooteset al. in 1994 [2]. Thesemodelsconsistof
a flexible shapetemplate,a point distribution model, describinghow the relative locationsof
importantpointson the shapesanvary, anda statisticalmodel of the expectedgrey-levelsin a
regionaroundeachpoint Themajoradwantageof thesemodelsis thatthey canbeusedto represent
awide variety of objects,bothman-madeandbiological, with the sametechniquedeingapplied
in every case.

Luettin et al. have appliedthesemodelsfor the problemof lip-tracking, andtheir methodwas
implementedn this study performingexperimentson a small dataset. An active shapemodel
consistingof 22 pointsis usedto modelthe outercontourof thelip, anda grey level profile of 9

sampless extractedin eachpointalongaline perpendiculato the contour The modelbuilt from

amanuallylabelledtraining setis matchedo imagesof thetestsetby deformingandmaving the

contourwithin 3 standardleviationsof thevariationseenn thetrainingset. Themultidimensional
searchingprocesss performedusingthe downhill simplex method.

Theresultsof theexperimentsn our smallstudyweregood. The problemwashowever simplified
astheimagesin theexperimentonly coveredavery smallareaof theface,meaninghattheinitial
locationof the mouthwas alreadyfound. We could thereforejust usethe meanposition of the
mouthastheinitial estimate.The methoddoeshowever rely on goodinitial estimatesespecially
whenthecontoursareweak.

For lip-tracking occlusionis avoided, but this is a situationwhich is often encounteredor other
problemsof tracking,andit is hardto sayhow the methodwill behae for thesecases.We have
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however seerthatthe methodperformswell whenpartof the contouris outsidetheimage,which
indicateghatatleastpartly occlusionmight be handledby the method.

Another problem,which is avoidedfor lip-tracking, is that of moving objects. In our casethe
objectin questionwill only deformandnot actuallychangepositionin theimage. For moving
objects,additionalprocessingvould probablybe requiredbetweerframesto locatethe objectin
theimage. For videotrackinga procesf initial locationin thefirst two frames,combinedwith
apredictionof locationin thefollowing framesbasedn speedanddirectionof mavement,could
beused.

Althoughthe methodwastestedon unseervideo sequencest wasnottestedon unseersubjects,
andfor the methodto work in thesecasesa muchlargertraining setwould be needed However,
oneof the disadwantage®f this method,is thatthetraining processs quite time consuming.All
pointsof the modelmustbe consistentlymarkedin a numberof trainingimages.Theresultsare
very dependenbn the training processand consistenimarking of the training setcan be diffi-
cult. For thelip trackingthe mouthcornerswereusedasguidelinesto geta consistentabelling.
However, for othertypesof shapesthis canbe moredifficult.

Although,thetrainingprocesss tedious thetemplatemodelis very flexible anddoesnot putalot
of restrictionson the shape.In additionit is not necessaryo designa nev modelandchangethe
actualanalysidor new problems Hence althoughthetrainingprocessanbetime consumingand
tedious,it is quite simplecomparedo the problemof designinga nev model. More experience
with this methodfor differentproblemss neededbut it seemgo bevery flexible andusefulwhen
a goodtraining setcanbe achieved. As for all methodsfor deformabletemplatesjt shouldbe
combinedwith additionalinitial objectlocation.
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Appendix A

Programs

This chaptertreatsthe programausedto createthe lip modelandperformthetracking. The next
sectionsdescribethe programsneededboth for the training and the matching,their syntaxand
how they areused.All the programswvork onimagesof the blab-format.

A.1 Training

Thetraining of the lip modelwas performedby first markingmanuallythe two cornerpoints of
themouthin eachimage.Theresultof this processvasstoredin afile (seeAppendixB.1). From
thesecornerpointsa programfor helpingthe procesf manuallylabellingthe contour produces
imageswvhereequallyspacedinesperpendiculato theline betweerthe cornerpointsaremarked:

mark <infil e>

Input to the programshouldbe the nameof the manuallyproducedfile containingthe nameof
theimagesto be processedndtheidentified positionsof thetwo cornersof the mouth. For each
imagein thelist a new imagewith the markedlinesis produced.This imagewill have the same
pathandfilenameasthe originalimageexceptfor anextraextension. | i nes.

Usingthe markedimagesproducedby nar k, the remainingpointson the contourmustbeiden-
tified andstoredin afile following the formatdescribedn AppendixB.2. Theresultingfile with
the coordinatef all the marked contoursis theninput to the programnor m which will extract
the profilesin eachpointandnormalisethe shapecoordinates:

norm<infile> <outfile>

Purpose : Extract profiles and normalise shape.
Infile : Shape coordinates (manually obtained).
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Qutfile : Gey level profiles and normalised shapes.

Inputto theprogramaretwo filenames.Thefirst shouldbethe nameof thefile containingfor each
trainingimage the pathandthefull filenameof theimageandtheidentifiedx- andy-coordinates
alongthe contour The secondfilenameshouldgive the nameof the file to which the resulting
normalisedeaturesshouldbewritten.

The resultof the normalisationprogramis a file with grey level featuresand normalisedshape
featuredor all thelabelledtrainingimagedollowing theformatdescribedn AppendixB.3. From
this file containingall the featuresof the training set, the final stepof the training processwill
producethelip model,usingthe programnodel :

nodel <infile> <outfile>

Purpose : Conpute nodels from nornalised shapes.
Infile : Nornalised shape and intensity features.
Qutfile : Model.

The input to the programis the nameof the file producedin the previous step containingthe
normalisedfeatures,and the nameof the outfile to which the computedobject model will be
written. Theresultis the active shapemodelfor the lip contourthatis written to afile following
theformatdescribedn AppendixB.4.

In summarythetraining processs asfollows:

e Manuallylabelthemouthcornersin eachtrainingimage.
e Runnmar k to produceimageswith helplines.

e Manuallylabelthe remainingcoordinatesn eachtrainingimageusingthe imageswith the
helplines.

e Runnor mto normalisethe manuallyidentified coordinatesandto extract the grey level
profilesin eachpoint.

e Runnodel to producethelip modelfrom thesefeatures.

A.2 Matching

Thematchingshouldbeperformedon a setof unseerimagesandwill usethelip modelproduced
by the programnodel . Thisis doneusingthe programsear ch:
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search <nodel -fil e> <i mage- sequence>

Purpose : Find contour in inage sequence.

Input to the programshouldbe the nameof thefile containingthe objectmodelcomputedduring
training,andthe prefix of theimagesequenc¢o be processedT he programcurrentlyexpectsthe
imagefilenamego be of theform <pr ef i x><nunber >, wheretheimagesshouldbe numbered
consecutiely, using5 digits for the number The resultingtracked contourpointsin eachframe

will bemarkedin anew image:<pr ef i x><nunber >. res.
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Appendix B

File Formats

Betweenthe differentstepsduring training dataarewritten to file. The 4 differentfiles which are
needectontain:

e Initial cornerpoints.
e Labelledcontourpoints.
e Normalisedfeatures.

e Objectmodel.

In this appendixheformatof eachof thesefiles aredescribed.

B.1 Initial corner points

Thisfile shouldbe producedmanuallyandcontain:

e Thepathandfilenameof thetrainingimage.

e Thecoordinate®f theleft andtheright cornerof the mouth.
Theformatof thefile is asfollows:

<path and filenane of training i nage no 1>
<x,y of left corner> <x,y of right corner>

<path and filenane of training i mage no W
<x,y of left corner> <x,y of right corner>
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B.2 Labelled contour points

Thefirst line of themanuallyproducedile containingthelabelledcontourpoints,shouldcontain:

e Thedimensionof the profile (9 grey levels)

e Thenumberof pointsalongthe contour(22 points)

wherethenumberdn parenthesispecifiesvhatwasusedwhentrackingthepoutetip contour

Therestof thefile containsfor eachimageof thetrainingset:

e Thepathandfilenameof theimage.

e Theimagecoordinatesleterminedalongthe contour The coordinateshouldbe organised
clockwise startingfrom the left cornerpoint of the mouth. (22 points)

Hence theformatof thefile canbe expressedsfollows:

<profile dinmension> <nunber of contour points>

<path and filenanme of training i nage no 1>
<X, y-coordinates of point 1 to N on the contour>

<path and fil enane of training i mage no M
<X, y-coordi nates of point 1 to N on the contour>

B.3 Normalisedfeatures

Thefeaturefile is producedoy the programnor m andthefirst line of thisfile contains:

e Thedimensionof the profile (9 grey levels)

e Thenumberof pointsalongthe contour(22 points)
Thenfollows for eachimage:

e Thepathandfilenameof thetrainingimage.

e The normalisedcoordinateof the marked contour(2*22 numbersrepresentinghe x- and
y-coordinatesstartingfrom theleft cornerof themouthandmoving clockwise).
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e The extractedprofile of eachpoint (9*22 grey levels), with the ordering of the profiles
correspondingo the orderingof the contourpoints.

Thiscanbesummariseds:

<profile dinmensi on> <nunber of contour points>

<path and fil enane of inage no 1>
<X, y-coordinates of point 1 to N on the contour>
<G ey level profile of point 1 to N of the contour>

<path and fil enane of inage no M
<X, y-coordinates of point 1 to N on the contour>
<G ey level profile of point 1 to N of the contour>

B.4 Model file

Thefile containingthe final modelis producedoy the programnodel . Thefirst line of this file
containsfour numbers:

o thenumberof shapdeaturedi.e. contourcoordinates)For theexperimentdescribedn this
report22 contourpointsareused giving atotal of 44 coordinatespr shapdeatures.

e the numberof modes(i.e. the numberof eigervectorsusedin the approximation)which
hasbeen8 in theseexperiments.

e the numberof normalisatiornparametersThe normalisatiorparametersirethe parameters
giving thetranslation(t,, ¢, ), scalings androtationd, andthis numbewill alwaysbe4 for
the 2-dimensionatase.

o the numberof profile features.For this experiment profilesof length9 wereusedfor each
of the 22 contourpoints,giving atotal of 198 profile features.

Thenfollows the shapanformation:

e themeanshapevector(44 meancoordinates)

the meanparametewector(4 meanparameters)

the standardleviation of the parametewector(4 values)

thenfor eachmodet = 1...8, theeigervalueandtheeigervectorfor eachmodeof theshape
modelaregiven.
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And thenthe profile information:

e themeanprofile vector(198 meangrey level values)

e thenfor eachmode,t = 1...8, the eigervalue and the eigervector for eachmode of the
profile modelaregiven.

Thefollowing givesa summaryof the modelfile format:

<nof shape features> <t=nof nodes> <nof paraneters> <nof profile fea-
tures>

<mean shape vector, |ength=nof shape features>
<nean paraneter vector, |ength=nof paraneters>
<st.dev. of paraneter vector, |ength=nof paraneters>

<ei genval ue-1 of shape>
<ei genvector-1 of shape, |ength=nof shape features>

<ei genval ue-t of shape>
<ei genvector-t of shape, |ength=nof shape features>

<nean profile vector, |ength=nof profile fetures>

<ei genval ue-1 of profile>
<ei genvector-1 of profile, |ength=nof profile features>

<ei genval ue-t of profile>
<ei genvector-t of profile, |ength=nof profile features>
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