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Chapter 1

Intr oduction

This reportdescribesanexperimentwith deformablemodelsappliedto theproblemof tracking.
Thestudyof deformablemodelsstartedwith anattemptto solve shapematching,wherea given
shapeneedsto be locatedin an imageusingcorrelation-basedmatching. The correlation-based
matchinghaslimited applicationsbecauseobjectsarenotalwaysundergoingrigid transformations
in real life andthey arealsoexpectedto deformto thevarying imagingconditions,sensornoise
andocclusions.Hence,deformablemodelsbecameincreasinglypopular.

The main ideafor deformablemodelsis to encodea variety of shapedeformationswhile main-
tainingtheinherentobjectstructurein themodel.Suchmodelshavebeenusedin awide rangeof
applicationsincluding image/videodatabaseretrieval, trackingrestorationetc. Differentmodels
havebeendefined,wherethedifferenceslie in thespecificationof themodel,thedefinitionof the
setof rules,andtherecoveryprocesswhichperformsthesegmentation.

In thefollowing anoverview of deformablemodelsis givenin Chapter2. Then,in Chapter3 we
will describeonespecificdeformablemodelbasedonactiveshapemodelsappliedto theproblem
of lip-tracking.Theresultsof someexperimentswith thismethodarereportedin Chapter4, while
asummaryof thestudyis givenin Chapter5.
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Chapter 2

Deformable models

A deformablemodelcanbecharacterisedasa model,which underanimplicit or explicit optimi-
sationcriterion,deformstheshapeto matchaknown objectin agivenimage.Themodelis active
in thesensethat it canadoptitself to fit thegivendata. It is a usefulshapemodelbecauseof its
flexibility andits ability to bothimposegeometricalconstraintson theshapeandto integratelocal
imageevidences.Therehasbeenasubstantialamountof researchondeformablemodelsin recent
years.

In [7] Jainet al. give anoverview of thework in this area.They partitionthework on deformable
modelsinto two classes;fr ee-form modelsandparametric models. The free-formmodelscan
representany arbitraryshapeaslong assomeconstraintslike continuity, smoothnessetc.aresat-
isfied. Thesemodelsareoften calledactive contours. The otherclass,parametricdeformable
models,encodea specificshapeandits variationwheretheshapecanbecharacterisedby a para-
metricformulaor aprototypeandits deformationmodes.

� Free-form deformable models(activecontours)� Parametric deformable models
whichcanbeof two kinds:

– Analyticaldeformabletemplates

– Prototype-baseddeformabletemplates

2.1 Free-form deformable models

Free-formdeformablemodels,also called active contour models, assumevery little structure
abouttheobjectshapeexceptfor someregularisationconstraintslikecontinuityand/orsmoothness
of theboundary. Suchafree-formmodelcanbedeformedto matchsalientimagefeatureslikelines
andedgesusingpotentialfields (energy functions)producedby thosefeatures.Sincethereis no

4



globalstructurefor thetemplate,it canrepresentany arbitraryshapeaslong astheregularisation
requirementsaresatisfied.

Kass,Witkin andTerzopoulos[8] introducedoneof theearliestandmostpopularfree-formde-
formablemodels;the snake model. A snake is a geometricalcurve which approximatesimage
contoursthroughenergy minimisation[6]. It behaveslikeanelasticropethatwrigglestowardsthe
contouror that slidesdown thepotentialhill. The internalforceskeeptheshapeandensurethe
spatialandtemporalcontinuity, while theexternalforcespull andguidethesnakein aninteractive
anddynamiciterativeprocess.

Thesnake usesonly the informationfrom its local surroundings,whereasinformationaboutthe
global shapeis missing,andthe implementationof the original snake modelis vulnerableto its
initial positionandimagenoise.Thus,thesnake hasto beplacedin proximity to thecontourand
canbetrappedin local energy minima. A numberof approacheshave beenproposedto improve
thesepoints.

2.2 Parametric deformable models

Parametricdeformablemodelscontrolthedeformationsusingasetof parameterswhicharecapa-
ble of encodinga specificcharacteristicshapeandits variations.This typeof modelis usedwhen
morespecificshapeinformationis available,which canbedescribedby a setof parameters.The
advantageof thesemodels,alsocalleddeformable templates, is that they arebetterat bridging
boundarygapsandthey aremoreconsistent.

Parametricdeformablemodelscanbecategorisedintoanalytical deformabletemplatesandprototype-
baseddeformabletemplates.For theformertheshapevariationis parametrisedthroughhandcraft-
ing of aparametricformulafor thecurvesin theshapetemplatesuchthatdifferentshapeinstances
can be obtainedusing different parametervalues. For the latter a prototypeis designedfor a
shapeclass,andparametrictransformationsarethenappliedon theprototypeto obtaindifferent
deformedtemplates.

In both theseparametricmodels,the deformabletemplatesinteractdynamicallywith the image
featuresby adjustingtheparametersaccordingto the imageforces.Similar to theactive contour
approach,anobjectivefunctionwhichis aweightedsumof aninternalenergy termandanexternal
energy term is usedto quantify how well a deformedtemplatematchesthe objectsin the given
image.

2.2.1 Analytical templates

Analytical deformabletemplatesaredefinedby a setof analyticalcurves.Hence,thegeometrical
shapeis parametriseddirectly. The templateis representedby a setof curveswhich is uniquely
describedby someparameters.Thegeometricshapeof the templatecanbechangedby varying
theparametersin theanalyticalexpressions,andthevariationsin theshapearedeterminedby the
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distribution of the parametervalues. This representationrequiresthat the geometricalshapeis
well structured.

2.2.2 Prototype-basedtemplates

Prototype-baseddeformabletemplatesare more flexible than the analytical templatesbecause
they are derived directly from a set of examplesof objectswhich are expectedin the images.
This approachwas first presentedby Grenanderet al. who describeda systematicframework
to representand generatepatternsfrom a classof shapes.A shapeis representedby a set of
parametersanda probability distribution on the parametersis specifiedto allow a flexible bias
towardsaparticularshape.Theactiveshapemodel,suggestedby Cootes,whichwill bepresented
in thenext sectionis a prototypebaseddeformabletemplate.

2.3 Activeshapemodels

Cooteset al. have in [2] defineda typeof prototype-baseddeformabletemplates,which they call
active shapemodels(ASM). Contraryto many otherdeformablemodelstheactive shapemodels
representageneralwayof performingnon-rigidobjectsegmentation.Shapevariationis extracted
from a trainingsetby applyingprincipalcomponentanalysisto point distribution models,rather
thanhandcraftingapriori knowledgeinto themodel.Activeshapemodelshavebeensuccessfully
appliedto areaslike facerecognition,industrialinspectionandmedicalimageinterpretation.

Activeshapemodelsarestatisticallybasedandthey almostcompletelyavoid theuseof constraints,
thresholdsor penaltiesimposedby theuser. Themodelsarederivedfrom thestatisticsof labelled
imagescontainingexamplesof theobjects.Eachmodelconsistsof a flexible shapetemplate– a
pointdistributionmodel(PDM) – describinghow therelative locationsof importantpointson the
shapescanvary, anda statisticalmodelof theexpectedgrey-levelsin a regionaroundeachpoint.

PDM’s are flexible modelswhich representan object by a set of labelledpoints. The points
describetheboundaryor othersignificantpartsof anobject.By usingPDM’s theideais to avoid
theuseof heuristicassumptionsaboutlegal shapedeformations.Instead,knowledgeaboutlegal
shapedeformationis obtainedby examininga representative training set. During imagesearch,
themodelis only allowedto deformto shapessimilar to theoneseenin thetrainingset.

Otherdeformabletemplatesandsnakesalignto stronggradientsfor locatingtheobject,regardless
of their actualappearancein the image. However, model points are not always placedon the
strongestedgein thelocality - they mayrepresenta weaker secondaryedgeor someotherimage
structure.ASMs will insteadlearnthetypical grey level appearanceperpendicularto thecontour
from thetrainingsetandbuild astatisticalmodelof thegrey level structureto usefor imagesearch.

Duringa trainingphasethemeanpositionandvariationof eachpointandgrey level profileof the
contourarecalculated.This meanshapeis usedasthegenerictemplateof theclassof shapes.A
numberof modesof variation,i.e., theeigenvectorsof thecovariancematrix, aredeterminedfor

6



describingthemainfactorsby which theexemplarshapestendto deformfrom thegenericshape.
A smallsetof linearly independentparametersareusedto describethedeformation.In this way,
theshapemodelallows for considerablemeaningfulvariability, but is still specificto theclassof
structuresit represents.

Themeanshapefrom thetrainingset,theprincipalcomponentstransformationmatrix,andtheset
of weightsassociatedwith eachmodeof variationcollectively constitutetheactive shapemodel
which canbe fitted to imagedatain a variety of ways. Onecan,for example,useconventional
optimisationalgorithmsto fit the model in parameterspace,obtainingan initial crudefit of the
meanshapeby a templatematchingscheme.

Themajoradvantageof thesemodelsis thatthey canbeusedto representawidevarietyof objects,
bothman-madeandbiological,thesametechniquesbeingappliedin everycase(they donothave
to behandcraftedfor eachexample).Themodelsexplicitly describethevariationsin shapeand,
beingcompactlinear representations,can be usedefficiently in imagesearch. The limitations
of the approachareits sensitivity to partial occlusion,andits inability to handlelargescaleand
orientationchange.

A generalisationof theactiveshapemodelis theactiveappearancemodel(AAM), thatusesall the
informationin the imageregion coveredby the targetobject,ratherthanjust thatnearmodelled
edges.An AAM containsa statisticalmodelof theshapeandgrey-level appearanceof theobject
of interestwhich can generaliseto almostany valid example. Matching to an imageinvolves
finding modelparameterswhich minimise the differencebetweenthe imageanda synthesised
modelexample,projectedinto theimage.Thepotentiallylargenumberof parametersmakesthis
adifficult problem.
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Chapter 3

A method for lip-tracking

Facialspeechfeatureextractionandmodellinghasbecomean importantissuein bothautomatic
speechprocessingand automaticfaceprocessing. Potentialapplicationsinclude audio-visual
speechrecognition, recognitionof talking persons,lip synchronisation,speech-driven talking
heads,andspeech-basedimagecoding.

Many approachesfor lip-trackingsimplify theproblemby markingthesubjectslips with colouror
a reflective marker, by locatingthelips in thefirst imageby hand,by performingexperimentsfor
onesubjectonly, or by usingverycontrolledlighting conditions.In thefollowing ashortsummary
of methodsfor lip-trackingbasedon deformablemodelsis given. Noneof theseapproachesuse
specialmarkingof thelips,but they assumeonesubjectandtheapproximatepositionof themouth
is usuallylocatedprior to thetracking.

In [8] Kassetal. havedescribedactivecontourmodels(snakes)for lip-tracking.Theseareableto
resolve fine details,but shapeconstraintsaredifficult to incorporateandonehasto compromise
betweenthe degreeof elasticityandthe ability to resolve fine contourdetails. Bregler et al. [1]
lasodescribea methodbasedon snakesfor trackingthe outer lip contourwherethe contouris
limited to lie within asubspacelearnedfrom training.

Yuille et al. have useddeformabletemplatesfor locatingfacial features[20], andthis approach
hasbeenappliedfor lip-tracking by Hennecke et al. in [5]. Herethey make useof a piecewise
parabolic/quartictemplatewhich seeksto lock on to theupperandlower edgesof eachlip. In a
mannersimilar to that of snakes,the deformablelip templateadjustsits shapeaccordingto the
valueof a numberof integralsalongtherelevantcontours.

In what remainsof this report we will describein somemore detail anotherapproachfor lip-
trackingwhich is basedonactiveshapemodels.Thismethodhasbeendevelopedby Luettinetal.
[9, 14]andis basedonthework of Cootesetal. [2] ondeformablemodelsfor medicalapplications.
In this chapterthis methodwill bedescribed,first the trainingandthenthematchingprocess.In
thenext chaptersomeresultsfrom experimentswith thismethodarereported.
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3.1 Training

Thissectiondescribesthetrainingof theactiveshapemodelfor lip-tracking.Thetrainingprocess
startsby manuallymarking the contourin a setof training images,and for eachmarked point
on a contour, a grey level profile is extracted.Themeanandthecovariancematrix for bothshape
coordinatesandgrey level profilesarethencomputed,andfinally theeigenvectorsandeigenvalues
of thecovariancematrix arecalculatedusingprincipalcomponentanalysis.More detailson this
procedureis describedin thefollowing.

Shape

Thetrainingstartsby manuallymarkingpointsalongthecontourof theobjectsin asetof training
images.This contourmay take on any shapeandcanconsistof several separateparts,like the
innerandtheoutercontourof thelips. In theexperimentdescribedin thisreport,theoutercontour
of thelip is used.

Thetrainingexamplesneedto belabelledin aconsistentmannerto beableto compareequivalent
pointsfrom differentshapes.Whenmarkingthe lip contour, theoutertwo cornersof themouth
weremarked first andusedasreferencepoints. The remainingpointson the contourwerethen
placedequidistantlyalongthelinebetweenthesetwopoints(seeFigure3.1,left). Theresultingco-
ordinatesof thecontourfor shape

�
canbedescribedasavector: �������
	��
�������
�������
����	���������������������� .

For theoutercontour  !�#"$" pointswereused.

Whenall thecoordinatesof thecontourhave beenmarked, they shouldbenormalisedfor trans-
lation, scalingandrotation. Normalisationof thecontourcoordinatesis performedbasedon the
two cornerpoints. Their distanceis definedasthe scale % , their orientationasthe angle & , and
their centreas the origin �
')(*��')+�� (seeFigure 3.1, right). The normalisedcoordinatesof shape�

are representedin the vector 	 � �-,/.10�23�4� � � , and the normalisationparametersin the vector5 � �768'9(*��')+:��%;�<&>= .
After thecontourcoordinatesof all theshapesin thetrainingsethavebeenmarkedandnormalised,
theshapemodelcanbecreated.Theapproachfor this is asfollows: First themeanshape,? , and
thecovariancematrix of thedataarecomputed.Thentheeigenvectors,@ � , andthecorresponding
eigenvalues,A � , of thecovariancematrix arecomputed.(Theeigenvaluesgive thevarianceof the
dataaroundthe meanin the directionof the correspondingeigenvector.) The eigenvectorsand
theircorrespondingeigenvaluesaresortedby decreasingeigenvaluessothat A �CB A �EDF� . Letting G
bethematrix containingthe ' sortedeigenvectorscorrespondingto the ' largesteigenvalues,the
trainingset ? canthenbeapproximatedby:

?IH ?KJLGNM
whereM is a ' dimensionalvectorgivenby:

MO�PGNQR�4?TS ?F�
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Figure 3.1: Left: The points on the contour shouldbe equally spacedalong the line between
the two corners of the mouth. Right: Normalisationof the contour is performedbasedon the
translation,scalingandrotationof theline betweenthetwocornersof themouth.

definingtheparametersof thedeformablemodel. By varying theelementsof M we canvary the
shape,? . Thevarianceof the

�VU4W
parameter, X � , acrossthe trainingsetis givenby theeigenvalueA � of thecorrespondingeigenvector.

The numberof eigenvectors ' which is includedin the model,canbe chosenso that the model
representssomeproportion(eg. 98%)of thetotalvarianceof thedata,or sothattheresidualterms
canbeconsideredasnoise.(In theexperimentsdescribedhere,thenumberof eigenvectorswere
setto 8). Any shape? canthenbeapproximatedby:

?I� ?KJLGNM
usingthemeanshape,? , thematrixof eigenvectors,G , andtheweightsof theeigenvectors,M .

In summary, eachshapemodelis representedby an averageshapeanda setof eigenvectorsde-
scribingthestatisticaldeformationscalculatedfrom alearningsetof shapes,wheretheseeigenvec-
torsarecalculatedastheprincipalcomponentsof thecovarianceof coordinatesof corresponding
pointsalongthe shapeoutlines. The datastoredfor this shapemodelarethe normalisedmean
shapevector ? , themeanandthevarianceof thenormalisationparameters,Y and �*Z>0[�\YC� , andthe' largesteigenvectorswith correspondingeigenvaluesarestored.

Profile

To measurethe fit betweenthe imageandthe shapemodel,a cost function will be is used(see
Section3.2).A representationof imagefeaturesalongthelip contouris thereforeneeded.Instead
of usinggradientsto representthe contours,the actualgrey level aroundeachcontourpoint is
used.This is obtainedby extractinga grey level profile alonga line perpendicularto thecontour
in all thecontourpointswhich aremarkedon theshape(seeFigure3.2). This resultsin a small
vectorof grey values] for eachpointonthecontour, whichareconcatenatedinto onelargevector
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Figure3.2: A grey level profile is extractedfor each contourpoint alonga line perpendicularto
thecontour.

for eachshape
�
: ^`_ �a�\] _cb ��] _ed �f�����
�<] _hg � d �iQ

In thesamewayasfor theshapecoordinates,themeanof all thegrey level profilesof thetraining
setarecalculated,giving theglobalmeanprofile

^
. Thecovariancematrixof theprofiledataisalso

computed,andthentheeigenvectorsandtheeigenvaluesof this matrix. Again, theeigenvectors
correspondingto the ' largesteigenvaluesareusedto make up a matrix Gkj . Any profile canthen
beapproximatedusing: ^ � ^ JlGmj>M�j
whereMFj is avectorcontainingtheweightsof eacheigenvector.

Lip model

The lip modelconsistsof a modelof the shapeandits variations,anda modelof thegrey level
profileandits variations.In summarythedatausedto representthelip modelare:

� Thenormalisedmeanshape? .� Themeanandthevarianceof thenormalisationparameters,Y and �*Z:0��\YC� .� The eigenvectorsandeigenvaluesof the shapecoordinates,correspondingto the ' largest
eigenvalues.� Themeangrey level profile

^
.� The eigenvectorsandeigenvaluesof the grey level profilescorrespondingto the ' largest

eigenvalues.
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In ourexperimentswehaveused'n�Po modes,andsettheallowedvariationto 3 timesthestandard
deviation.

3.2 Matching

Whenthetrainingof themodelis complete,themodelis readyto beusedfor locatingcontoursin
a setof unseenimages.We thenwantto matchtheshapeandits deformationsto thetestimages.
This requiresthatthesearchprocessmovesanddeformsthemodelgraduallyto shapeswith lower
cost.To performthis multidimensionaloptimisation,thedownhill simplex method is used.

Downhill simplexmethod

Thedownhill simplex methodperformsmultidimensionalminimisationof a function pC�4?F� , where? is an , -dimensionalvector, usingthemethodof NelderandMead[17]. It is an iterative algo-
rithm for solvingunconstrainedminimisationproblemsnumericallyfor severalbut not too many
variables.The methodrequiresonly function evaluations,andno derivatives. It is however not
very efficient in termsof thenumberof functionevaluationsthat it requires,but it maystill often
bethebestmethodto use.

The methodattemptsto enclosethe minimum insidean irregular volumedefinedby a simplex.
A simplex is a geometricalfigure in N dimensionswith N+1 verticesandedges.Froma chosen
startingpoint thealgorithmis supposedto make its own way downhill throughtheunimaginable
complexity of theN-dimensionaltopography, until it encountersan (at leastlocal) minimum. It
mustbestartednot justwith asinglepoint,but with N+1 points,definingtheinitial simplex.

Whensearchingfor the lip contourthealgorithmusesthe translationparameters' ( ��' + , thescal-
ing % , the rotation & andthe vectorwith the weightsof the eigenvectors, M , asvariablesof the
multidimensionaloptimisationprocess,optimisingacostfunction p`�
')(q��')+:��%;�<&*�<MC� . Theseparam-
etersdefinethepossiblemovementsanddeformations,andthedownhill simplex methodsearches
throughthisspaceof movementsanddeformations.

Initialisation of the search

Thesearchis initialisedwith themeanshape,? , andplacedin a randomlocation. We have used
the locationgivenby themeanvectorfor thenormalisation,Y , asa startingpoint for thesearch.
Fromthisstartingpointeachparameteris thenvariedwithin theallowedinterval of variationuntil
thecostreachesaspecifiedlow tolerance.

To performthissearch,wefirst needto initialise thesimplex S,which is amatrixwith  rJts rows
of length  . Eachrow shouldcontainaninitial settingof theverticesof thesimplex. In our case
onevertex correspondsto onesettingof theparametersof thetwo vectorsY and M .
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The first vertex, or first row of S, is initially set to the meanshapeat the meanposition. We
havethemeanpositionfrom themeanvectorof thenormalisationparameters,Y , estimatedduring
training.To obtainthemeanshape,? , weknow from theequation?I� ?KJLGkM thatwewill need
to setall theweightsof M to zero.Hence,using 'u�#o modes,thefirst vertex of thesimplex is set
to: v �w�76 Yn�yx*�yxq�<xq�<xq�yx*�yx*�yxq�<x*=
To computetheinitial settingsfor theremainingvertices,we first definethevector z containing
the allowed variationof eachof the variablesin

v � . This variationhasbeenset to { timesthe
standarddeviation computedfrom thetrainingset:| �761}n�VY`���y{[~ A � �f���
���y{[~ A U =
Thenfor eachof theremainingrows (vertices)of

v
wesetfor

� ��s������c and ����s������c :v �c� � � v ��� J | � if
� �L�v ��� otherwise

Thefinal stepof theinitialisationconsistsof computingthevalueof thecostfunction ��� � � for each
vertex in thesimplex, i.e., for eachrow of S:

��� � �n���f.;%f'f� v � �
Whenthesimplex andthecostvectorhavebeeninitialised,thesearchprocesscanstart.

Searching the image

Thesearchis performedusingtheamoeba() functionfrom numericalrecipes[18] (NB! Usethe
onefrom the secondedition - the versionin the first edition may not be correct). The function
takesthefollowing parameters:

void
amoeba( double **p, thematrixSdescribedabove.

double *y, thecostfor each vertex (row)of S.
int ndim, thedimensionof thevectorof variables.
double ftol, fractionaltoleranceusedto determineconvergence.
double (*funk)(...), thecostfunction(specificfor each problem).
int *nfunk) thenumberof timesthecostfunctionis called.

For theparameterscontrollingtheconvergence,thefollowingvalueswereused:ftol = 1E-5,
nfunk = 500.
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The optimisationis actually run twice for eachimage,restartingthe multidimensionalminimi-
sationfunction at a point whereit claims to have found a minimum. At restartthe simplex is
reinitialisedwith theminimumfoundin thepreviousrun.

For thenext framesin thevideosequence,thepositionfrom thepreviousframeis usedasaninitial
estimate.

Cost function

Thecostfunctioncomputesthecostfor agivensettingof thevariables�\Yu�<MC� , andusesameasure
whichdescribesthefit betweenthegrey level profilemodelandtheimage.

Tocomputethecostfunctionfor anew settingof thevariables�VYn�<MC� , thecurrentcoordinatesof the
shapearefirst computed.Thedeformationof theshapeis calculatedfor thecurrentsettingof the
eigenvectorweightsin M from themeanshape,? , andthematrix, G , of the ' largesteigenvectors:

?I� ?KJLGNM
Thenthemovementof theshapeis computedfrom thecurrentsettingof theparametersin Y , the
translation�
'9(*��')+�� , thescaling % , andtherotation & .
Whenthecoordinatesfor thecurrentshapearecomputed,theprofile

^
for thecurrentparameter

settingcanbeextractedfrom the image. Thenthecurrentprofile weights, M�j , canbecomputed
from themeanprofile,

^
, andthematrix, Gkj , of the ' largestprofileeigenvectors:

MFj��PGNQj � ^ S ^ �
To measurehow well the model fits, the meansquareerror betweenthe imageprofile and the
alignedmodelprofile is computedas:� ��� ^ S ^ � Q � ^ S ^ �`S3M Qj MFj
whichgivesthecostfor thegivenparametersetting.
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Chapter 4

Experiments

This chapterdescribessomeexperimentsperformedusingthe methodpresentedin the previous
chapter. Informationon thespecificprogramsthathave beenimplementedandhow they areused
canbefoundin AppendixA andB.

4.1 Data

The“TULIPS1” database[16] wasusedfor theexperiments.This is anaudio-visualdatabaseof
12 subjectssayingthefirst 4 digits in English.Only thevideofiles from thedatabasewereused.
Theseconsistof grey level imagesof 100x75pixels, containinga small areaof the facearound
the mouth(seeFigure4.1). This meansthat the region of interestis alreadyidentified,andthis
simplifiestheproblem.

Fromthedatasetof 12subjects,only videosof 6 subjectswereusedin thisexperiment,3 menand
3 women. The reasonfor usingjust half of thedatasetwasthat bothdownloadingandtraining
of a largersetwould betoo time consumingfor this limited study. For eachperson,therearetwo
sequenceswhereeachof thefirst four Englishdigits arespoken,giving 8 sequencespersubject
anda total of 48 sequences.For our experimentwe split this setin two, using4 sequencesfrom
eachpersonastrainingdataandtheother4 sequencesastestdata.

Thesequencesconsistof avaryingnumberof frames,andin someframesthelip contouris outside
theimage.For thetrainingsetwe hadto omit frameswith the lip contouroutsideor too closeto
theedgeof theimageasgrey level profilescouldnotbeextractedfrom theseimages.In theimage
setusedfor testing,no imageswereomitted. As a resultthesetof training images,consistedof
157 imagesandthesetof testimagescontained244 images.SeeFigure4.1 for examplesof the
imagesof eachof the6 subjects.
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Figure4.1: Examplesof imagesof each of the6 subjectsusedin theexperiment.

Figure4.2: Equallyspacedlines,perpendicularto theline betweenthecorners of themouth,are
usedto helpthemanuallabellingprocess.

4.2 Test

Theoutercontourof thelip in eachimageof thetrainingsetwasfirst manuallylabelled.22points
alongeachcontourwereidentified.To facilitateconsistentlabellingof thepoints,eachcornerof
themouthwasfirst marked,andthenaprogramwasusedto produceimageswhereequallyspaced
linesperpendicularto the line betweenthecornerpointsweremarked. Theresultof this process
is shown in Figure4.2. The remainingpointson thecontourcantheneasilybe identifiedasthe
pointswherethemarkedverticallinescrosstheouterlip contour.

Whenall the contourpointsof the training setwere identified, the grey level profileswereex-
tracted. For eachpoint

�
of the contourthe grey levels along a line perpendicularto the line

betweenpoint
� SPs andpoint

� Jrs is sampled.This line is centredat thecurrentcontourpoint,
and9 sampleswith a distanceof 1 pixel wereextracted.Thenthecontourcoordinateswerenor-
malisedwith respectto thetranslation,scalingandrotationof theline betweenthecornersof the
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Figure4.3: Resultsfromtrackingonesequence, where theresultingcontoursaremarked.

mouth.Finally, thecontourandgrey level profile featuresarestoredalongwith thenormalisation
parametersusedfor thecontour. Whenall thefeaturesareextractedfor all theimagesof thetrain-
ing set,thelip modelis built. Thismodelis thenusedto trackthelip contoursin theimagesof the
testset,deformingit asdescribedin Section3.2by varyingtheparametersdeterminingtheshape
andits translation,orientationandsize.

4.3 Results

Theresultsof thetrackingareshown in Figure4.3to 4.5.Theresultingcontoursfollow theoriginal
quitewell for thefirst four subjectsshown in Figure4.3and4.4.Thesequencesin Figure4.4have
differentdifficulties; in the leftmostsequencethe contouris very nearthe edgeandthe mouth
cornerto theleft of theimageis quitediffuse,for thesequencein themiddlethereis a rotationof
themouth,andfor thesequenceto theright theshapeof themouthchangesquitemuch.Also, the
lighting andthecontrastdiffer quitemuchbetweentheimages.Still, thealgorithmhasbeenable
to overcomeall theseproblems.

Figure4.5shows two sequenceswherethealgorithmhashadproblemsfinding thecontourin the
initial frames,but hasin bothcasesbeenableto recoveraftera few frames.Theproblemsin these
imagesmaybedueto themuchweakeredgesalongthecontoursof themouthin thesesequences.
The weakedgeswill alsoinfluencethe training, asit makesconsistentmarkingof the contours
difficult. For thelower sequencein Figure4.5betterinitial estimatesof thepositionof themouth
mighthavehelped.Likeall othermethodsfor deformabletemplates,thisoneis alsosensitive to a
goodinitial estimateof theareaof interest.
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Figure4.4: Resultsfromtrackingof threesequence, where thetrackedcontourpointsaremarked.
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Figure4.5: Resultsof thetrackingof two sequences,with problemsin thefirst few frames.
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Chapter 5

Summary and Discussion

In this studyof deformablemodels,a brief overview of thedifferentmodelswasfirst given. The
typesof modelscan be partitionedinto two classes;free-formmodelsand parametricmodels.
Free-formmodelsareoftencalledactivecontoursandcomprisemethodslike thesnake modelby
Kassetal. Parametricmodelsmaybeof two typesusingeitheranalyticaltemplatesor 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 shapescanvary, anda statisticalmodelof the expectedgrey-levels in a
regionaroundeachpointThemajoradvantageof thesemodelsis thatthey canbeusedto represent
a wide varietyof objects,bothman-madeandbiological,with thesametechniquesbeingapplied
in every case.

Luettin et al. have appliedthesemodelsfor the problemof lip-tracking, andtheir methodwas
implementedin this studyperformingexperimentson a small dataset. An active shapemodel
consistingof 22 pointsis usedto modeltheoutercontourof the lip, anda grey level profile of 9
samplesis extractedin eachpointalonga line perpendicularto thecontour. Themodelbuilt from
a manuallylabelledtrainingsetis matchedto imagesof thetestsetby deformingandmoving the
contourwithin 3 standarddeviationsof thevariationseenin thetrainingset.Themultidimensional
searchingprocessis performedusingthedownhill simplex method.

Theresultsof theexperimentsin oursmallstudyweregood.Theproblemwashoweversimplified
astheimagesin theexperimentonly coveredaverysmallareaof theface,meaningthattheinitial
locationof the mouthwasalreadyfound. We could thereforejust usethe meanpositionof the
mouthastheinitial estimate.Themethoddoeshowever rely on goodinitial estimates,especially
whenthecontoursareweak.

For lip-trackingocclusionis avoided,but this is a situationwhich is oftenencounteredfor other
problemsof tracking,andit is hardto sayhow themethodwill behave for thesecases.We have
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however seenthatthemethodperformswell whenpartof thecontouris outsidetheimage,which
indicatesthatat leastpartly occlusionmight behandledby themethod.

Anotherproblem,which is avoided for lip-tracking, is that of moving objects. In our casethe
objectin question,will only deformandnot actuallychangepositionin the image. For moving
objects,additionalprocessingwould probablyberequiredbetweenframesto locatetheobjectin
the image.For videotrackinga processof initial locationin thefirst two frames,combinedwith
apredictionof locationin thefollowing framesbasedon speedanddirectionof movement,could
beused.

Althoughthemethodwastestedon unseenvideosequences,it wasnot testedon unseensubjects,
andfor themethodto work in thesecasesa muchlargertrainingsetwould beneeded.However,
oneof thedisadvantagesof this method,is that thetrainingprocessis quite time consuming.All
pointsof themodelmustbeconsistentlymarked in a numberof training images.Theresultsare
very dependenton the training process,andconsistentmarkingof the training setcanbe diffi-
cult. For the lip trackingthemouthcornerswereusedasguidelinesto geta consistentlabelling.
However, for othertypesof shapes,this canbemoredifficult.

Although,thetrainingprocessis tedious,thetemplatemodelis veryflexible anddoesnotputa lot
of restrictionson theshape.In additionit is not necessaryto designa new modelandchangethe
actualanalysisfor new problems.Hence,althoughthetrainingprocesscanbetimeconsumingand
tedious,it is quitesimplecomparedto theproblemof designinga new model. More experience
with thismethodfor differentproblemsis needed,but it seemsto beveryflexible andusefulwhen
a goodtraining setcanbe achieved. As for all methodsfor deformabletemplates,it shouldbe
combinedwith additionalinitial objectlocation.
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Appendix A

Programs

This chaptertreatstheprogramsusedto createthe lip modelandperformthetracking. Thenext
sectionsdescribethe programsneededboth for the training andthe matching,their syntaxand
how they areused.All theprogramswork on imagesof theblab-format.

A.1 Training

The trainingof the lip modelwasperformedby first markingmanuallythe two cornerpointsof
themouthin eachimage.Theresultof thisprocesswasstoredin afile (seeAppendixB.1). From
thesecornerpointsaprogramfor helpingtheprocessof manuallylabellingthecontour, produces
imageswhereequallyspacedlinesperpendicularto theline betweenthecornerpointsaremarked:

mark <infile>

Input to the programshouldbe the nameof the manuallyproducedfile containingthe nameof
theimagesto beprocessedandtheidentifiedpositionsof thetwo cornersof themouth.For each
imagein the list a new imagewith themarked lines is produced.This imagewill have thesame
pathandfilenameastheoriginal imageexceptfor anextraextension.lines.

Usingthemarkedimagesproducedby mark, theremainingpointson thecontourmustbe iden-
tified andstoredin a file following theformatdescribedin AppendixB.2. Theresultingfile with
thecoordinatesof all themarkedcontoursis theninput to theprogramnorm, which will extract
theprofilesin eachpointandnormalisetheshapecoordinates:

norm <infile> <outfile>

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

Input to theprogramaretwo filenames.Thefirst shouldbethenameof thefile containingfor each
trainingimage,thepathandthefull filenameof theimageandtheidentifiedx- andy-coordinates
alongthe contour. The secondfilenameshouldgive the nameof the file to which the resulting
normalisedfeaturesshouldbewritten.

The resultof the normalisationprogramis a file with grey level featuresandnormalisedshape
featuresfor all thelabelledtrainingimagesfollowing theformatdescribedin AppendixB.3. From
this file containingall the featuresof the training set, the final stepof the training processwill
producethelip model,usingtheprogrammodel:

model <infile> <outfile>

Purpose : Compute models from normalised shapes.
Infile : Normalised shape and intensity features.
Outfile : Model.

The input to the programis the nameof the file producedin the previous stepcontainingthe
normalisedfeatures,and the nameof the outfile to which the computedobject model will be
written. Theresultis theactive shapemodelfor the lip contourthat is written to a file following
theformatdescribedin AppendixB.4.

In summarythetrainingprocessis asfollows:

� Manuallylabelthemouthcornersin eachtrainingimage.� Runmark to produceimageswith helplines.� Manuallylabeltheremainingcoordinatesin eachtrainingimageusingtheimageswith the
helplines.� Runnorm to normalisethe manuallyidentifiedcoordinatesand to extract the grey level
profilesin eachpoint.� Runmodel to producethelip modelfrom thesefeatures.

A.2 Matching

Thematchingshouldbeperformedonasetof unseenimages,andwill usethelip modelproduced
by theprogrammodel. This is doneusingtheprogramsearch:
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search <model-file> <image-sequence>

Purpose : Find contour in image sequence.

Input to theprogramshouldbethenameof thefile containingtheobjectmodelcomputedduring
training,andtheprefixof theimagesequenceto beprocessed.Theprogramcurrentlyexpectsthe
imagefilenamesto beof theform<prefix><number>, wheretheimagesshouldbenumbered
consecutively, using5 digits for thenumber. The resultingtrackedcontourpointsin eachframe
will bemarkedin anew image:<prefix><number>.res.
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Appendix B

File Formats

Betweenthedifferentstepsduringtrainingdataarewritten to file. The4 differentfiles which are
neededcontain:

� Initial cornerpoints.� Labelledcontourpoints.� Normalisedfeatures.� Objectmodel.

In thisappendixtheformatof eachof thesefiles aredescribed.

B.1 Initial corner points

Thisfile shouldbeproducedmanuallyandcontain:

� Thepathandfilenameof thetrainingimage.� Thecoordinatesof theleft andtheright cornerof themouth.

Theformatof thefile is asfollows:

<path and filename of training image no 1>
<x,y of left corner> <x,y of right corner>
...
<path and filename of training image no M>
<x,y of left corner> <x,y of right corner>

25



B.2 Labelled contour points

Thefirst line of themanuallyproducedfile containingthelabelledcontourpoints,shouldcontain:

� Thedimensionof theprofile (9 grey levels)� Thenumberof pointsalongthecontour(22points)

wherethenumbersin parenthesisspecifieswhatwasusedwhentrackingthepouterlip contour.

Therestof thefile containsfor eachimageof thetrainingset:

� Thepathandfilenameof theimage.� Theimagecoordinatesdeterminedalongthecontour. Thecoordinatesshouldbeorganised
clockwise,startingfrom theleft cornerpoint of themouth.(22points)

Hence,theformatof thefile canbeexpressedasfollows:

<profile dimension> <number of contour points>

<path and filename of training image no 1>
<x,y-coordinates of point 1 to N on the contour>
....
<path and filename of training image no M>
<x,y-coordinates of point 1 to N on the contour>

B.3 Normalised features

Thefeaturefile is producedby theprogramnorm, andthefirst line of this file contains:

� Thedimensionof theprofile (9 grey levels)� Thenumberof pointsalongthecontour(22points)

Thenfollows for eachimage:

� Thepathandfilenameof thetrainingimage.� Thenormalisedcoordinatesof themarkedcontour(2*22 numbersrepresentingthex- and
y-coordinates,startingfrom theleft cornerof themouthandmoving clockwise).
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� The extractedprofile of eachpoint (9*22 grey levels), with the orderingof the profiles
correspondingto theorderingof thecontourpoints.

Thiscanbesummarisedas:

<profile dimension> <number of contour points>

<path and filename of image no 1>
<x,y-coordinates of point 1 to N on the contour>
<Grey level profile of point 1 to N of the contour>
....
<path and filename of image no M>
<x,y-coordinates of point 1 to N on the contour>
<Grey level profile of point 1 to N of the contour>

B.4 Model file

Thefile containingthefinal modelis producedby theprogrammodel. Thefirst line of this file
containsfour numbers:

� thenumberof shapefeatures(i.e. contourcoordinates).For theexperimentdescribedin this
report22contourpointsareused,giving a total of 44coordinates,or shapefeatures.� the numberof modes(i.e. the numberof eigenvectorsusedin the approximation),which
hasbeen8 in theseexperiments.� thenumberof normalisationparameters.Thenormalisationparametersaretheparameters
giving thetranslation�4'9(*��'�+;� , scaling % androtation & , andthisnumberwill alwaysbe4 for
the2-dimensionalcase.� thenumberof profile features.For this experiment,profilesof length9 wereusedfor each
of the22contourpoints,giving a total of 198profile features.

Thenfollows theshapeinformation:

� themeanshapevector(44meancoordinates)� themeanparametervector(4 meanparameters)� thestandarddeviation of theparametervector(4 values)� thenfor eachmode,'���s����
�ho , theeigenvalueandtheeigenvectorfor eachmodeof theshape
modelaregiven.
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And thentheprofile information:

� themeanprofilevector(198meangrey level values)� then for eachmode, '���s����
�ho , the eigenvalueand the eigenvector for eachmodeof the
profilemodelaregiven.

Thefollowing givesasummaryof themodelfile format:

<nof shape features> <t=nof modes> <nof parameters> <nof profile fea-
tures>

<mean shape vector, length=nof shape features>
<mean parameter vector, length=nof parameters>
<st.dev. of parameter vector, length=nof parameters>

<eigenvalue-1 of shape>
<eigenvector-1 of shape, length=nof shape features>
...
<eigenvalue-t of shape>
<eigenvector-t of shape, length=nof shape features>

<mean profile vector, length=nof profile fetures>

<eigenvalue-1 of profile>
<eigenvector-1 of profile, length=nof profile features>
...
<eigenvalue-t of profile>
<eigenvector-t of profile, length=nof profile features>
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