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Abstract. We presenta new frameawork for interpretingfaceimagesandim-
agesequencessinganActive Appearancélodel (AAM). The AAM containsa
statistical photo-realistianodelof the shapeandgrey-level appearancef faces.
This paperdemonstratetheuseof theAAM' sef cient iterative matchingscheme
for imageinterpretation We usethe AAM asa basisfor facerecognition,ob-
tain goodresultsfor dif cult imagesWe shav how the AAM framework allows
identity informationto be decoupledrom othervariation,allowing evidenceof
identity to beintegratedover asequenceThe AAM approachmakesoptimaluse
of theevidencefrom eithera singleimageor imagesequenceSincewe derive a
completedescriptionof a givenimageour methodcanbe usedasthe basisfor a
rangeof faceimageinterpretatiortasks.

1 Intr oduction

Thereis currentlya greatdealof interestin model-basedpproacheto the interpreta-
tion ofimageq17][9] [15] [14][8]. Theattractionsaretwo-fold: robustinterpretatiors
achiezed by constrainingsolutionsto bevalid instance®f the modelexample;andthe
ability to “explain’ animagein termsof a setof modelparameterprovidesa basisfor
scendnterpretationln orderto realisethesebene ts, the modelof objectappearance
shouldbeascompleteaspossible ableto synthesisavery closeapproximatioro any
imageof thetargetobject.

A model-basedpproachs particularly suitedto the task of interpretingfacesin
images Facesarehighly variable, deformableobjects,andmanifestvery differentap-
pearance# imagesdependingon pose,lighting, expressionand the identity of the
person.lnterpretatiorof suchimagesrequiresthe ability to understandhis variability
in orderto extractusefulinformation.Currently the mostcommonlyrequiredinforma-
tion is theidentity of theface.

Althoughmodel-basednethodshave proved quite successfulnoneof the existing
methodsusesa full, photo-realisticmodeland attemptsto matchit directly by min-
imising the differencebetweenmodel-synthesiseekampleandthe imageunderinter-
pretation. Although suitablephoto-realistionodelsexist, (e.g.Edwardset al [8]), they
typically involve a large numberof parameter$50-100)in orderto dealwith the vari-
ability dueto differencesbetweenindividuals,and changesn pose,expressionand
lighting. Directoptimisationover sucha high dimensionakpaceseemglaunting.



We shaw thata direct optimisationapproactis feasibleandleadsto an algorithm
whichis rapid,accurateandrobust.We do not attemptto solve a generabptimisation
eachtime we wish to t the modelto a new image.Instead,we exploit the fact the
optimisationproblemis similareachtime - we canlearnthesesimilaritiesoff-line. This
allowsusto nd directionsof rapidcornvergenceaventhoughthe searchspacenasvery
highdimensionalityThe mainfeaturef theapproactaredescribedchere- full details
andexperimentalalidationshave beenpresenteelsavhere[4].

We applythisapproacho faceimagesandshawv rst that,usingthemodelparame-
tersfor classi cationwe canobtaingoodresultsfor persondenti cation andexpression
recognitionusingaverydif cult trainingandtestsetof still imagesWe alsoshav how
themethodcanbeusedin theinterpretatiorof imagesequences heaimis to improve
recognitionperformancéy integratingevidenceover mary frames.Edwardset. al.[7]
describechow a faceappearancenodelcanbe partitionedto give setsof parameters
thatindependentlyary identity, expressionposeandlighting. We exploit this ideato
obtainan estimateof identity which is independentf othersourcesf variability and
canbe straightforvardly Itered to producean optimal estimateof identity. We show
that this leadsto a stableestimateof ID, evenin the presencef considerablenoise.
We alsoshav how theapproactcanbeusedto producehigh-resolutiorvisualisatiorof
poorquality sequences.

1.1 Background

Severalmodel-base@dpproacheso the interpretationof faceimagesof have beende-
scribed.The motivationis to achieve robust performanceby usingthe modelto con-
strainsolutionsto be valid examplesof faces.A modelalso providesthe basisfor a
broadrangeof applicationsby “explaining' the appearancef a givenimagein terms
of acompactsetof modelparametersyhich maybe usedto characteris¢he pose ex-
pressioror identity of aface.In orderto interpreta new image,anef cient methodof
nding thebestmatchbetweenmageandmodelis required.
Turk and Pentland[17] use principal componentanalysisto describefaceimagesin
termsof a setof basisfunctions,or “eigenfices'.Theeigenficerepresentationisotro-
bustto shapechangesanddoesnot dealwell with variability in poseandexpression.
However, themodelcanbe t to animageeasilyusingcorrelationbasednethodsEz-
zatandPoggio[9] synthesis@ew views of afacefrom a setof exampleviews. They t
themodelto anunseerview by a stochastioptimisationprocedureThis is extremely
slow, but canbe robustbecausef the quality of the synthesisedmages.Cooteset al
[3] describea 3D modelof the grey-level surface,allowing full synthesiof shapeand
appearance-dowever, they do not suggest plausiblesearchalgorithmto matchthe
modelto a new image.Nastarat al [15] describea relatedmodelof the 3D grey-level
surface,combiningphysicalandstatisticalmodesof variation. Thoughthey describea
searchalgorithm, it requiresa very goodinitialisation. Ladesat al [12] modelshape
andsomegrey level informationusingGaborjets. However, they do notimposestrong
shapeconstraintsand cannoteasily synthesise new instance Cooteset al [5] model
shapeandlocal grey-level appearanceysing Active ShapeModels (ASMs) to locate
e xible objectsin new images.Lanitis at al [14] usethis approachto interpretface
images.Having found the shapeusingan ASM, the faceis warpedinto a normalised



frame,in which a modelof the intensitiesof the shape-fredaceare usedto interpret
theimage.Edwardsat al [8] extendthis work to producea combinedmodelof shape
andgrey-level appearanceyut againrely on the ASM to locatefacesin new images.
Our new approactcanbeseerasafurtherextensionof thisidea,usingall theinforma-
tionin thecombinedappearancmodelto t to theimage.Covell [6] demonstratethat
the parameter®f an eigen-featurenodel canbe usedto drive shapemodelpointsto
the correctplace.We usea generalisatiomf thisidea.Black andYacoob[2] uselocal,
hand-crafteanodelsof image o w to trackfacialfeaturesput do not attemptto model
the whole face.Our active appearancenodelapproachs a generalisatiorof this, in
whichtheimagedifferencepatternsorrespondingo changesn eachmodelparameter
arelearntandusedto modify amodelestimate.

2 Modelling FaceAppearance

In this sectionwe outline how our appearancenodelsof faceswere generatedThe
approacHollows thatdescribedn Edwardset al [8] but includesextra grey-level nor-
malisationsteps Somefamiliarity with thebasicapproachs requiredto understanthe
new Active Appearancdlodel algorithm.

Themodelsweregeneratedy combininga modelof shapevariationwith amodel
of the appearanceariationsin a shape-normaliseftame.We requirea training set
of labelledimages,wherelandmarkpoints are marked on eachexamplefaceat key
positionsto outlinethe mainfeatures.

Givensucha setwe cangenerate statisticalmodelof shapevariation(see[5] for
details).The labelledpointson a singlefacedescribethe shapeof thatface.We align
all the setsof pointsinto a commonco-ordinateframeandrepreseneachby a vector

. We thenapplya principalcomponentnalysis(PCA) to the data.Any examplecan
thenbeapproximatedising:

1)
where isthemeanshape, is asetof orthogonaimodesof shapevariationand
is a setof shapeparameters.

To build a statisticaimodelof the grey-level appearancere warpeachexampleim-
agesothatits controlpointsmatchthemeanshapdusingatriangulatioralgorithm).We
thensamplethe grey level information from the shape-normaliseiinageover the
region coveredby the meanshapeTo minimisethe effect of globallighting variation,
we normalisethis vector, obtaining . For detailsof this methodsee[4].

By applyingPCAto this datawe obtainalinearmodel:

(@)

where is themeannormalisedgrey-level vector is a setof orthogonaimodes
of grey-levelvariationand  is asetof grey-level modelparameters.

The shapeandappearancef arny examplecanthusbe summarisedy the vectors

and . Sincetheremay be correlationsbetweenthe shapeand grey-level varia-
tions,we applyafurtherPCAto thedataasfollows. For eachexamplewe generatehe
concatenatedector



Fig. 1. Firstfour modesof appearanceariation(+/- 3 sd)

(3)

where is a diagonalmatrix of weightsfor eachshapeparameterallowing for the
differencein unitsbetweerthe shapeandgrey models We applya PCA on thesevec-
tors,giving afurthermodel

(4)

where arethe eigervectorsof and is a vectorof appeaanceparameters
controllingboththeshapeandgrey-levelsof themodel.Sincetheshapeandgrey-model
parameterbave zeromean, doestoo.

An exampleimagecanbe synthesisedor a given by generatinghe shape-free
grey-levelimagefromthevector andwarpingit usingthecontrolpointsdescribedy

. Full detailsof the modellingprocedurecanbefoundin [4].

We appliedthe methodto build a modelof facialappearancedJsinga training set
of 400imagesof faces.eachlabelledwith 122 pointsaroundthe mainfeaturesFrom
this we generateda shapemodelwith 23 parametersa shape-freegrey modelwith
113 parameteranda combinedappearancenodelwhich requiredonly 80 parameters
requiredto explain 98% of the obseredvariation.The modelusedabout10,000pixel
valuesto make up thefacepatch.

Figurel shavsthe effectof varyingthe rst four appearancemodelparameters.

3 Active AppearanceModel Search

Giventhephoto-realistidacemodel,we needa methodof automaticallymatchingthe
modelto imagedata.Givenareasonablstartingapproximationye requireanef cient
algorithmfor adjustingthe model parameterso matchthe image.In this sectionwe
giveanoverview of suchanalgorithm.Full technicaldetailsaregivenin [4].

3.1 Overviewof AAM Search

Givenanimagecontaininga faceandthe photo-realistidfacemodel,we seekthe opti-
mum setof modelparameterg andlocation) thatbestdescribegheimagedata.One



metric we canuseto describethe matchbetweenmodelandimageis simply , the
vectorof differencedetweerthe grey-level valuesin the imageanda corresponding
instanceof the model. The quality of the matchcan be describedby . As
a generaloptimizationproblem,we would seekto vary the model parametersvhile
minimizing . This represent&n enormougask, given that the model spacehas80
dimensionsThe Active AppearancéModel methodusesthefull vector to drive the
searchratherthanasimple tness score We notethateachattempto matchthemodel
to anew faceimageis actuallya similar optimisationproblem.Solving a generabpti-
mizationproblemfrom scratchis unnecessanfhe AAM attemptgo learnsomething
abouthow to solve this classof problemsn advance By providing a-priori knowledge
of how to adjustthe model parametersluring during imagesearchan ef cient run-
time algorithmresults.In particular the AAM usesthe spatialpatternin , to encode
informationabouthow the modelparametershouldbe changedn orderto achieve a
bettert. For example,if thelargestdifferencedetweerafacemodelandafaceimage
occurredat the sidesof the face,thatwould imply thata parametethatmodi ed the
width of themodelfaceshouldbe adjusted.

Cooteset al.[4] describethe training algorithmin detail. The methodworks by
learningfrom an annotatedsetof training examplein which the “true' modelparam-
etersareknown. For eachexamplein the training set,a numberof known modeldis-
placementareapplied andthecorrespondinglifferencevectorrecordedOnceenough
training datahasbeengeneratedmultivariatemultiple regressionis appliedto model
therelationshipbetweerthe modeldisplacemenandimagedifference.

Imagesearchthentakes placeby placingthe modelin the imageand measuring
the differencevector Thelearntregressiormodelis thenusedto predicta movement
of thefacemodellikely to give a bettermatch.The processs iteratedto corvergence.
In our experimentswe implementa multi-resolutionversionof this algorithm, using
lowerresolutionmodelsin earlierstagef asearcho give awider locationrange.The
modelusedcontainedl0,000pixelsatthe highestievel and600 pixelsatthelowest.

4 FaceRecognitionusingAAM Search

Lanitis et al. [13] describefacerecognitionusingshapeandgrey-level parametersin
their approachthe faceis locatedin animageusingActive ShapeModel searchand
the shapeparametergxtracted.The facepatchis thendeformedto the averageshape,
andthe grey-level parametergxtracted.The shapeandgrey-level parameterareused
togetherfor classi cation. As describedabove, we combinethe shapeand grey-level
parametersind derive Appearancéviodel parametersyhich canbe usedin a similar
classi er, but providing amorecompacimodelthanthatobtainedoy consideringshape
andgrey-level separately

Given a nav exampleof a face,and the extractedmodel parametersthe aim is
to identify the individual in a way which is invariantto confoundingfactorssuchas
lighting, poseandexpressionlf thereexistsarepresentatetrainingsetof faceimages,
it is possibleto do this usingthe Mahalonobisdistancemeasurg11], which enhances
theeffectof inter-classvariation(identity), whilst suppressinghe effect of within class
variation(pose,lighting,gpression) This givesa scaledmeasuref the distanceof an
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Fig. 2. Varyingthe mostsigni cant identity parameter(topandmanipulatingresidualvariation
without affectingidentity(bottom)

examplefrom a particularclass.The Mahalanobigdistance  of the examplefrom
class, is givenby

()

where is thevectorof extractedappearancparameters, is thecentroidof themul-
tivariatedistribution for classi, and is the commonwithin-classcovariancematrix
for all thetrainingexamplesGivensufcient trainingexampledor eachindividual, the
individualwithin-classcovariancamatrices  couldbeused- it is, however, restrictve
to assumehatsuchcomprehensietrainingdatais available.

4.1 Isolating Sourcesof Variation

The classi er describedearlierassumeshat the within-classvariationis very similar
for eachindividual, andthatthe pooledcovariancematrix providesa goodoverall es-
timateof this variation.Edwardset al. [7] usethis assumptiorto linearly separatéhe
inter-classvariability from the intra-classvariability usingLinear DiscriminantAnal-
ysis (LDA). The approachseeksto nd alineartransformatiorof the appearancea-
rametersvhich maximisesnter-classvariation,basedon the pooledwithin-classand
between-classovariancematrices.The identity of a faceis given by a vectorof dis-
criminant parametes, , which ideally only codeinformationimportantto identity.
Thetransformatiorbetweerappearancparameters,, anddiscriminantparameters,
is givenby

(6)

where is a matrix of orthogonalectorsdescribingthe principaltypesof inter-class
variation. Having calculatedtheseinter-classmodesof variation, Edwardset al. [7]
shaved that a subspacerthogonalto  could be constructedvhich modelledonly
intra-classvariationsdueto changen pose expressiorandlighting. Theeffect of this
decompositioris to createa combinedmodelwhichiis still in the form of Equationl,
but wherethe parameters,, arepartitionednto thosethataffectidentity andthosethat
describewithin-classvariation. Figure 2 shows the effect of varying the mostsigni -
cantidentity parametefor sucha model;alsoshawn is the effect of applyingthe rst
modeof theresidual(identity-remwed) modelto an exampleface.lt canbe seenthat
thelinearseparations reasonablpguccessfuandthattheidentity remainsunchanged.
The'identity’ subspaceonstructedjivesa suitableframe of referencéor classi ca-
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Fig. 4. Multi-ResolutionsearcHrom displacedosition

tion. The euclideardistancebetweernimageswhenprojectedontothis spaceds a mea-
sureof thesimilarity of ID betweertheimagessincediscriminantanalysissnsureshat
theeffect of confoundingfactorssuchasexpressioris minimised.

4.2 Searcch Results

A full analysisof the robustnessandaccurag of AAM searchis beyondthe scopeof
this paperbut is describeclsavhere[4].In our experimentswe usedthefaceAAM to
searchfor facesin previously unseerimages Figure3 shavsthebest t of the model
giventheimagepointsmarked by handfor threefacesFigure4 shavs framesfrom a
AAM searchfor eachface,eachstartingwith the meanmodeldisplacedrom thetrue
facecentre.

4.3 RecognitionResults

The modelwasusedto performtwo recognitionexperimentsyecognitionof identity,
andrecognitionof expressionln bothtests400faceswereused- 200for trainingand



Fig. 5. Typical examplesrom the experimentaket

200 for testing.The setcontainedimagesof 20 differentindividuals capturedunder
arangeof conditions.This particularsetof faceswaschoserfor its large rangeof ex-
pressiorchangesswell aslimited poseandlighting variation.Theseactors thewithin
classvariability, serne to make the recognitiontasksmuchharderthanwith controlled
expressiomand pose.Figure 5 shavs sometypical examplesfrom the set. The active
appearancmodelwasusedto locateandinterpretboththetrainingandtestimagesin
bothcaseghe modelwasgiventheinitial eye positions,andwasthenrequiredto t to
the faceimageusingthe stratgy describedn section3. Thus,for eachface,a setof
modelparametersvasextracted andtheresultsusedfor classi cationexperiments.

4.4 Recognisingldentity

Theidentity recognitionwasperformedn theidentity subspacasdescribedn section
4.1. Eachexamplevector of extractedmodel parametersvas projectedonto the ID-
subspaceThetrainingsetwasusedto nd thecentroid,in thelD-subspacdor eachof
thetrainingfacesA testfacewasthenclassi edaccordingo thenearestentroidof the
trainingset.In orderto quantifythe performancef the Active AppearancéModel for
locationandinterpretationywe comparedheresultswith thebestthatcouldbeachieved
usingthis classi er with handannotationFor eachexample(trainingandtest)the 122
key-landmarkpointswereplacedby hand,andthe modelparametersxtractedromthe
imageasdescribedn section2. Usingthe above classi er, this methodachieved 88%
correctrecognitionWhentheactive appearancmodelwasappliedto thesameamages,
therecognitionrateremainedat 88%. Althoughthis representequalperformancevith
hand-annotatiorg few of the failureswereon differentfacesfrom the hand-annotated
results.Thuswe canconcludethatthe Active AppearancéModel competesith hand
annotationary furtherimprovementin classi cationraterequiresaddressinghe clas-
si er itself.

4.5 RecognisingeExpression

In orderto testthe performancef the Active AppearancéModelfor expressiorrecog-
nition, we testedhe systemagains25 humanobseners.Eachobsererwasshovn the
setof 400faceimagesandasledto classifythe expressiorof eachasoneof: happy
sad,afraid, angry, surprised,disgustedneutral. We thendivided the resultsinto two
separateblocks of 200 imageseach,one usedfor training the expressionclassi er,
andthe otherusedfor testing.Sincetherewasconsiderablelisagreemeramongsthe



humanobsenersasto the correctexpressionjt wasnecessaryo devise an objectve
measureof performancdor both the humansandthe model. A leave-one-outhased
schemavasdevisedthus: Takingthe 200testimages eachhumanobserer attacheda
labelto each.Thislabelwasthencomparedvith thelabelattachedo thatimageby the
24 other obsenrers.Onepoint wasscoredfor every agreementln principlethis could
meana maximumscoreof 24x200= 4800points,however, therewerevery few cases
in which all thehumanobsenrersagreedsotheactualmaximumis muchless.In order
to give a performancéaselinefor this data,the scorewascalculatedseseral timesby
makingrandomchoicesalone.The other200imageswereusedto train an expression
classi er basedon the modelparametersThis classi er wasthentestedon the same
200imagesasthehumanobsenrers.Theresultswereasfollows:

Randonchoicesscore660 +/- 150
Humanobsenerscore2621+/- 300
Machinescore 1950

Although the machinedoesnot performaswell asary of the humanobsenrers,the
resultsencouragdurtherexploration.The AAM searchresultsareextremelyaccurate,
andthe ID recognitionperformancehigh. This suggestshat expressiorrecognitionis
limited by the simplelinearclassi er we have used.Furtherwork will addressmore
sophisticatednodelof humanexpressiorcharacterisation.

5 Tracking and Identi cation from Sequences

In mary recognitionsystemstheinputdatais actuallyasequencef imagesf thesame
personln principal,a greatemmountof availableis informationthanfrom a singleim-

age,eventhoughary singleframeof video may containmuchlessinformationthana
goodquality still image.We seeka principledway of interpretingthe extrainformation
availablefrom a sequenceSincefacesaredeformableobjectswith highly variableap-
pearancethisis adif cult problem.Thetaskis to combinetheimageevidencewhilst

Itering noise thedif culty is knowing thedifferencebetweerrealtemporakhangeso
thedata( eg. the personsmiles) andchangesimply dueto systemati@and/orrandom
noise.

Themodel-basedpproacloffersapotentialsolution- by projectingtheimagedata
into themodelframe,we have ameansf registeringthedatafrom frameto frame.Intu-
itively, we canimaginedifferentdynamicmodelsfor eachseparatsourceof variability.
In particulay givena sequencef imagesof the samepersonwe expectthe identity to
remainconstantyhilst lighting, poseandexpressiorvary eachwith its own dynamics.
In fact,mostof the variationin the modelis dueto changedetweenindividuals,vari-
ationwhich doesnot occurin a sequencelf this variationcould be held constantwe
would expectmorerohbusttracking,sincethe modelwould morespeci cally represent
theinputdata.

Edwardset. al.[7] shav that LDA canbe usedto partitionthe modelinto ID and
non-ID subspaceasdescribedn section4.1. This providesthe basisfor a principled
methodof integrating evidenceof identity over a sequencelf the model parameter
for eachframeare projectednto theidentity subspacethe expectedvariationover the



sequencés zeroandwe canapply anappropriatelter to achieve robusttrackingand
anoptimalestimateof identity overthe sequence.

Althoughuseful,the separatiorbetweerthe differenttypesof variationwhich can
beachievedusingLDA is not perfect. The methodprovidesa good rst-order approx-
imation, but, in reality, the within-classspreadakesa differentshapefor eachperson.
Whenviewed for ead individual at a time, thereis typically correlationbetweernthe
identity parametersindthe residualparametersgven thoughfor the dataas a whole
thecorrelationis minimised.

EzzatandPoggio[10] describeclass-speci cnormalisatiorof poseusingmultiple
views of the samepersondemonstratinghe feasibility of a linearapproachThey as-
sumethat differentviews of eachindividual areavailablein advance- here,we make
no suchassumptionWe shaw that the estimationof class-speci cvariation can be
integratedwith trackingto malke optimaluseof bothprior andnew informationin esti-
matinglD andachiesing robusttracking.

5.1 Class-Speci cRe nement of Recognitionfrom Sequences

In our approachwe reasorthatthe imperfectionsof LDA whenappliedto a speci c
individualcanbemodelledby observinghebehaiour of themodelduringasequence.
We describea class-speci dinear correctionto the resultof the global LDA, givena
sequencef aface.To illustratethe problem,we considera simpli ed syntheticsitua-
tion in which appearances describedn some2-dimensionaspaceasshavn in gure
6. We imaginea large numberof representatie training examplesfor two individuals,
personX andpersonY projectednto this spaceTheoptimumdirectionof groupsep-
aration, , andthedirectionof residualvariation , areshavn. A perfectdiscriminant

Intra-class variationy

person Y

persan X N\ Identity, d

Sub-optimal spread

Fig. 6. Limitation of LinearDiscriminantAnalysis:Bestidenti cation possiblefor singleexam-
ple, Z, is the projection,A. But if Z is anindividual who behaeslike X or Y, the optimum
projectionsshouldbe C or B respectiely.

analysisof identity would allow two facesof differentpose,lighting and expression
to be normalisedo a referenceview, andthusthe identity comparedlt is clearfrom
the diagramthat an orthogonalprojectiononto the identity subspaces not ideal for
eitherpersonX or personY. Givena fully representatie setof trainingimagesfor X



andY, we couldwork outin advancetheidealprojection.We do not however, wish (or
need)to restrictoursehesto acquiringtraining datain adwance If we wish to identify
anexampleof personZ, for whomwe have only oneexampleimage the bestestimate
possibleis the orthogonalprojection,A, sincewe cannotknow from a singleexample
whetherZ behaeslike X (in which caseC would be the correctidentity) or like Y
(whenB would be correct)or indeed neither Thediscriminantanalysisproduceonly
a rst orderapproximatiorto class-speci cvariation.

In our approachwe seekto calculateclass-speci ccorrectionsrom imagesequences.
Theframenork usedis the Appearancé/lodel, in whichfacesarerepresentetly a pa-
rametewector , asin Equationl.

LDA is appliedto obtaina rst orderglobal approximatiorof the linear subspacele-
scribingidentity, givenby anidentity vector , andtheresiduallinearvariation,given
by avector . A vectorof appearancparameters, canthusbedescribedy

(7)

where and arematricesof orthogonakigervectorsdescribingidentity andresid-
ual variationrespectiely. and areorthogonalwith respecto eachotherandthe
dimension®f and sumtothedimensiorof . Theprojectionfromavector onto
and is givenby

8
and

(9)

Equation8 givesthe orthogonabrojectionontotheidentity subspace, , thebestclas-
si cation availablegivena singleexample.We assumehatthis projectionis notideal,
sinceit is notclass-speci cGivenfurtherexamplesijn particulatr from asequenceye
seekto applya class-speci acorrectionto this projection.t is assumedhatthe correc-
tion of identity requiredhasa linearrelationshipwith the residualparametershut that
thisrelationshipis differentfor eachindividual.

Formally,if  isthetrueprojectionontotheidentity subspace, istheorthogonapro-
jection, is theprojectionontotheresidualsubspaceand is the meanof theresidual
subspacéaveragdighting,pose,gpression}jhen,

(10)

where is a matrix giving the correctionof the identity, given the residualparame-
ters.During a sequencemary examplesof the samefaceare seenWe canusethese
examplesto solve Equation10in aleast-squaresenseor the matrix , by applying
linear regressionthus giving the class-speci ccorrectionrequiredfor the particular
individual.

5.2 Tracking FaceSequences

In eachframeof animagesequencean Active Appearancéviodel canbe usedto lo-
catetheface.Theiterative searchprocedureeturnsa setof parametersglescribingthe



bestmatchfoundof the modelto the data.Baumbeg [1] andRowe et. al. [16] hasde-
scribeda Kalman lter framewvork usedasa optimalrecursye estimatorof shaperom

sequencessingan Active ShapeModel. In orderto improve trackingrobustnessye

proposea similar schemebut usingthe full AppearancéModel, andbasedon the de-
couplingof identity variationfrom residualvariation.

The combinedmodel parametersre projectedinto the the identity and residualsub-
spacedy Equations8 and 9. At eachframe,t, the identity vector , andresidual
vector arerecorded.Until enoughframeshave beenrecordedto allow linear re-
gressiono be applied,the correctionmatrix, is setto containall zeros,sothatthe
correctecestimateof identity,  is thesameastheorthogonallyprojectecestimate, .

Onceregressiorcanbeapplied theidentity estimatestartsto becorrectedThreesetsof

Kalman lters areusedto tracktheface.Eachtrack2D-pose, , ID variation, , and
non-ID, , variationrespectrely. The2D-poseandnon-IDvariationaremodelledas
random-valk processeghe ID variationis modelledasa randomconstantre ecting

the expecteddynamicsof the system.The optimumparametergontrollingthe opera-
tion of Kalman Iters canbe estimatedrom the variation seenover the training set.
For example,thelD Iter is initialised on the meanface,with a estimateduncertainty
coveringtherangeof ID seenduringtraining.

6 Tracking Results

In orderto testthis approachwe took a shortsequencef anindividual reciting the
alphabetvhilst moving. We thensuccessiely degradedthe sequencéy addingGaus-
siannoiseat2.5,5,7.5,10,12.8nd30%averagedisplacemenperpixel. Figure7 shavs
framesselectedrom the uncorruptedsequencetogetherwith the resultof the Active
AppearanceModel searchoverlaid on the image. The subjecttalks and moveswhile
varying expression.The amountof movementincreasedowardsthe end of the se-
guence.

After 40 framestheadaptve correctionandKalman Itering wasswitchedon.We rst
shawv theresultsfor theuncorruptedequencd-igure8 shavsthevalueof theraw pro-
jectionontothe rst andsecondD parametersConsiderableariationis obsernedover
the sequenceThe correctedandthe nal, Itered estimateof the ID parameterare
shavnin gures 9 and10 respectiely. Figures9 shows that,oncethe ID correctionis
switchedon ( atframe40), a morestableestimateof ID results.Figure10 shows that
the combinationof ID correctionandtemporal Itering resultsin an extremelystable
estimateof ID. Figurellillustratesthe stability of the ID estimatewith imagedegra-
dation.Thevalueof the rst ID parameters shavn onthey-axis. Thisis normalised
over thetotal variationin ID-valueoverthetrainingset.lt is seenthatthe estimatere-
mainsreasonablygonsistenfwithin +/- 0.03%of the overall variation)at low levels of
degradationpbecomingunstableata higherlevel.

7 EnhancedVisualisation

After trackingmary framesof a sequencé¢he estimateof the correcteddentity vector
stabilisesA correspondingeconstructiorof the personcanbe synthesisedThe syn-



Fig. 7. Trackingandidentifying a face.Original framesareshavn onthetop row, reconstruction
onthebottom.
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Fig. 8. Raw ID parameters Fig.9. CorrectedD parametersFig. 10. Filtered,corrected|D

thesisedmageis basedon the evidenceintegratedover the sequenceThis providesa
meansof generatinghigh resolutionreconstructiongrom lower resolutionsequences.
Figure12 illustratesan example: The left handimageis a frame from a sequencef
95imagesIn thecentreimagewe shov anexamplefrom the sequencafterdeliberate
Gaussiarsubsamplingo synthesisa low-resolutionsourceimage.The reconstruction
ontheright shovsthe nal estimateof thepersorbasedn evidenceintegratedoverthe
low-resolutionsequence.

8 Conclusions

We have describedhe useof an Active AppearanceModel in facerecognition.The
modelusesall the informationavailable from the training dataandfacilitatesthe de-
couplingof modelinto ID andnon-ID parts.

Whenusedfor staticfaceidenti cationthe AAM provedasreliableaslabellingthe
imagesby hand.A identi cation rateof 88% wasachiezed. Whenusedfor expression
recognitionthe systemsshaws lessagreementhanhumanobsenersbut nevertheless
encouragefurtherwork in this area.A obsenationof the quality of model t, andthe
excellentidentity recognitionperformancesuggestshatthe classi er itself ratherthan
the AAM searcHimits the expressiorrecognitionperformance.



Normalized ID Value

2.5% Noise
5% Noise

7.5% Noise
10% Noise

joise

o 10 20 3 40 s 6 70 80 9 100
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Fig. 11.TrackingNoisy Data.ID estimataemainsonsistenatincreasingoiselevels,becoming
unstableat 30%noiselevel.

Fig. 12.Synthesising@ high-resfacefrom alow-ressequenced.eft handimage:anoriginalframe
from sequenceCentreimage:framefrom deliberatelyblurredsequenceRighthandimage: nal
reconstructiorfrom low-ressequence

We have outlinedatechniqudor improving thestability of faceidenti cation andtrack-
ing whensubijectto variationin pose expressiorandlighting conditions.Thetracking
techniquenalkesuseof theobsenedeffectof theseypesof variationin orderto provide
a betterestimateof identity, andthusprovidesa methodof usingthe extrainformation
availablein a sequencéo improve classi cation.

By correctlydecouplingheindividual sourcef variation,it is possibleto developde-
coupleddynamicmodelsfor each.The techniquewe have describedallows the initial
approximatedecouplingto be updatedduring a sequencethus avoiding the needfor
large numberof trainingexampledor eachindividual.
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