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Abstract. We presenta new framework for interpretingfaceimagesand im-
agesequencesusinganActiveAppearanceModel (AAM). TheAAM containsa
statistical,photo-realisticmodelof theshapeandgrey-level appearanceof faces.
Thispaperdemonstratestheuseof theAAM' sef�cient iterativematchingscheme
for imageinterpretation.We usethe AAM asa basisfor facerecognition,ob-
tain goodresultsfor dif�cult images.We show how theAAM framework allows
identity informationto bedecoupledfrom othervariation,allowing evidenceof
identity to beintegratedoverasequence.TheAAM approachmakesoptimaluse
of theevidencefrom eithera singleimageor imagesequence.Sincewe derive a
completedescriptionof a givenimageour methodcanbeusedasthebasisfor a
rangeof faceimageinterpretationtasks.

1 Intr oduction

Thereis currentlya greatdealof interestin model-basedapproachesto theinterpreta-
tion of images[17] [9] [15] [14][8]. Theattractionsaretwo-fold: robustinterpretationis
achievedby constrainingsolutionsto bevalid instancesof themodelexample;andthe
ability to `explain' animagein termsof a setof modelparametersprovidesa basisfor
sceneinterpretation.In orderto realisethesebene�ts, themodelof objectappearance
shouldbeascompleteaspossible- ableto synthesiseaverycloseapproximationto any
imageof thetargetobject.

A model-basedapproachis particularlysuitedto the taskof interpretingfacesin
images.Facesarehighly variable,deformableobjects,andmanifestvery differentap-
pearancesin imagesdependingon pose,lighting, expression,and the identity of the
person.Interpretationof suchimagesrequirestheability to understandthis variability
in orderto extractusefulinformation.Currently, themostcommonlyrequiredinforma-
tion is theidentityof theface.

Althoughmodel-basedmethodshave provedquitesuccessful,noneof theexisting
methodsusesa full, photo-realisticmodelandattemptsto matchit directly by min-
imising thedifferencebetweenmodel-synthesisedexampleandtheimageunderinter-
pretation.Althoughsuitablephoto-realisticmodelsexist, (e.g.Edwardset al [8]), they
typically involve a largenumberof parameters(50-100)in orderto dealwith thevari-
ability due to differencesbetweenindividuals,and changesin pose,expression,and
lighting. Directoptimisationoversuchahighdimensionalspaceseemsdaunting.



We show thata directoptimisationapproachis feasibleandleadsto analgorithm
which is rapid,accurate,androbust.We do not attemptto solve a generaloptimisation
eachtime we wish to �t the model to a new image.Instead,we exploit the fact the
optimisationproblemis similareachtime- wecanlearnthesesimilaritiesoff-line. This
allowsusto �nd directionsof rapidconvergenceeventhoughthesearchspacehasvery
highdimensionality. Themainfeaturesof theapproacharedescribedhere- full details
andexperimentalvalidationshavebeenpresentedelsewhere[4].

Weapplythisapproachto faceimagesandshow �rst that,usingthemodelparame-
tersfor classi�cationwecanobtaingoodresultsfor personidenti�cation andexpression
recognitionusingaverydif�cult trainingandtestsetof still images.Wealsoshow how
themethodcanbeusedin theinterpretationof imagesequences.Theaimis to improve
recognitionperformanceby integratingevidenceovermany frames.Edwardset.al.[7]
describedhow a faceappearancemodelcanbe partitionedto give setsof parameters
that independentlyvary identity, expression,poseandlighting. We exploit this ideato
obtainanestimateof identity which is independentof othersourcesof variability and
canbestraightforwardly �ltered to producean optimalestimateof identity. We show
that this leadsto a stableestimateof ID, even in the presenceof considerablenoise.
Wealsoshow how theapproachcanbeusedto producehigh-resolutionvisualisationof
poorqualitysequences.

1.1 Background

Severalmodel-basedapproachesto the interpretationof faceimagesof have beende-
scribed.The motivation is to achieve robust performanceby usingthe modelto con-
strainsolutionsto be valid examplesof faces.A modelalsoprovidesthe basisfor a
broadrangeof applicationsby `explaining' theappearanceof a given imagein terms
of a compactsetof modelparameters,which maybeusedto characterisethepose,ex-
pressionor identity of a face.In orderto interpreta new image,anef�cient methodof
�nding thebestmatchbetweenimageandmodelis required.
Turk andPentland[17] useprincipal componentanalysisto describefaceimagesin
termsof a setof basisfunctions,or `eigenfaces'.Theeigenfacerepresentationisnot ro-
bust to shapechanges,anddoesnot dealwell with variability in poseandexpression.
However, themodelcanbe�t to animageeasilyusingcorrelationbasedmethods.Ez-
zatandPoggio[9] synthesisenew viewsof a facefrom asetof exampleviews.They �t
themodelto anunseenview by a stochasticoptimisationprocedure.This is extremely
slow, but canberobustbecauseof thequality of thesynthesisedimages.Cooteset al
[3] describea 3D modelof thegrey-level surface,allowing full synthesisof shapeand
appearance.However, they do not suggesta plausiblesearchalgorithmto matchthe
modelto a new image.Nastarat al [15] describea relatedmodelof the3D grey-level
surface,combiningphysicalandstatisticalmodesof variation.Thoughthey describea
searchalgorithm,it requiresa very goodinitialisation.Ladesat al [12] modelshape
andsomegrey level informationusingGaborjets.However, they donot imposestrong
shapeconstraintsandcannoteasilysynthesisea new instance.Cooteset al [5] model
shapeandlocal grey-level appearance,usingActive 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-freefaceareusedto interpret
the image.Edwardsat al [8] extendthis work to producea combinedmodelof shape
andgrey-level appearance,but againrely on theASM to locatefacesin new images.
Ournew approachcanbeseenasafurtherextensionof this idea,usingall theinforma-
tion in thecombinedappearancemodelto �t to theimage.Covell [6] demonstratesthat
the parametersof an eigen-featuremodelcanbe usedto drive shapemodelpointsto
thecorrectplace.We usea generalisationof this idea.BlackandYacoob[2] uselocal,
hand-craftedmodelsof image�o w to trackfacialfeatures,but donotattemptto model
the whole face.Our active appearancemodelapproachis a generalisationof this, in
whichtheimagedifferencepatternscorrespondingto changesin eachmodelparameter
arelearntandusedto modify a modelestimate.

2 Modelling FaceAppearance

In this sectionwe outline how our appearancemodelsof facesweregenerated.The
approachfollows thatdescribedin Edwardset al [8] but includesextra grey-level nor-
malisationsteps.Somefamiliarity with thebasicapproachis requiredto understandthe
new ActiveAppearanceModelalgorithm.

Themodelsweregeneratedby combininga modelof shapevariationwith a model
of the appearancevariationsin a shape-normalisedframe.We requirea training set
of labelledimages,wherelandmarkpointsaremarked on eachexamplefaceat key
positionsto outlinethemainfeatures.

Givensucha setwe cangeneratea statisticalmodelof shapevariation(see[5] for
details).The labelledpointson a singlefacedescribetheshapeof that face.We align
all thesetsof pointsinto a commonco-ordinateframeandrepresenteachby a vector,

� . We thenapplya principalcomponentanalysis(PCA) to thedata.Any examplecan
thenbeapproximatedusing:

����� �����
	��
	 (1)

where �� is themeanshape,�
	 is a setof orthogonalmodesof shapevariationand

�
	 is a setof shapeparameters.

To build astatisticalmodelof thegrey-levelappearancewewarpeachexampleim-
agesothatits controlpointsmatchthemeanshape(usingatriangulationalgorithm).We
thensamplethegrey level information ����� from theshape-normalisedimageover the
region coveredby themeanshape.To minimisetheeffect of global lighting variation,
wenormalisethisvector, obtaining� . For detailsof thismethodsee[4].

By applyingPCAto thisdataweobtaina linearmodel:

�

���

�

��������� (2)

where �

� is themeannormalisedgrey-level vector, �
� is a setof orthogonalmodes

of grey-levelvariationand �
� is asetof grey-level modelparameters.

Theshapeandappearanceof any examplecanthusbesummarisedby thevectors
��	 and ��� . Sincetheremay be correlationsbetweenthe shapeandgrey-level varia-
tions,weapplya furtherPCAto thedataasfollows.For eachexamplewegeneratethe
concatenatedvector



Fig.1. First four modesof appearancevariation(+/- 3 sd)
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where
�

	 is a diagonalmatrix of weightsfor eachshapeparameter, allowing for the
differencein unitsbetweentheshapeandgrey models.We applya PCA on thesevec-
tors,giving a furthermodel

� ����� (4)

where � are the eigenvectorsof � and � is a vectorof appearanceparameters
controllingboththeshapeandgrey-levelsof themodel.Sincetheshapeandgrey-model
parametershavezeromean,� doestoo.

An exampleimagecanbe synthesisedfor a given � by generatingthe shape-free
grey-level imagefrom thevector � andwarpingit usingthecontrolpointsdescribedby

� . Full detailsof themodellingprocedurecanbefoundin [4].
We appliedthemethodto build a modelof facialappearance.Usinga trainingset

of 400 imagesof faces,eachlabelledwith 122pointsaroundthemainfeatures.From
this we generateda shapemodel with 23 parameters,a shape-freegrey model with
113parametersanda combinedappearancemodelwhich requiredonly 80 parameters
requiredto explain 98%of theobservedvariation.Themodelusedabout10,000pixel
valuesto makeup thefacepatch.

Figure1 shows theeffectof varyingthe�rst four appearancemodelparameters.

3 ActiveAppearanceModel Search

Giventhephoto-realisticfacemodel,weneeda methodof automaticallymatchingthe
modelto imagedata.Givenareasonablestartingapproximation,werequireanef�cient
algorithmfor adjustingthe modelparametersto matchthe image.In this sectionwe
giveanoverview of suchanalgorithm.Full technicaldetailsaregivenin [4].

3.1 Overview of AAM Search

Givenanimagecontaininga faceandthephoto-realisticfacemodel,weseektheopti-
mumsetof modelparameters( andlocation) thatbestdescribesthe imagedata.One



metric we canuseto describethe matchbetweenmodelandimageis simply
���

, the
vectorof differencesbetweenthe grey-level valuesin the imageanda corresponding
instanceof the model.The quality of the matchcanbe describedby �

���

���

��� . As
a generaloptimizationproblem,we would seekto vary the modelparameterswhile
minimizing � . This representsan enormoustask,given that the modelspacehas80
dimensions.TheActive AppearanceModel methodusesthefull vector

���

to drive the
search,ratherthanasimple�tnessscore.Wenotethateachattemptto matchthemodel
to a new faceimageis actuallya similaroptimisationproblem.Solvinga generalopti-
mizationproblemfrom scratchis unnecessary. TheAAM attemptsto learnsomething
abouthow to solve thisclassof problemsin advance.By providing a-priori knowledge
of how to adjustthe modelparametersduring during imagesearch,an ef�cient run-
time algorithmresults.In particular, theAAM usesthespatialpatternin

���

, to encode
informationabouthow themodelparametersshouldbechangedin orderto achieve a
better�t. For example,if thelargestdifferencesbetweenafacemodelandafaceimage
occurredat the sidesof the face,that would imply that a parameterthat modi�ed the
width of themodelfaceshouldbeadjusted.

Cooteset al.[4] describethe training algorithm in detail. The methodworks by
learningfrom an annotatedsetof training examplein which the `true' modelparam-
etersareknown. For eachexamplein the trainingset,a numberof known modeldis-
placementsareapplied,andthecorrespondingdifferencevectorrecorded.Onceenough
trainingdatahasbeengenerated,multivariatemultiple regressionis appliedto model
therelationshipbetweenthemodeldisplacementandimagedifference.

Imagesearchthentakesplaceby placingthe model in the imageandmeasuring
thedifferencevector. The learntregressionmodelis thenusedto predicta movement
of thefacemodellikely to give a bettermatch.Theprocessis iteratedto convergence.
In our experiments,we implementa multi-resolutionversionof this algorithm,using
lowerresolutionmodelsin earlierstagesof asearchto giveawider locationrange.The
modelusedcontained10,000pixelsat thehighestlevel and600pixelsat thelowest.

4 FaceRecognitionusingAAM Search

Lanitis et al. [13] describefacerecognitionusingshapeandgrey-level parameters.In
their approachthe faceis locatedin an imageusingActive ShapeModel search,and
theshapeparametersextracted.Thefacepatchis thendeformedto theaverageshape,
andthegrey-level parametersextracted.Theshapeandgrey-level parametersareused
togetherfor classi�cation.As describedabove, we combinethe shapeandgrey-level
parametersandderive AppearanceModel parameters,which canbe usedin a similar
classi�er, but providing amorecompactmodelthanthatobtainedby consideringshape
andgrey-level separately.

Given a new exampleof a face,and the extractedmodel parameters,the aim is
to identify the individual in a way which is invariantto confoundingfactorssuchas
lighting,poseandexpression.If thereexistsarepresentativetrainingsetof faceimages,
it is possibleto do this usingtheMahalonobisdistancemeasure[11], which enhances
theeffectof inter-classvariation(identity),whilst suppressingtheeffectof within class
variation(pose,lighting,expression).This givesa scaledmeasureof thedistanceof an



Fig.2. Varyingthemostsigni�cant identity parameter(top),andmanipulatingresidualvariation
withoutaffectingidentity(bottom)

examplefrom a particularclass.The Mahalanobisdistance
�

� of the examplefrom
class� , is givenby

�

�

�

�

� 	�� �

�

�����	�

�

��	�� �

�

� (5)

where� is thevectorof extractedappearanceparameters,��

� is thecentroidof themul-
tivariatedistribution for classi, and � is the commonwithin-classcovariancematrix
for all thetrainingexamples.Givensuf�cient trainingexamplesfor eachindividual,the
individualwithin-classcovariancematrices��
 couldbeused- it is, however, restrictive
to assumethatsuchcomprehensivetrainingdatais available.

4.1 Isolating Sourcesof Variation

The classi�er describedearlierassumesthat the within-classvariationis very similar
for eachindividual,andthat thepooledcovariancematrix providesa goodoverall es-
timateof this variation.Edwardset al. [7] usethis assumptionto linearly separatethe
inter-classvariability from the intra-classvariability usingLinear DiscriminantAnal-
ysis (LDA). Theapproachseeksto �nd a linear transformationof the appearancepa-
rameterswhich maximisesinter-classvariation,basedon the pooledwithin-classand
between-classcovariancematrices.The identity of a faceis givenby a vectorof dis-
criminant parameters, � , which ideally only codeinformation importantto identity.
Thetransformationbetweenappearanceparameters,� , anddiscriminantparameters,�

is givenby
� �
�

� (6)

where � is a matrix of orthogonalvectorsdescribingtheprincipaltypesof inter-class
variation.Having calculatedtheseinter-classmodesof variation, Edwardset al. [7]
showed that a subspaceorthogonalto � could be constructedwhich modelledonly
intra-classvariationsdueto changein pose,expressionandlighting.Theeffect of this
decompositionis to createa combinedmodelwhich is still in the form of Equation1,
but wheretheparameters,� , arepartitionedinto thosethataffect identityandthosethat
describewithin-classvariation.Figure2 shows the effect of varying the mostsigni�-
cantidentity parameterfor sucha model;alsoshown is theeffect of applyingthe �rst
modeof theresidual(identity-removed)modelto anexampleface.It canbeseenthat
thelinearseparationis reasonablysuccessfulandthattheidentity remainsunchanged.
The 'identity' subspaceconstructedgivesa suitableframeof referencefor classi�ca-



Fig.3. Original image(right) andbest�t (left) givenlandmarkpoints
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Fig.4. Multi-Resolutionsearchfrom displacedposition

tion. Theeuclideandistancebetweenimageswhenprojectedontothis spaceis a mea-
sureof thesimilarityof ID betweentheimages,sincediscriminantanalysisensuresthat
theeffectof confoundingfactorssuchasexpressionis minimised.

4.2 Search Results

A full analysisof the robustnessandaccuracy of AAM searchis beyondthescopeof
thispaper, but is describedelsewhere[4].In ourexperiments,weusedthefaceAAM to
searchfor facesin previously unseenimages.Figure3 shows thebest�t of themodel
giventhe imagepointsmarkedby handfor threefaces.Figure4 shows framesfrom a
AAM searchfor eachface,eachstartingwith themeanmodeldisplacedfrom thetrue
facecentre.

4.3 RecognitionResults

Themodelwasusedto performtwo recognitionexperiments;recognitionof identity,
andrecognitionof expression.In bothtests400faceswereused- 200for trainingand



Fig.5. Typicalexamplesfrom theexperimentalset

200 for testing.The setcontainedimagesof 20 different individualscapturedunder
a rangeof conditions.This particularsetof faceswaschosenfor its largerangeof ex-
pressionchangesaswell aslimitedposeandlightingvariation.Thesefactors,thewithin
classvariability, serve to make therecognitiontasksmuchharderthanwith controlled
expressionandpose.Figure5 shows sometypical examplesfrom the set.The active
appearancemodelwasusedto locateandinterpretboththetrainingandtestimages.In
bothcasesthemodelwasgiventheinitial eyepositions,andwasthenrequiredto �t to
the faceimageusingthe strategy describedin section3. Thus,for eachface,a setof
modelparameterswasextracted,andtheresultsusedfor classi�cationexperiments.

4.4 RecognisingIdentity

Theidentity recognitionwasperformedin theidentitysubspaceasdescribedin section
4.1. Eachexamplevectorof extractedmodelparameterswasprojectedonto the ID-
subspace.Thetrainingsetwasusedto �nd thecentroid,in theID-subspacefor eachof
thetrainingfaces.A testfacewasthenclassi�edaccordingto thenearestcentroidof the
trainingset.In orderto quantifytheperformanceof theActive AppearanceModel for
locationandinterpretation,wecomparedtheresultswith thebestthatcouldbeachieved
usingthis classi�er with handannotation.For eachexample(trainingandtest)the122
key-landmarkpointswereplacedby hand,andthemodelparametersextractedfrom the
imageasdescribedin section2. Usingtheabove classi�er, this methodachieved88%
correctrecognition.Whentheactiveappearancemodelwasappliedto thesameimages,
therecognitionrateremainedat88%.Althoughthis representsequalperformancewith
hand-annotation,a few of thefailureswereon differentfacesfrom thehand-annotated
results.Thuswe canconcludethat theActive AppearanceModel competeswith hand
annotation;any furtherimprovementin classi�cationraterequiresaddressingtheclas-
si�er itself.

4.5 RecognisingExpression

In orderto testtheperformanceof theActiveAppearanceModel for expressionrecog-
nition, we testedthesystemagainst25humanobservers.Eachobserverwasshown the
setof 400 faceimages,andaskedto classifytheexpressionof eachasoneof: happy,
sad,afraid, angry, surprised,disgusted,neutral. We thendivided the resultsinto two
separateblocks of 200 imageseach,one usedfor training the expressionclassi�er,
andtheotherusedfor testing.Sincetherewasconsiderabledisagreementamongstthe



humanobserversasto the correctexpression,it wasnecessaryto devisean objective
measureof performancefor both the humansand the model.A leave-one-outbased
schemewasdevisedthus:Takingthe200testimages,eachhumanobserverattacheda
labelto each.This labelwasthencomparedwith thelabelattachedto thatimageby the
24 other observers.Onepoint wasscoredfor every agreement.In principlethis could
meana maximumscoreof 24x200= 4800points,however, therewerevery few cases
in whichall thehumanobserversagreed,sotheactualmaximumis muchless.In order
to give a performancebaselinefor this data,thescorewascalculatedseveral timesby
makingrandomchoicesalone.Theother200imageswereusedto train anexpression
classi�er basedon the modelparameters.This classi�er wasthentestedon the same
200imagesasthehumanobservers.Theresultswereasfollows:

Randomchoicesscore660 +/- 150
Humanobserverscore2621+/- 300
Machinescore 1950

Although the machinedoesnot performaswell asany of the humanobservers,the
resultsencouragefurtherexploration.TheAAM searchresultsareextremelyaccurate,
andthe ID recognitionperformancehigh.This suggeststhatexpressionrecognitionis
limited by thesimplelinearclassi�er we have used.Furtherwork will addressa more
sophisticatedmodelof humanexpressioncharacterisation.

5 Tracking and Identi�cation fr om Sequences

In many recognitionsystems,theinputdatais actuallyasequenceof imagesof thesame
person.In principal,agreateramountof availableis informationthanfrom asingleim-
age,eventhoughany singleframeof videomaycontainmuchlessinformationthana
goodqualitystill image.We seekaprincipledwayof interpretingtheextra information
availablefrom a sequence.Sincefacesaredeformableobjectswith highly variableap-
pearance,this is a dif�cult problem.Thetaskis to combinetheimageevidencewhilst
�ltering noise,thedif�culty is knowing thedifferencebetweenrealtemporalchangesto
thedata( eg. thepersonsmiles) andchangessimply dueto systematicand/orrandom
noise.

Themodel-basedapproachoffersapotentialsolution- by projectingtheimagedata
into themodelframe,wehaveameansof registeringthedatafromframeto frame.Intu-
itively, wecanimaginedifferentdynamicmodelsfor eachseparatesourceof variability.
In particular, givena sequenceof imagesof thesamepersonwe expecttheidentity to
remainconstant,whilst lighting,poseandexpressionvaryeachwith its own dynamics.
In fact,mostof thevariationin themodelis dueto changesbetweenindividuals,vari-
ationwhich doesnot occurin a sequence.If this variationcouldbe heldconstantwe
would expectmorerobusttracking,sincethemodelwould morespeci�cally represent
theinputdata.

Edwardset. al.[7] show that LDA canbe usedto partition the model into ID and
non-ID subspacesasdescribedin section4.1.This providesthebasisfor a principled
methodof integratingevidenceof identity over a sequence.If the model parameter
for eachframeareprojectedinto theidentity subspace,theexpectedvariationover the



sequenceis zeroandwe canapplyanappropriate�lter to achieve robust trackingand
anoptimalestimateof identityover thesequence.

Althoughuseful,theseparationbetweenthedifferenttypesof variationwhich can
beachievedusingLDA is not perfect.Themethodprovidesa good�rst-order approx-
imation,but, in reality, thewithin-classspreadtakesa differentshapefor eachperson.
Whenviewed for each individual at a time, thereis typically correlationbetweenthe
identity parametersandthe residualparameters,even thoughfor the dataas a whole,
thecorrelationis minimised.

EzzatandPoggio[10] describeclass-speci�cnormalisationof poseusingmultiple
views of thesameperson,demonstratingthe feasibility of a linearapproach.They as-
sumethatdifferentviews of eachindividual areavailablein advance- here,we make
no suchassumption.We show that the estimationof class-speci�cvariation can be
integratedwith trackingto makeoptimaluseof bothprior andnew informationin esti-
matingID andachieving robusttracking.

5.1 Class-Speci�cRe�nement of Recognitionfr om Sequences

In our approach,we reasonthat the imperfectionsof LDA whenappliedto a speci�c
individualcanbemodelledby observingthebehaviour of themodelduringasequence.
We describea class-speci�clinearcorrectionto the resultof theglobalLDA, givena
sequenceof a face.To illustratetheproblem,we considera simpli�ed syntheticsitua-
tion in which appearanceis describedin some2-dimensionalspaceasshown in �gure
6. We imaginea largenumberof representative trainingexamplesfor two individuals,
personX andpersonY projectedinto this space.Theoptimumdirectionof groupsep-
aration,� , andthedirectionof residualvariation � , areshown. A perfectdiscriminant

Sub-optimal spread

+

person Y

person X

A
B

C

test. Z

Intra-class variation, r

Identity, d

Fig.6. Limitation of LinearDiscriminantAnalysis:Bestidenti�cation possiblefor singleexam-
ple, Z, is the projection,A. But if Z is an individual who behaves like X or Y, the optimum
projectionsshouldbeC or B respectively.

analysisof identity would allow two facesof differentpose,lighting andexpression
to be normalisedto a referenceview, andthusthe identity compared.It is clearfrom
the diagramthat an orthogonalprojectiononto the identity subspaceis not ideal for
eitherpersonX or personY. Givena fully representative setof training imagesfor X



andY, wecouldwork out in advancetheidealprojection.We donothowever, wish(or
need)to restrictourselvesto acquiringtrainingdatain advance.If we wish to identify
anexampleof personZ, for whomwehaveonly oneexampleimage,thebestestimate
possibleis theorthogonalprojection,A, sincewe cannotknow from a singleexample
whetherZ behaveslike X (in which caseC would be the correctidentity) or like Y
(whenB wouldbecorrect)or indeed,neither. Thediscriminantanalysisproducesonly
a �rst orderapproximationto class-speci�cvariation.
In our approachwe seekto calculateclass-speci�ccorrectionsfrom imagesequences.
Theframework usedis theAppearanceModel, in which facesarerepresentedby a pa-
rametervector � , asin Equation1.
LDA is appliedto obtaina �rst orderglobalapproximationof the linearsubspacede-
scribingidentity, givenby anidentity vector, � , andtheresiduallinearvariation,given
by avector � . A vectorof appearanceparameters,� canthusbedescribedby

� � �� � � ���

�

� (7)

where � and
�

arematricesof orthogonaleigenvectorsdescribingidentity andresid-
ual variationrespectively. � and

�

areorthogonalwith respectto eachotherandthe
dimensionsof � and � sumto thedimensionof � . Theprojectionfrom avector, � onto

� and � is givenby
�

� �

�

� (8)

and
� �

�

�

� (9)

Equation8 givestheorthogonalprojectionontotheidentitysubspace,� , thebestclas-
si�cation availablegivena singleexample.We assumethatthis projectionis not ideal,
sinceit is notclass-speci�c.Givenfurtherexamples,in particular, from asequence,we
seekto applyaclass-speci�ccorrectionto thisprojection.It is assumedthatthecorrec-
tion of identity requiredhasa linearrelationshipwith theresidualparameters,but that
this relationshipis differentfor eachindividual.
Formally, if ��� is thetrueprojectionontotheidentitysubspace,� is theorthogonalpro-
jection, � is theprojectionontotheresidualsubspace,and �� is themeanof theresidual
subspace(averagelighting,pose,expression)then,

�
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where � is a matrix giving the correctionof the identity, given the residualparame-
ters.During a sequence,many examplesof the samefaceareseen.We canusethese
examplesto solve Equation10 in a least-squaressensefor thematrix � , by applying
linear regression,thusgiving the class-speci�ccorrectionrequiredfor the particular
individual.

5.2 Tracking FaceSequences

In eachframeof an imagesequence,anActive AppearanceModel canbeusedto lo-
catetheface.Theiterative searchprocedurereturnsa setof parametersdescribingthe



bestmatchfoundof themodelto thedata.Baumberg [1] andRowe et.al. [16] hasde-
scribeda Kalman�lter framework usedasa optimalrecursiveestimatorof shapefrom
sequencesusinganActive ShapeModel. In orderto improve trackingrobustness,we
proposea similar scheme,but usingthe full AppearanceModel, andbasedon thede-
couplingof identityvariationfrom residualvariation.
The combinedmodelparametersareprojectedinto the the identity andresidualsub-
spacesby Equations8 and 9. At eachframe, t, the identity vector, �

� , and residual
vector �

� are recorded.Until enoughframeshave beenrecordedto allow linear re-
gressionto beapplied,the correctionmatrix, � is setto containall zeros,so that the
correctedestimateof identity, � � is thesameastheorthogonallyprojectedestimate,� .
Onceregressioncanbeapplied,theidentityestimatestartsto becorrected.Threesetsof
Kalman�lters areusedto tracktheface.Eachtrack2D-pose,� , ID variation, �


�� , and
non-ID, �����	� , variationrespectively. The2D-poseandnon-IDvariationaremodelledas
random-walk processes,the ID variationis modelledasa randomconstant,re�ecting
theexpecteddynamicsof thesystem.Theoptimumparameterscontrollingtheopera-
tion of Kalman�lters canbe estimatedfrom the variationseenover the training set.
For example,the ID �lter is initialisedon themeanface,with a estimateduncertainty
coveringtherangeof ID seenduringtraining.

6 Tracking Results

In order to test this approachwe took a shortsequenceof an individual reciting the
alphabetwhilst moving. We thensuccessively degradedthesequenceby addingGaus-
siannoiseat2.5,5,7.5,10,12.5and30%averagedisplacementperpixel.Figure7 shows
framesselectedfrom theuncorruptedsequence,togetherwith the resultof theActive
AppearanceModel searchoverlaid on the image.The subjecttalks andmoveswhile
varying expression.The amountof movementincreasestowardsthe end of the se-
quence.
After 40framestheadaptivecorrectionandKalman�ltering wasswitchedon.We�rst
show theresultsfor theuncorruptedsequence.Figure8 showsthevalueof theraw pro-
jectionontothe�rst andsecondID parameters.Considerablevariationis observedover
the sequence.Thecorrected,andthe �nal, �ltered estimatesof the ID parametersare
shown in �gures 9 and10 respectively. Figures9 shows that,oncetheID correctionis
switchedon ( at frame40 ), a morestableestimateof ID results.Figure10 shows that
thecombinationof ID correctionandtemporal�ltering resultsin an extremelystable
estimateof ID. Figure11 illustratesthestabilityof theID estimatewith imagedegra-
dation.Thevalueof the�rst ID parameteris shown on they-axis. This is normalised
over thetotal variationin ID-valueover thetrainingset.It is seenthattheestimatere-
mainsreasonablyconsistent(within +/- 0.03%of theoverall variation)at low levelsof
degradation,becomingunstableatahigherlevel.

7 EnhancedVisualisation

After trackingmany framesof a sequencetheestimateof thecorrectedidentity vector
stabilises.A correspondingreconstructionof the personcanbesynthesised.Thesyn-



Fig.7. Trackingandidentifyinga face.Original framesareshown on thetop row, reconstruction
on thebottom.
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Fig.8. Raw ID parameters
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Fig.9. CorrectedID parameters
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Fig.10.Filtered,corrected,ID

thesisedimageis basedon theevidenceintegratedover thesequence.This providesa
meansof generatinghigh resolutionreconstructionsfrom lower resolutionsequences.
Figure12 illustratesan example:The left handimageis a framefrom a sequenceof
95 images.In thecentreimageweshow anexamplefrom thesequenceafterdeliberate
Gaussiansubsamplingto synthesisa low-resolutionsourceimage.Thereconstruction
ontheright showsthe�nal estimateof thepersonbasedonevidenceintegratedoverthe
low-resolutionsequence.

8 Conclusions

We have describedthe useof an Active AppearanceModel in facerecognition.The
modelusesall the informationavailablefrom the training dataandfacilitatesthe de-
couplingof modelinto ID andnon-IDparts.

Whenusedfor staticfaceidenti�cation theAAM provedasreliableaslabellingthe
imagesby hand.A identi�cation rateof 88%wasachieved.Whenusedfor expression
recognitionthe systemsshows lessagreementthanhumanobserversbut nevertheless
encouragesfurtherwork in this area.A observationof thequality of model�t, andthe
excellentidentity recognitionperformancesuggeststhattheclassi�er itself ratherthan
theAAM searchlimits theexpressionrecognitionperformance.



0 10 20 30 40 50 60 70 80 90 100
-0.5

-0.4

-0.3

-0.2

-0.1

0

0.1

0.2

Frame Number

N
or

m
al

iz
ed

 ID
 V

al
ue

2.5% Noise 
5% Noise   
7.5% Noise 
10% Noise  
12.5% Noise
30% Noise  

Fig.11.TrackingNoisyData.ID estimateremainsconsistentatincreasingnoiselevels,becoming
unstableat30%noiselevel.

Fig.12.Synthesisingahigh-resfacefrom alow-ressequence.Left handimage:anoriginalframe
from sequence.Centreimage:framefrom deliberatelyblurredsequence.Righthandimage:�nal
reconstructionfrom low-ressequence

Wehaveoutlinedatechniquefor improving thestabilityof faceidenti�cation andtrack-
ing whensubjectto variationin pose,expressionandlighting conditions.Thetracking
techniquemakesuseof theobservedeffectof thesetypesof variationin orderto provide
a betterestimateof identity, andthusprovidesa methodof usingtheextra information
availablein a sequenceto improveclassi�cation.
By correctlydecouplingtheindividualsourcesof variation,it is possibleto developde-
coupleddynamicmodelsfor each.Thetechniquewe have describedallows the initial
approximatedecouplingto be updatedduring a sequence,thusavoiding the needfor
largenumbersof trainingexamplesfor eachindividual.
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