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Abstract

Wepresentacomprehensiveapproachto addressthreechallengingprob-
lemsin facerecognition:modellingfacesacrossmulti-views,extractingthe
non-lineardiscriminatingfeatures,and recognisingmoving facesdynami-
cally in imagesequences.A multi-view dynamicfacemodelis designedto
extract theshape-and-pose-freefacial texturepatterns.KernelDiscriminant
Analysis,which employs the kerneltechniqueto performLinear Discrimi-
nantAnalysisin ahigh-dimensionalfeaturespace,is developedto extractthe
significantnon-linearfeatureswhich maximisethe between-classvariance
andminimise the within-classvariance. Finally, an identity surfacebased
facerecognitionis performeddynamicallyfrom videoinputby matchingob-
jectandmodeltrajectories.

1 Introduction
Facerecognitionhasbeenof considerableinterestover the pastdecade. Variousap-
proachessuchasEigenfaces[16], ElasticGraphmodel[9], LinearObjectClasses[19],
ActiveShapeModels(ASMs) [3] andActiveAppearanceModels(AAMs) [2] havebeen
proposedto addressthis problem. It is importantto point out that mostof the previous
work in facerecognitionis mainlyconcernedwith frontalview or nearfrontalviews. Due
to the severenon-linearitycausedby rotation in depth,self-occlusion,self-shadingand
illuminationchange,recognisingfaceswith largeposevariationis morechallengingthan
thatat a fixedview, e.g.frontal view.

Extractingthe discriminatingfeatures,which maximisethe between-classvariance
andminimise the within-classvariance,is crucial to facerecognition,especiallywhen
facesareundergoing large posevariation. Principal ComponentAnalysis (PCA), also
known aseigenfacemethod,hasbeenwidely adoptedin thisarea[14, 16]. However, it is
worthnotingthatthefeaturesextractedby PCAareactually“global” featuresfor all face
classes,thusthey arenotnecessarilyrepresentativefor discriminatingonefaceclassfrom
others. Linear DiscriminantAnalysis (LDA), which seeksto find a linear transforma-
tion by maximisingthebetween-classvarianceandminimisingthewithin-classvariance,
provedto bea moresuitabletechniquefor classification[5, 15]. AlthoughLDA canpro-
vide a significantdiscriminatingimprovementto the taskof facerecognition,it is still a
lineartechniquein nature.Whenseverenon-linearityis involved,this methodis intrinsi-
cally poor. Anothershortcomingof LDA lies in thefactthat thenumberof basisvectors
is limited by thenumberof faceclasses,thereforeit would belessrepresentativewhena
smallsetof subjectsis concerned.To extractthenon-linearprincipalcomponents,Kernel
PCA(KPCA) wasdeveloped[13, 12]. However, aswith PCA,KPCA capturestheoverall
varianceof all patternswhich areinadequatefor discriminatingpurposes.



Anotherlimitationof thepreviousstudiesis thatthemethodologyadoptedfor recogni-
tion is largelybasedonmatchingstaticfaceimages.Psychologyandphysiologyresearch
depictsthat thehumanvision system’s ability to recogniseanimatedfacesis betterthan
thaton randomlyorderedstill faceimages(i.e. thesamesetof images,but displayedin
randomorderwithout thetemporalcontext of moving faces)[8, 1]. For computervision
systems,althoughsomework hasbeenreported[7, 4, 6], theproblemof recognisingthe
dynamicsof humanfacesin a spatio-temporalcontext remainslargelyunresolved.

In this work, we presenta comprehensive approachto addressthe threechallenging
problemsin facerecognitionstatedabove. A multi-view dynamicfacemodelis designed
to extract the shape-and-pose-free facial texture patternsfor accurateacross-view reg-
istration. KernelDiscriminantAnalysis(KDA), a kernelbasedtechnique,is developed
to computethe non-lineardiscriminatingbasisvectors. Finally facerecognitionis per-
formed dynamicallyby matchingan object trajectorytracked from a video input with
modeltrajectoriessynthesisedon identitysurfaces.

2 Kernel Discriminant Analysis
As statedin theprevioussection,bothPCA andLDA arelimited to linearproblems,and
KPCA is designedto dealwith theoverall ratherthanthediscriminatingvariance.In this
work, KernelDiscriminantAnalysis,a nonlineardiscriminatingapproachbasedon the
kerneltechnique[18] is developedfor extractingthenonlineardiscriminatingfeatures.

Theunderlyingprincipleof KDA is describedasfollows: For asetof trainingpatterns�����
which are categorisedinto � classes,� is definedas a non-linearmap from the

input spaceto a high-dimensionalfeaturespace.Thenby performingLDA in thefeature
space,onecanobtaina non-linearrepresentationin the original input space.However,
computing � explicitly maybeproblematicor even impossible.By employing a kernel
function 	�
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More detailsof theunderlyingalgorithmareavailablein [10].

For anew pattern
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, onecancalculateits projectionontoaKDA basisvector J in the
high-dimensionalfeaturespaceby 
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We usea “toy” problemto illustratethecharacteristicsof KDA asshown in Figure1.
Two classesof patterns,denotedby circlesandcrossesrespectively, have a significant
non-lineardistribution. Wetry to separatethemwith aonedimensionaldecisionboundary
of PCA,LDA, KPCA or KDA. Theupperrow shows thepatternsandthediscriminating
curvescomputedby the four differentmethods.The lower row illustratesthe intensity
valuesof the one-dimensionalfeaturescomputedfrom PCA, LDA, KPCA andKDA. It
canbe seenclearly that PCA andLDA areincapableof providing correctclassification
becauseof their linearnature.NeitherdoesKPCA dososinceit is designedto extractthe
overall ratherthanthediscriminatingvariancealthoughit is nonlinearin principle. KDA
givesthe correctclassificationboundary: the discriminatingcurve accuratelyseparates
the two classesof patterns,andthe featureintensitycorrectlyreflectsthe actualpattern
distribution.

Figure1: Solvinga nonlinearclassificationproblemwith, from left to right, PCA,LDA,
KPCA andKDA.

3 Multi-View Dynamic Face Model
Due to theseverenon-linearitycausedby rotationin depth,self-occlusion,self-shading
andilluminationchange,modellingtheappearanceof facesacrossmultipleviewsis much
morechallengingthanthat from a fixed,e.g. frontal, view. Anothersignificantdifficulty
for multi-view facerecognitioncomesfrom the fact that the appearancesof different
peoplefrom the sameview areoften moresimilar thanthoseof the samepersonfrom
differentviews.

A multi-view dynamicfacemodel,which consistsof a sparse3D PointDistribution
Model(PDM) [3], ashape-and-pose-freetexturemodel,andanaffinegeometricalmodel,
is developedin this work. This modelis extendedfrom AAMs [2], but is distinguished
from AAMs by: (1) a3D shapemodelis constructedfrom 2D images,and(2) thetexture
modelis built from shape-and-pose-freetexturepatterns.

The 3D shapevectorof a faceis estimatedfrom a setof 2D faceimagesin differ-
ent views, i.e. givena setof 2D faceimageswith known poseand2D positionsof the
landmarks,the3D shapevectorcanbeestimatedusinglinearregression.To decouplethe
covariancebetweenshapeandtexture,afaceimagefittedby theshapemodelis warpedto
themeanshapeatfrontalview (with _a` in bothtilt andyaw), obtainingashape-and-pose-
freetexturepattern.This is implementedby forming a triangulationfrom the landmarks
andemploying apiece-wiseaffinetransformationbetweeneachtrianglepair. By warping
to the meanshape,oneobtainsthe shape-freetextureof the given faceimage. Further-
more,by warpingto thefrontal view, a pose-freetexturerepresentationis achieved. We
appliedPCA to the 3D shapepatternsandshape-and-pose-freetexture patternsrespec-
tively to obtain a low dimensionalstatisticalmodel. Figure 2 shows the sampleface



imagesusedto constructthemodel,thelandmarkslabelledon eachimage,the3D shape
estimatedfrom theselabelledfaceimages,andtheextractedshape-and-pose-freetexture
patterns.

Figure2: Multi-view dynamicfacemodel. Fromtop to bottomaresampletraining face
images,thelandmarkslabelledontheimages,theestimated3D shaperotatingfrom bVc0_a`
to dec0_a` in yaw andwith tilt fixedon _a` , andtheextractedshape-and-pose-freetexture
patterns.

Basedon theanalysisabove,a facepatterncanberepresentedin thefollowing way.
First, the3D shapemodelis fitted to a given imageor videosequencecontainingfaces.
Thenthefacetextureis warpedontothemeanshapeof the3D PDMmodelin frontalview.
Finally, by addingparameterscontrolling pose,shift andscale,the completeparameter
setof the dynamicmodelfor a givenfacepatternis f � 
�g P�haPQi�P�j�P3k K PQkalmPQno� 1

where
g

is theshapeparameter,
h

is thetextureparameter,

 ipPQj,�

is posein tilt andyaw,

 k K P3kqlr�

is the translationof the centroidof the face,and
n

is its scale. More detailsof model
constructionandfitting aredescribedin [11].

Theshape-and-pose-freetexturepatternsobtainedfrom modelfitting areadoptedfor
facerecognition.In our experiments,we alsotried to usetheshapepatternsfor recogni-
tion, however, theperformancewasnot asgoodasthatof usingtextures.

4 Extracting the Non-linear Discriminating Features of
Multi-view Face Patterns

If we ignore the influenceof illumination and expression,thereare mainly two kinds
of varianceinvolved for multi-view facerecognition,variancefrom different subjects
(between-classvariance)andvariancefrom posechange(within-classvariance).Under
thesecircumstances,thetaskof facerecognitionis to emphasisetheformerandsuppress
the latter. Although the within-classvarianceof the shape-and-pose-freefacial texture
patternshasbeenreducedfrom their original form, the underlyingdiscriminatingfea-
turesfor different faceclasseshave not beenrepresentedexplicitly. Thereforesucha
representationin itself maynot beefficient for recognition.Thissituationis illustratedin
Figure3(a)wheretheshape-and-texture-freetexturepatternsof four faceclassesarerep-
resentedby PCA,thewidely usedmethodin facerecognition.It is notedthatthevariance
from differentfaceclassesis not efficiently separatedfrom thatfor posechange,or more
precisely, theformeris evenovershadowedby thelatter.

WeappliedKDA to thesamesetof facialtexturepatterns.Thedistributionof theKDA
patternsareshown in Figure3(b). Comparedto thatof thePCApatterns,theimprovement
on classseparabilityis significant. In this work, we adoptthe KDA vectorsof facial
texturepatternsto representfaces.
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Figure3: Distribution of PCA/KDA facialtexturepatterns.

5 Recognising Multi-view Faces Using Identity Surfaces
Thetraditionaltechniquesfor

Figure4: Identity surfacesfor dynamicfacerecogni-
tion.

facerecognitionincludecomput-
ing theEuclideanorMahalanobis
distanceto a facetemplateand
estimatingthedensityof patterns
usingmulti-modalmodels.How-
ever, the problemof multi-view
facerecognitioncanbesolvedmore
efficiently if theposeinformation
is available. Basedon this idea,
weproposeanapproachtomulti-
view facerecognitionbyconstruct-
ing identitysurfacesin adiscrim-
inatingfeaturespace.

As shown in Figure 4, each
subjectto berecognisedis representedby a uniquehypersurfacebasedonposeinforma-
tion. In otherwords,thetwo basiscoordinatesstandfor theheadpose:tilt andyaw, and
the othercoordinatesareusedto representthe discriminatingfeaturepatternsof faces.
For eachpairof tilt andyaw, thereis oneunique“point” for a faceclass.Thedistribution
of all these“points” of a samefaceclassformsa hypersurfacein this featurespace.We
call thissurfacean identitysurface.

5.1 Synthesising Identity Surfaces
We proposeto synthesisethe identity surfaceof a subjectfrom a small sampleof face
patternswhich sparselycover the view sphere. The basic idea is to approximatethe
identitysurfaceusinga setof �Gs planesseparatedby a numberof �ut predefinedviews.
Theproblemcanbeformally definedasfollows:

Suppose
K PQl

aretilt andyaw respectively, v is thediscriminatingfeaturevectorof a
facepattern,i.e. the KDA vector.


�Kxw + P�l w + �RP 
�Kyw 6 PQl w 6 �RP�SUSTSTP 
�Kxw :{z P�l w :{z � arepredefined
views which separatethe view planeinto � s pieces. On eachof these� s pieces,the
identitysurfaceis approximatedby a planev �}| K d�~ l d�f (6)



Supposethe ] < samplepatternscoveredby the � th planeare
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This is a quadraticoptimisationproblemwhich can be solved using the interior point
method[17].

5.2 Dynamic Face Recognition by Trajectory Matching
Foranunknownfacepattern


�K P�l�P va� � wherevq� is theKDA vectorand
K PQl

aretheposein
tilt andyaw, onecanclassifythispatterninto oneof theknown faceclassesby computing
the distanceto eachof the identitysurfacesasthe Euclideandistance1 betweenvq� and
thecorrespondingpointon the identitysurfacevk�� � vq�Ab�v � (9)

where v is givenby (6).
As shown in Figure4, whena faceis trackedcontinuouslyin a videosequenceusing

themulti-view dynamicfacemodeldescribedin Section3, anobjecttrajectoryis obtained
by projectingthefacepatternsinto theKDA featurespace.On theotherhand,according
to the poseinformationof the facepatterns,onecanbuild the model trajectoryon the
identity surfaceof eachsubjectusingthe sameposeinformationandtemporalorderof
theobjecttrajectory. Thosetwo kindsof trajectories,i.e. objectandmodeltrajectories,
encodethespatio-temporalinformationof thetrackedface.And finally, the recognition
problemcanbesolvedby matchingtheobjecttrajectoryto a setof modeltrajectories.A
preliminaryrealisationof trajectorymatchingis implementedby computingthetrajectory
distancesup to time slice � k � � �' < ),+B� < k � < (10)

where
k � <

, thepatterndistancebetweenthefacepatterncapturedin the � th frameandthe
identity surfaceof the � th subject,is computedfrom (9), and

� <
is the weight on this

distance.Finally, theoptimal � with minimum
k �

is chosenastherecognitionresult.

6 Experiments
Wedemonstratetheperformanceof thisapproachonasmallscalemulti-view facerecog-
nition problem.Twelvesequences,oneof eachsubject,wereusedastrainingsequences.
The sequencelengthvariesfrom 40 to 140 frames. We randomlyselected180 images
(15 imagesof eachsubject)to train KDA. Thenrecognitionwasperformedon new test
sequencesof thesesubjects.

1It is importantto notethatEuclideandistanceis moreappropriatefor KDA andLDA while Mahalanobis
distanceis moreefficient for PCA andKPCA sincethediscriminatingfeaturesareextractedin theformercase
andthegeneralvariationis concernedin thelatter.



Figure5 shows theresultson oneof thetestsequences.It is notedthata morerobust
performanceis achieved when recognitionis carriedout using the trajectorydistances
which includetheaccumulatedevidenceovertime,althoughthepatterndistancesin each
individual framealreadyprovidesgoodrecognitionaccuracy on a frameby framebasis.

(a)Sampleframes,fitted3D shapepatterns,andtheshape-and-pose-freetexturepatterns.
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(b) Posein tilt (dotted)andyaw (solid).
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(c) Objectandmodeltrajectories.
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(d) Patterndistances.
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(e)Trajectorydistances.

Figure5: Video-basedmulti-view facerecognition.(c) shows theobjecttrajectory(solid
line with dots)andmodeltrajectoriesin thefirst KDA dimensionwherethemodeltrajec-
tory from theground-truthsubjectis highlightedwith solid line. It is notedfrom (d) and
(e) that thepatterndistancescangive anaccuraterecognitionresult;however, thetrajec-
tory distancesprovidea morerobustperformance,especiallyits accumulatedeffects(i.e.
discriminatingability) over time.

Figure6 shows theresultson anothersequencewherethefaceis undergoingsignifi-
cantexpressionchange.Sinceall thetrainingfaceimagesaretakenin neutralexpression,
theresultsof modelfitting is not asgoodasthosein Figure5. Also, thepatterndistance
from an individual framegivesthe wrong recognitionresult in a few frames.However,



it is importantto point out thatthetrajectorydistancestill providesa robustandaccurate
recognition.

(a)Sampleframes,fitted3D shapepatterns,andwarpedtexturepatterns.
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(b) Posein tilt (dotted)andyaw (solid).
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(c) Objectandmodeltrajectories.
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(d) Patterndistances.
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(e)Trajectorydistances.

Figure6: Facerecognitionon a facesequencewith significantexpressionchange.The
patterndistanceis lessreliable for a few frames,however, the trajectorydistancestill
providesa robustandaccuraterecognition.

To comparewith KDA, we appliedthePCA, KPCA, andLDA techniquesusingthe
samesetof facepatterns.To maketheresultsof differentrepresentationscomparable,we
definethefollowing criterion k0�m� -�

:' < ),+ � �9k0< w� %> ),+ k0<I> (11)

where � is the numberof faceclasses,� is the total numberof test facepatterns,
k <I>



is the patterndistancebetweenthe � th testpatternandthe
�
th faceclass,and

k < w
is the

patterndistancebetweenthe � th testpatternandtheground-truthfaceclass.
Criterion

k �
canbeinterpretedasasummationof normalisedpatterndistancesto their

ground-truthfaceclass.Thesmallerthe
k �

, themorereliabletheclassification.Figure7
shows the valuesof

k �
for differentrepresentations,PCA, KPCA, LDA andKDA, with

respectto the dimensionof the featurespaces.The resultsindicatethat KDA givesthe
mostreliableclassificationperformance.

Therecognitionaccuracieswith respectto thedimensionof featurespacesareshown
in Figure8. It is interestingto notethat the KDA featuresarevery efficient. A 93.9%
recognitionaccuracy wasachievedwhenthe dimensionof the KDA vectorwasonly 2.
It is alsoobservedthat, for thesmall scaleproblem(12 subjects),all the methodexcept
for KPCA achieveda 100%recognitionaccuracy whenthedimensionof featuresis not
lessthan6. We will investigatehow thesetechniquesperformon largescaleproblemsin
futurework.
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Figure7: Recognitionreliability
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7 Conclusions
In this paper, we have presenteda comprehensive approachto multi-view dynamicface
recognition. This approachis designedto addressedthreechallengingproblems:mod-
elling facesacrossmulti-views,extractingnon-lineardiscriminatingfeatures,andrecog-
nisingmoving facesdynamicallyin imagesequences.

To modelfaceswith largeposevariation,wedevelopedadynamicfacemodel,which
includesa 3D PDM, a shape-and-pose-free texture model, and an affine geometrical
model.By representingfaceswith theshape-and-pose-freetexturepatterns,thevariance
from posechangeis suppressed.

PCA,LDA andKPCA havebeenwidely usedin facerecognition.But PCAandLDA
are limited to the linear applicationswhile KPCA intendsto capturethe overall rather
thanthe discriminatingvarianceof patternseven thoughit is non-linear. To efficiently
extractthediscriminatingfeaturesof multi-classpatternswith severenon-linearity, KDA,
which implicitly performsLDA in anon-linearfeaturespacethroughakernelfunction,is
developedin thiswork. WhenapplyingKDA to theshape-and-pose-freetexturepatterns,
thevariancefrom posechangeis furtherreducedandthevariancefrom differentidentities
is emphasised.

Insteadof matchingtemplatesor estimatingmulti-modaldensity, theidentitysurfaces
of faceclassesare constructedin a discriminatingfeaturespace. Recognitionis then
performeddynamicallyby matchinganobjecttrajectorytrackedfrom avideoinputwith a
setof modeltrajectoriessynthesisedon the identitysurfaces. Experimentalresultsdepict
thatthis approachprovidesrobustandaccuraterecognition.
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