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Abstract

We presenta comprehensie approacho addresshreechallengingprob-
lemsin facerecognition:modellingfacesacrossmulti-views, extractingthe
non-lineardiscriminatingfeatures,and recognisingmoving facesdynami-
cally in imagesequencesA multi-view dynamicfacemodelis designedo
extractthe shape-and-pose-defacial texture patterns.KernelDiscriminant
Analysis, which employs the kerneltechniqueto performLinear Discrimi-
nantAnalysisin ahigh-dimensionaleaturespaceijs developedto extractthe
significantnon-linearfeatureswhich maximisethe between-classariance
and minimise the within-classvariance. Finally, an identity surfacebased
facerecognitionis performeddynamicallyfrom videoinput by matchingob-
jectandmodeltrajectories.

1 Introduction

Facerecognitionhasbeenof considerablenterestover the pastdecade. Various ap-
proachessuchasEigenfaceg[16], ElasticGraphmodel[9], Linear ObjectClasseg19],
Active ShapeModels(ASMs) [3] andActive Appearancélodels(AAMSs) [2] havebeen
proposedo addresghis problem. It is importantto point out that mostof the previous
work in facerecognitionis mainly concerneavith frontal view or nearfrontal views. Due
to the severe non-linearitycausedoy rotationin depth,self-occlusion self-shadingand
illumination changerecognisingaceswith largeposevariationis morechallenginghan
thatatafixedview, e.g.frontal view.

Extractingthe discriminatingfeatures,which maximisethe between-classariance
and minimise the within-classvariance,is crucial to facerecognition,especiallywhen
facesare undegoing large posevariation. Principal ComponentAnalysis (PCA), also
known aseigenficemethod hasbeenwidely adoptedn thisarea[14, 16]. However, it is
worth notingthatthefeaturesxtractedby PCA areactually“global” featuredor all face
classesthusthey arenotnecessarilyepresentatie for discriminatingonefaceclassfrom
others. Linear DiscriminantAnalysis (LDA), which seeksto find a linear transforma-
tion by maximisingthe between-clasgarianceandminimising the within-classvariance,
provedto be a moresuitabletechniqueor classificatior{5, 15]. AlthoughLDA canpro-
vide a significantdiscriminatingimprovementto the taskof facerecognition,it is still a
lineartechniqudn nature.Whensererenon-linearityis involved, this methodis intrinsi-
cally poor. Anothershortcomingof LDA liesin the factthatthe numberof basisvectors
is limited by the numberof faceclassesthereforeit would be lessrepresentatie whena
smallsetof subjectds concernedTo extractthe non-lineamrincipalcomponentsKernel
PCA(KPCA)wasdeveloped13, 12]. However, aswith PCA,KPCA capturesheoverall
varianceof all patternswvhich areinadequatédor discriminatingpurposes.



Anotherlimitation of thepreviousstudieds thatthemethodologyadoptedor recogni-
tionis largely basedn matchingstaticfaceimages.Psychologyandphysiologyresearch
depictsthatthe humanvision systems ability to recogniseanimatedfacesis betterthan
thaton randomlyorderedstill faceimages(i.e. the samesetof images but displayedin
randomorderwithout thetemporalcontext of moving faces)[8, 1]. For computervision
systemsalthoughsomework hasbeenreported7, 4, 6], the problemof recognisinghe
dynamicsof humanfacesin a spatio-temporatontet remaindargely unresohed.

In this work, we presenta comprehensie approacho addresghe threechallenging
problemsn facerecognitionstatedabore. A multi-view dynamicfacemodelis designed
to extract the shape-and-pose€efacial texture patternsfor accurateacross-viev reg-
istration. Kernel DiscriminantAnalysis (KDA), a kernelbasedtechnique,s developed
to computethe non-lineardiscriminatingbasisvectors. Finally facerecognitionis per
formed dynamicallyby matchingan objecttrajectorytracked from a video input with
modeltrajectoriessynthesisedn identity surfaces

2 Kernd Discriminant Analysis

As statedn the previoussection,bothPCA andLDA arelimited to linear problemsand
KPCA is designedo dealwith theoverall ratherthanthediscriminatingvariance.ln this
work, Kernel DiscriminantAnalysis, a nonlineardiscriminatingapproachbasedon the
kerneltechniqug18] is developedfor extractingthe nonlineardiscriminatingfeatures.
Theunderlyingprincipleof KDA is describedasfollows: For asetof trainingpatterns
{z} which are catgyorisedinto C classesg is definedas a non-linearmap from the
input spaceo a high-dimensionafeaturespace. Thenby performingLDA in thefeature
spaceone canobtaina non-linearrepresentatioin the original input space.However,
computingg explicitly may be problematicor evenimpossible.By employing a kernel

function
k(z,y) = (¢(x) - &(¥)) 1)
theinnerproductof two vectorsx andy in thefeaturespacecanbe calculateddirectly in
theinput space.
Theproblemcanbefinally formulatedasaneigen-decompositioproblem

Aa =\ 2)
The N x N matrix A is definedas
A= (ZC: 1k KT) B ( 3 1 Kax KT> ©)
c=1NC e c=1N3 e

where N is the numberof all training patterns,V.. is the numberof patternsin classe,
(K.)ij := k(x;-z;) isanN x N, kernelmatrix,and(1y.);; := lisanN, x N, matrix.
More detailsof theunderlyingalgorithmareavailablein [10].

For anew patternz, onecancalculatets projectionontoa KDA basisvectorw in the
high-dimensionafeaturespaceby

(¢(z) -v) = 'k, (4)

wherek, = (k(z,x,), k(z, ), ..., k(z,zy))". Constructingthe eigenmatrix U =
[a1, s, ..., apr] from thefirst M significanteigervectorsof A, theprojectionof x in the
M-dimensionaKDA spacsds givenby

Y= UTkx (5)



We usea“toy” problemto illustratethe characteristicef KDA asshavn in Figurel.
Two classeof patterns,denotedby circles and crossesespectiely, have a significant
non-lineadistribution. Wetry to separat¢hemwith aonedimensionatiecisionboundary
of PCA,LDA, KPCA or KDA. Theupperrow shows the patternsandthe discriminating
curvescomputedby the four differentmethods. The lower row illustratesthe intensity
valuesof the one-dimensionafleaturescomputedirom PCA, LDA, KPCA andKDA. It
canbe seenclearly that PCA andLDA areincapableof providing correctclassification
becaus®f theirlinearnature.NeitherdoesKk PCA do sosinceit is designedo extractthe
overallratherthanthe discriminatingvariancealthoughit is nonlinearin principle. KDA
givesthe correctclassificationboundary: the discriminatingcurve accuratelyseparates
the two classeof patterns,andthe featureintensity correctlyreflectsthe actualpattern
distribution.
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Figurel: Solvinganonlinearclassificatiorproblemwith, from left to right, PCA, LDA,
KPCA andKDA.
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3 Multi-View Dynamic Face M odel

Dueto the severe non-linearitycausedoy rotationin depth,self-occlusion self-shading
andilluminationchangemodellingtheappearancef facesacrosamultiple viewsis much
morechallengingthanthatfrom afixed, e.g. frontal, view. Anothersignificantdifficulty

for multi-view face recognitioncomesfrom the fact that the appearancesf different
peoplefrom the sameview are often more similar thanthoseof the samepersonfrom

differentviews.

A multi-view dynamicfacemodel,which consistsof a sparse3D Point Distribution
Model (PDM) [3], ashape-and-pose-detexturemodel,andanaffine geometricamodel,
is developedin this work. This modelis extendedfrom AAMs [2], but is distinguished
from AAMs by: (1) a3D shapemodelis constructedrom 2D imagesand(2) thetexture
modelis built from shape-and-pose-detexture patterns.

The 3D shapevectorof a faceis estimatedrom a setof 2D faceimagesin differ-
entviews, i.e. givena setof 2D faceimageswith known poseand2D positionsof the
landmarksthe 3D shapevectorcanbeestimatedusinglinearregression.To decouplehe
covariancebetweershapeandtexture,afaceimagefitted by theshapenodelis warpedto
themeanshapeatfrontal view (with 0° in bothtilt andyaw), obtainingashape-and-pose-
freetexture pattern.This is implementecby forming a triangulationfrom the landmarks
andemploying a piece-wiseaffine transformatiorbetweereachtrianglepair. By warping
to the meanshape one obtainsthe shape-fredexture of the givenfaceimage. Further
more,by warpingto the frontal view, a pose-fregexture representatiois achiesed. We
appliedPCA to the 3D shapepatternsand shape-and-pose-detexture patternsrespec-
tively to obtaina low dimensionalstatisticalmodel. Figure 2 shavs the sampleface



imagesusedto constructhe model,the landmarkdabelledon eachimage,the 3D shape
estimatedrom theselabelledfaceimagesandthe extractedshape-and-pose-detexture
patterns.

Figure2: Multi-view dynamicfacemodel. Fromtop to bottomaresampletraining face
imagesthelandmarkdabelledontheimagestheestimate®D shapeotatingfrom —40°
to +40° in yaw andwith tilt fixedon 0° , andthe extractedshape-and-pose-detexture
patterns.

Basedon the analysisabove, a facepatterncanbe representeih the following way.
First, the 3D shapemodelis fitted to a givenimageor video sequenceontainingfaces.
Thenthefacetextureis warpedontothemeanshapeof the3D PDM modelin frontal view.
Finally, by addingparametergontrolling pose,shift and scale,the completeparameter
setof the dynamicmodelfor a givenfacepatternis ¢ = (s, t,a, 3, dx,dy,r)" wheres
is the shapeparametert is the texture parameter(a, 3) is posein tilt andyaw, (dz, dy)
is the translationof the centroidof the face,andr is its scale. More detailsof model
constructiorandfitting aredescribedn [11].

The shape-and-pose-detexture patternsobtainedfrom modelfitting areadoptedor
facerecognition.In our experimentswe alsotried to usethe shapepatternsor recogni-
tion, however, the performancevasnot asgoodasthatof usingtextures.

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

If we ignore the influenceof illumination and expression,there are mainly two kinds
of varianceinvolved for multi-view facerecognition,variancefrom different subjects
(between-clasgariance)andvariancefrom posechange(within-classvariance).Under
thesecircumstanceshetaskof facerecognitionis to emphasis¢heformerandsuppress
the latter. Although the within-classvarianceof the shape-and-pose-defacial texture
patternshasbeenreducedfrom their original form, the underlyingdiscriminatingfea-
turesfor differentface classeshave not beenrepresentedxplicitly. Thereforesucha
representatiom itself may not be efficient for recognition.This situationis illustratedin
Figure3(a)wherethe shape-and-teture-freetexture patternsof four faceclassesrerep-
resentedby PCA, thewidely usedmethodin facerecognition.It is notedthatthevariance
from differentfaceclassess not efficiently separatedrom thatfor posechangepr more
preciselytheformeris evenovershadwedby thelatter.

WeappliedKDA to thesamesetof facialtexturepatterns.Thedistributionof theKDA
patternsareshovnin Figure3(b). Comparedo thatof thePCA patternstheimprovement
on classseparabilityis significant. In this work, we adoptthe KDA vectorsof facial
texture patterngo represenfaces.
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Figure3: Distribution of PCA/KDA facialtexture patterns.

5 Recognising Multi-view Faces Using | dentity Surfaces

Thetraditionaltechniquegor

_ facerecognitionincludecomput-
D surface of Subject A ing theEuclidearor Mahalanobis
7z distanceto a facetemplateand
e es_timatinghedensityof patterns

model tiajectories 7 S5 “‘;‘“' usingmulti-modalmodels.How-
; = ever, the problemof multi-view
facerecognitioncanbesolvedmore
efficiently if theposeinformation

ID surface of Subject B

object trajectory

> is available. Basedon this idea,

tilt we proposenapproacho multi-
Figure4: Identity surfacesfor dynamicfacerecogni- View facerecognitiorby construct-
tion. ing identitysurfacesn adiscrim-

inatingfeaturespace.

As shawn in Figure 4, each
subjectto berecogniseds representetdy a uniquehypersurfacebasedn poseinforma-
tion. In otherwords,thetwo basiscoordinatestandfor the headpose:tilt andyaw, and
the other coordinatesare usedto representhe discriminatingfeaturepatternsof faces.
For eachpair of tilt andyaw, thereis oneunique“point” for afaceclass.Thedistribution
of all these"points” of a samefaceclassformsahypersurfacein this featurespace We
call this surfaceanidentity surface

5.1 Synthesising Identity Surfaces

We proposeto synthesisehe identity surfaceof a subjectfrom a small sampleof face
patternswhich sparselycover the view sphere. The basicideais to approximatethe
identity surfaceusinga setof NV, planesseparatedby a numberof N, predefinedriews.
Theproblemcanbeformally definedasfollows:

Supposer, y aretilt andyaw respectiely, z is the discriminatingfeaturevectorof a
facepattern,i.e. the KDA vector (zo1,¥o1), (Zo2, Yo2), ---, (Zon, , yon, ) arepredefined
views which separatehe view planeinto IV, pieces. On eachof theseN, pieces,the
identity surfaceis approximatedy a plane

z=ar+by+c (6)



Supposeéhe M; samplepatternscoveredby theith planeare
(a:ﬂ ,Yit, Zz'l), (Z’iQ, Yi2, Zig), vy (:L'ZM, y YiM; Z,’Mi.), thenoneminimises

Np M;
Q0 = 3 llaiwim +biyim + € — zim||? (7)
i m
subjectto :  a;zoxr + biyor + ¢;i = a;Tor + bjyor + ¢;
k=0,1,...,N,,
planesi, j intersectat (zo, Yok )- (8)

This is a quadraticoptimisationproblemwhich can be solved using the interior point
method[17].

5.2 Dynamic Face Recognition by Trajectory Matching

Foranunknavnfacepattern(z, y, zo) Wherezg istheKDA vectorandz, y aretheposen

tilt andyaw, onecanclassifythis patterninto oneof theknown faceclassedy computing
the distanceto eachof the identity surfacesasthe Euclideandistance' betweenzy and
the correspondingpoint on theidentity surfacez

d= ||Z0—Z|| (9)

wherez is givenby (6).

As shavn in Figure4, whena faceis tracked continuouslyin a video sequenceising
themulti-view dynamicfacemodeldescribedn Section3, anobjecttrajectoryis obtained
by projectingthe facepatterndnto the KDA featurespace On the otherhand,according
to the poseinformation of the facepatterns,one canbuild the modeltrajectoryon the
identity surfaceof eachsubjectusingthe sameposeinformationandtemporalorder of
the objecttrajectory Thosetwo kinds of trajectoriesj.e. objectandmodeltrajectories,
encodethe spatio-temporainformationof the tracked face. And finally, the recognition
problemcanbe solved by matchingthe objecttrajectoryto a setof modeltrajectories A
preliminaryrealisationof trajectorymatchingis implementedy computingthetrajectory
distancesipto time slicet

t
dm = Zwidmi (10)
=1

whered,,,;, the patterndistancebetweerthefacepatterncapturedn theith frameandthe
identity surfaceof the mth subject,is computedfrom (9), andw; is the weighton this
distance Finally, the optimalm with minimumd,,, is choserastherecognitionresult.

6 Experiments

We demonstrat¢he performancef this approacton a smallscalemulti-view facerecog-
nition problem. Twelve sequencesyneof eachsubjectwereusedastraining sequences.
The sequencédengthvariesfrom 40 to 140 frames. We randomlyselectedl80 images
(15 imagesof eachsubject)to train KDA. Thenrecognitionwas performedon new test
sequencesf thesesubjects.

11t is importantto notethat Euclideandistanceis more appropriatefor KDA andLDA while Mahalanobis
distanceis moreefficient for PCA andKPCA sincethe discriminatingfeaturesareextractedin theformercase
andthegeneralariationis concernedn thelatter



Figure5 shavs theresultson oneof thetestsequencesdt is notedthata morerobust
performancds achieved whenrecognitionis carriedout using the trajectorydistances
whichincludetheaccumulatedvidenceovertime, althoughthe patterndistancesn each
individual framealreadyprovidesgoodrecognitionaccurag on aframeby framebasis.
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Figure5: Video-basednulti-view facerecognition.(c) shavs the objecttrajectory(solid
line with dots)andmodeltrajectoriedn thefirst KDA dimensiorwherethemodeltrajec-
tory from the ground-truthsubjectis highlightedwith solid line. It is notedfrom (d) and
(e) thatthe patterndistancesangive an accurataecognitionresult; however, the trajec-
tory distanceprovide a morerobustperformancegspeciallyits accumulateceffects(i.e.
discriminatingability) overtime.

Figure6 shows theresultson anothersequencevherethe faceis undegoingsignifi-
cantexpressiorchange Sinceall thetrainingfaceimagesaretakenin neutralexpression,
theresultsof modelfitting is notasgoodasthosein Figure5. Also, the patterndistance
from anindividual frame givesthe wrong recognitionresultin a few frames. However,



it is importantto point out thatthetrajectorydistancestill providesarobustandaccurate
recognition.
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Figure6: Facerecognitionon a facesequencevith significantexpressionchange.The

patterndistanceis lessreliable for a few frames,however, the trajectorydistancestill
providesarobustandaccurateaecognition.

To comparewith KDA, we appliedthe PCA, KPCA, andLDA techniguesisingthe
samesetof facepatterns.To make theresultsof differentrepresentationsomparablewe
definethefollowing criterion

N
1 C-dio
d==Y —— (11)
N i=1 22321 dij

where(' is the numberof faceclasses )V is the total numberof testfacepatternsd;;



is the patterndistancebetweenthe ith test patternandthe jth faceclass,andd,g is the
patterndistancebetweertheith testpatternandthe ground-truthfaceclass.

Criteriond' canbeinterpretechsasummatiorof normalisedpatterndistanceso their
ground-truthfaceclass.The smallerthe d’, the morereliablethe classification.Figure7
shaws the valuesof d' for differentrepresentation®2CA, KPCA, LDA andKDA, with
respecto the dimensionof the featurespaces.The resultsindicatethat KDA givesthe
mostreliableclassificatiorperformance.

Therecognitionaccuraciesvith respecto thedimensionof featurespacesareshavn
in Figure8. It is interestingto notethatthe KDA featuresarevery efficient. A 93.9%
recognitionaccuray wasachieved whenthe dimensionof the KDA vectorwasonly 2.
It is alsoobsenedthat, for the small scaleproblem(12 subjects)all the methodexcept
for KPCA achieved a 100%recognitionaccuray whenthe dimensionof featuress not
lessthan6. We will investigatenow thesetechniquegperformon large scaleproblemsin
futurework.
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7 Conclusions

In this paper we have presentec comprehensie approachto multi-view dynamicface
recognition. This approachis designedo addressedhreechallengingproblems: mod-
elling facesacrosamulti-views, extractingnon-lineardiscriminatingfeaturesandrecog-
nisingmoving facesdynamicallyin imagesequences.

To modelfaceswith large posevariation,we developeda dynamicfacemodel,which
includesa 3D PDM, a shape-and-pose-€e texture model, and an affine geometrical
model. By representindaceswith the shape-and-pose-detexture patternsthe variance
from posechangds suppressed.

PCA,LDA andKPCA have beenwidely usedin facerecognition.But PCAandLDA
arelimited to the linear applicationswhile KPCA intendsto capturethe overall rather
thanthe discriminatingvarianceof patternsaventhoughit is non-linear To efficiently
extractthediscriminatingfeaturesof multi-classpatternswith severenon-linearity KDA,
whichimplicitly performsLDA in anon-linearfeaturespacethroughakernelfunction,is
developedin thiswork. WhenapplyingKDA to theshape-and-pose-detexture patterns,
thevariancerom posechanges furtherreducedandthevariancerom differentidentities
is emphasised.

Insteadof matchingtemplatesr estimatingmulti-modaldensity theidentitysurfaces
of faceclassesare constructedn a discriminatingfeaturespace. Recognitionis then
performeddynamicallyby matchinganobjecttrajectorytrackedfrom avideoinputwith a
setof modeltrajectoriessynthesisedn theidentity surfaces Experimentalesultsdepict
thatthis approactprovidesrobustandaccurateecognition.
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