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Abstract

Recagnising facesacross multiple views is more chal-
lenging than that from a fixed view becauseof the severe
non-linearity causedby rotation in depth, self-occlusion,
self-shading and change of illumination. The problem
can be related to the problem of modelling the spatio-
tempoal dynamicsof moving facesfrom video input for
unconstainedlive facerecanition. Both problemsremain
largely underdeveloped.To addressthe problems,a novel
appmad is presentedn this paper A multi-view dynamic
face modelis designedo extract the shape-and-pose-free
texture patternsof faces.Themodelprovidesa precisecor-
respondencéo the taskof recaynition sincethe 3D shape
informationis usedto warp the multi-view facesonto the
modelmeanshapein frontal-vien. Theidentity surfaceof
ead subjectis constructedn a discriminantfeature space
from a spaise set of face texture patterns,or more prac-
tically, from one or more learning sequencegontaining
the face of the subject. Insteadof matding templatesor
estimatingmulti-modaldensityfunctions,face recanition
canbe performedby computinghe patterndistancego the
identity surfacesor trajectorydistancesetweerthe object
andmodeltrajectories.Experimentatesultsdepictthatthis
appmac providesanaccuraterecgnition ratewhile using
trajectory distancesachievesa mote robust performance
sincethe trajectoriesencodethe spatio-tempaal informa-
tion and contain accumulatedevidenceabout the moving
facesin a videoinput.

1 Intr oduction

The issueof facerecognitionhasbeenextensvely ad-
dressedover the past decade. Various modelsand ap-
proacheshave beenproposedaiming to solve the problem
underdifferentassumptiongindconstraints Among them,
the eigenficeapproactproposedn [16, 17] usesPrincipal
ComponentAnalysis (PCA) to codefaceimagesand cap-

ture facefeatures. In [19], facerecognitionis performed
by ElasticGraphmatchingbasedn a Gaborwavelettrans-
form. The Active Shapevlodel (ASM) andActive Appear
anceModel (AAM) capturingboth shapeand shape-free
grey-level appearancef faceimageshave beenappliedto
facemodellingandrecognition[4, 3]. Thesemethodshave
beenmostly appliedin frontal-view or near frontal-view
facerecognition.

However, recognisingfaceswith large posevariationis
morechallengingbecausef theseverenon-linearitycaused
by rotationin depth self-occlusionself-shadingandillumi-
nationchange The eigenficemethodhasbeenextendedo
view-basedandmodulareigenspaceisitendedor recognis-
ing facesundervaryingviews[13. Li etal. [10] presented
a view-basedpiece-wiseSVM (SupportVector Machine)
model of the facespace. Cooteset al. [5] proposedthe
view-basedActive Appearancéodelswhich employ three
modelsfor profile, half-profileandfrontal views. But thedi-
vision of thefacespacean thesemethodss ratherarbitrary
ad hoc and often coarse.Both ASM andAAM have been
extendedto nonlinearcasesacrossviews basedon Kernel
PrincipalComponen®nalysis(KPCA)[14]. Thesenonlin-
earmodelsaimedat correspondinglynamicappearancesf
both shapeand texture acrossviews, but the computation
involvedis ratherintensve.

Also, in mostof the previous work, the basicmethod-
ology adoptedfor recognitionis largely basedon match-
ing staticfaceimagepatternsin a featurespace.Psychol-
ogy andphysiologyresearchlepictsthatthe humanvision
systems ability to recogniseanimatedfacesis betterthan
that on randomlyorderedstill faceimages(i.e. the same
setof images,but displayedin randomorderwithout the
temporalcontext of moving faces). Knight and Johnston
[9] arguedthat recognitionof famousfacesshowvn in pho-
tographicnegatives could be significantly enhancedvhen
the faceswere shovn moving ratherthan static. Bruce et
al. [1, 2] extendedthis resultto other conditionswhere
recognitionis madedifficult, e.g. by thresholdingthe im-
agesor shaving themin blurredor pixellatedformats. In



a computervision systemwhenfacesaretracked consecu-
tively, notonly moreinformationof thosefacedrom differ-
entviews but alsothe spatio-temporatonnectiorbetween
thosefacescan be obtained[7]. Yamaguchiet al. [20]
presentec methodfor facerecognitionfrom sequenceby
building a subspacéor the detectedaceson the given se-
guenceandthenmatchingthe subspacevith prototypesub-
spaces.Gongetal. [8] introducedan approachthat uses
Partially RecurrenfNeuralNetworks (PRNNSs)to recognise
temporalsignaturesof faces. Other work of recognising
facesfrom video sequencemclude[6, 15]. Nevertheless,
theissueof recognisinghedynamicsof humanfacesunder
aspatio-temporatontect remaindargely unresohed.

In this paperwe presentinovel approacho video-based
facerecognition. In the registrationstage,an identity sur-
face for eachsubjectto be recogniseds constructedn a
discriminantfeaturespacefrom one or more learning se-
guences while in run-time, recognitionis performedby
computingthe patterndistancego the identity surfacesor
thetrajectorydistancedetweenhe objecttrajectoryanda
setof modeltrajectorieswhich encodethe spatio-temporal
informationof a moving faceovertime. A multi-view dy-

namicfacemodelis designedo extracttheshape-and-pose-

free texture patternsfrom sequencedor accurateacross-
view registrationin bothtrainingandrun-time.

The remainingpartof this paperis arrangedasfollows:
Themulti-view dynamicfacemodelis describedn Section
2. ldentity surfacesynthesisobjectand modeltrajectory
constructionanddynamicfacerecognitionarepresentedn
Section3. Conclusionsaredravn in Section4.

2 Multi-V iew Dynamic FaceModel

Our multi-view dynamicfacemodel[12] consistsof a
sparse3D PointDistribution Model (PDM) [4] learntfrom
2D imagesn differentviews, ashape-and-pose€etexture
model,andanaffine geometricamodelwhich controlsthe
rotation,scaleandtranslationof faces.

The 3D shapevectorof afaceis estimatedrom a setof
2D faceimagesin differentviews, i.e. givena setof 2D
faceimageswith known poseand2D positionsof theland-
marks,the 3D shapevector can be estimatedusing linear
regression.To decouplethe covariancebetweernshapeand
texture, a faceimagefitted by the shapemodelis warped
to the meanshapeat frontal view (with 0° in bothtilt and
yaw), obtaininga shape-and-pose-detexture pattern.This
is implementedby forming a triangulationfrom the land-
marksandemploying a piece-wiseaffine transformatiorbe-
tweeneachtriangle pair. By warpingto the meanshape,
oneobtainsthe shape-freaexture of the givenfaceimage.
Furthermore by warping to the frontal view, a pose-free
texture representatioiis achieved. We appliedPCA on the
3D shapepatternsandshape-and-pose-detexture patterns

respectiely to obtaina low dimensionaktatisticalmodel.

Figurel shavsthesamplefaceimagesusedto construct
the model, the landmarkslabelledon eachimage,the 3D
shapeestimatedfrom theselabelledfaceimages,andthe
extractedshape-and-pose-detexture patterns.
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Figure 1. Multi-vie w dynamic face model.
From top to bottom are sample training face
images (first row), the landmarks labelled on
the images (second row), the estimated 3D
shape rotating from —40° to +40° in yaw and
with tilt fixed on 0°, and the extracted shape-
and-pose-free texture patterns.

Basedon the analysisabove, a facepatterncanbe rep-
resentedn thefollowing way. First,the 3D shapemodelis
fitted to a givenimageor video sequenceontainingfaces.
A SupportVector Machine basedposeestimationmethod
[10] is employed to obtainthe tilt and yaw anglesof the
facein theimage. Thenthefacetextureis warpedontothe
meanshapeof the 3D PDM modelin frontal view. Finally,
by addingparametergontrolling pose,shift andscale,the
completeparameteiset of the dynamicmodelfor a given
facepatternis ¢ = (s, t,a,8,dz,dy,r)T wheres is the
shapeparametert is the texture parameter(a, 8) is pose
in tilt andyaw, (dz, dy) is thetranslationof the centroidof
theface,andr is its scale.More detailsof modelconstruc-
tion andfitting aredescribedn [12].

The shape-and-posedetexture patternsobtainedfrom
modelfitting areadoptedor facerecognition.In our exper
iments,we alsotried to usethe shapepatternsfor recogni-
tion, however, the performancavas not asgoodasthat of
usingtextures.



3 RecognisingFacesUsing Identity Surfaces

For appearanceasedmodels,it is more challengingto
recogniseacesacrossmultiple views since(1) theappear
anceof differentpeoplefrom a sameview is more similar
thanthatof onepersonfrom differentviews, and(2) thero-
tationin depth,self-occlusiomandself-shadindring severe
non-linearityto the task. Thereforeemphasisinghe vari-
ation betweendifferent subjectsand suppressinghe vari-
ation within eachsubjectat the sametime, arethe key is-
suesof multi-view facerecognition.The mostwidely used
techniquedor facerecognitioninclude computingthe Eu-
clideanor Mahalanobislistanceto a meanvectoror atem-
plate of a face class, and estimatingthe density of pat-
ternsusingmulti-modalmodels.However, thesetechniques
cannotprovide straightforward solutionsto the problemof
multi-view facerecognition. This situationis illustratedin
Figure2 wherethe PCA patternsof multi-view faceimages
from four subjectsaaremingledtogether More preciselythe
variationbetweerdifferentsubjectss overwhelmedy that
from posechange.
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Figure 2. Distrib ution of multi-vie w face pat-
terns from four subjects represented in two
PCA dimensions. There are mainly two kinds
of variation among these patterns: variation
from diff erent subjects and variation from
pose change. Unfortunately the former is
overwhelmed by the latter.

To addresshis problem we proposeanapproacho con-
structidentity surfacesin a discriminantfeaturespacefor
multi-view facerecognitionwherethe poseinformation of
facesis explicitly used. Eachsubjectto be recogniseds
representetdy a uniquehypersurfacebasedon poseinfor-
mation. In otherwords,thetwo basiscoordinatestandfor
the headpose:tilt andyaw, andthe othercoordinatesare

usedto representhediscriminantfeaturepatternsof faces.
For eachpair of tilt andyaw, thereis oneunique“point” for
afaceclass.Thedistribution of all thesé'points” of asame
faceforms a hyper surfacein this featurespace. We call
this surfacean identity surface Facerecognitioncanthen
be performedby computingand comparingthe distances
betweera givenpatternanda setof identity surfaces

3.1 Synthesisingldentity Surfacesof Faces

If sufficientpatternof afacein differentviewsareavail-
able,theidentitysurfaceof thisfacecanbeconstructegbre-
cisely However, we do not presumesucha strict condition.
In thiswork, we developamethodto synthesis¢heidentity
surfaceof a subjectfrom a small sampleof face patterns
which sparselycover the view sphere.The basicideais to
approximatethe identity surfaceusing a setof IV, planes
separatedby a numberof N, predefinedviews. The prob-
lem canbeformally definedasfollows:

Supposer, y aretilt andyaw respectiely, z is the dis-
criminant featurevector of a face pattern,e.g. the KDA
Lvector (wo1,yo01), (To2,Y02), ---, (Ton, ,Yon,) areprede-
fined views which separatéhe view planeinto N, pieces.
Oneachof theselV, piecestheidentity surfaceis approxi-
matedby aplane

z=az+by+c 1)
Supposehe M; samplepatternscoveredby the ith plane

are (i, Yi1,2i), (Ti2, Yiz, Zi2),s o (TiMi, YiMs , BiM; ),
thenoneminimises

Ny M;
0 = Y N lawim + bigim + i — ziml* (2)
i m
subjectto a;zor + biyor + ¢i = a;zor + bjyor + ¢
k=0,1,...,N,,
planes;, j intersecat (zo, Yok )- 3)

This is a quadratic optimisation problem which can be
solvedusingtheinterior point method[18].

For an unknown facepattern(z, y, zo) wherez, is the
KDA vectorandz,y arethe posein tilt andyaw, onecan
computethe distanceto one of the identity surfacesasthe
Euclideandistancebetweenzq andthecorrespondingoint
ontheidentity surfacez

d = ||zo — 2| (4)

wherez is givenby (1).

1K ernel DiscriminantAnalysis, a nonlinearapproacho maximisethe
inter-classvariationandminimisethewithin-classvariation[11].



3.2 Video-BasedOnline FaceRecognition

Whenafaceis trackedcontinuouslyin avideosequence,
notonly additionalinformationin differentviews andfrom
multiple framesis obtained,but also the underlying dy-
namic characteristicof the face can be capturedby the
spatio-temporalontinuity, variation, and distribution of
facepatterns.

For computerbasedvision systems,formulating and
modelling the psychologicaland physiologicaldynamics
describedn Sectionl is still an unsohed problem. How-
ever, significantimprovementin termsof recognitionaccu-
ragy androbustnessnay still be achievedwhenthe spatio-
temporalinformation is modelledin a rather straightfor
wardway, e.g. simply accumulatinghe discriminantevi-
dencewith the spatio-temporabrderencodedn an input
sequenceBasedon this idea, we formulatethe following
approacho video-basedacerecognition.

ID surface of Subject A
ID surface of Subject B o

model trajectories

object trajectory

Figure 3. Identity surfaces for face recogni-
tion. When a face is tracked contin uously
from a video input, a robust recognition can
be performed by matching the object trajec-
tory to a set of model trajectories.

As showvn in Figure 3, when a faceis detectedand
trackedin aninput video sequencepne obtainsthe object
trajectoryof thefacein thefeaturespace.Also, its projec-
tion on eachof theidentity surfacewith the sameposesand
temporalorderformsamodeltrajectoryof the specificsub-
ject. It canberegardedastheidealtrajectoryof this subject
encodedy the samespatio-temporainformation(posein-
formationandtemporalorderfrom the video sequenceas
thetracked face. Thenfacerecognitioncanbe carriedout
by matchingthe objecttrajectorywith a setof modeltrajec-
tories. Comparedo facerecognitionon staticimages this
approachcan be more robust and accurate. For example,

it is difficult to decidewhetherthe patternX in Figure 3
belongsto subjectA or B for a single pattern,however, if
we know that X is tracked alongthe objecttrajectory it is
muchclearthatit is morelikely to be subjectA thanB.

3.3 Constructing Identity SurfacesfromLearning
Sequences

Beforerecognitionis carriedout, a faceclassshouldbe
registeredto the systemby oneor morelearningsequences
containingthe face of the subject. For example,we can
recordasmallvideoclip of this subjectwhile he/sheotates
theheadin front of acameraAfter applyingthemulti-view
dynamicfacemodeldescribedn Section2 onthevideose-
guencewe obtainasetof facepatternof thissubject.Then
thesepatternsarestoredto constructtheidentity surfaceof
this subjectand,if necessaryo train (or re-train)the KDA.

To simplify computationpormallywe do notuseall the
patternsof eachsubjectto train the KDA sincethe size of
the kernelmatrix is directly relatedto the numberof train-
ing examples.A pragmatiowvay to selectthe KDA training
patternssto factorsamplehepatterndrom thetrainingse-
guencesothattheresultpatternauniformly covertheview
sphere.

After theKDA training,all facepatternsanbeprojected
ontothefeaturespacespannedy thesignificantK DA base
vectors. Thenthe methoddescribedn Section3.1 canbe
employedto constructheidentity surfaces

3.4 Object Trajectory and Model Trajectories

In the recognitionstage we apply the samemulti-view
dynamicfacemodelon a novel sequenceontainingfaces
to berecognisedthenan objecttrajectorycanbe obtained
by projectingthe facepatternsnto the KDA featurespace.
Ontheotherhand,accordingto the poseinformationof the
facepatternsijt is easyto build the modeltrajectoryon the
identity surfaceof eachsubjectusingthe sameposeinfor-
mationandtemporalorder of the objecttrajectory Those
two kinds of trajectories,i.e. objectand model trajecto-
ries, encodethe spatio-temporainformationof the tracked
face. And finally, the recognitionproblemcan be solved
by matchingthe objecttrajectoryto a setof identity model
trajectories.

A preliminary realisation of this approachis imple-
mentedby computing the trajectory distances,i.e. the
weightedsumof the distancesetweerpatternson the ob-
jecttrajectoryandtheircorrespondingatternonthemodel
trajectories. At framet of a sequencewe definethe dis-
tancebetweenthe objecttrajectoryand an identity model
trajectorym as:

¢
dpy = Z Widm; (5)
=1



Figure 4. Video-base multi-vie w face recognition.

From top to bottom, sample images from a test

sequence with an inter val of 10 frames, images fitted by the multi-vie w dynamic face model, and the

shape-and-pose-free texture patterns.

whered,,;, the patterndistancebetweenthe face pattern
capturedn theith frameandtheidentity surfaceof themth
subject,is computedrom (4), andw; is theweighton this
distance.Consideration®n determiningw; include: con-
fidenceof modelfitting, variationfrom the previousframe,
andview of the facepattern(e.g. profile facepatternsare
weightedlower sincethey carrylessdiscriminantinforma-
tion). Finally, recognitioncanbe performedby:

id = argminfnlzldm (6)

3.5 Experiments

We demonstratehe performanceof this approachon a
small scalemulti-view facerecognitionproblem. Twelve
sequenceseachfrom a setof 12 subjects,were usedas
training sequenceso constructthe identity surfaces The
numberof framescontainedin eachsequenceariesfrom
40t0 140.0nly 10 KDA dimensionsvereusedto construct
the identity surfaces Thenrecognitionwas performedon
new testsequencesf thesesubjects. Figure 4 shaws the
sampleimageditted by our multi-view dynamicmodeland
thewarpedshape-and-pose-detexture patterndrom atest
sequenceTheobjectandmodeltrajectorieqin thefirst two
KDA dimensionsyareshowvn in Figure5. The patterndis-
tancesfrom the identity surfacesin eachindividual frame
areshawn in the left sideof Figure6, while the trajectory
distanceshawn in theright side. Theseresultsdepictthat
a more robust performanceis achiezed when recognition
is carriedout using the trajectorydistanceswhich include
theaccumulatedvidenceovertime thoughthe patterndis-
tancesto the identity surfacesin eachindividual frameal-
readyprovidesa sufficient recognitionaccurag.

4 Conclusions

Most of the previous researchin face recognitionis
mainly on frontal-view (or near frontal-view) and from
staticimages.In thiswork, anapproacto video-base@n-
line facerecognitionis presentedThe contributionsof this
work include:

1. A multi-view dynamicalfacemodelis adoptedto ex-
tractthe shape-and-posedetexture patternsof faces
from avideoinput. The modelprovidesa precisecor-
respondencéor recognitionsince3D shapeinforma-
tion is usedto warp the texture patternsto the model
meanshapdn frontal view.

2. Insteadof matchingtemplatesor estimating multi-
modal density the identity surfacesof face classes
areconstructedn a discriminantfeaturespace.Then
recognitionis performecdby computingthe patterndis-
tancego theidentitysurfaces

3. A morerohust performancecan be achieved by per
forming recognitiondynamicallyon video sequences.
The identity surfacescan be constructedrom learn-
ing sequencesTrajectorydistancesdbetweenthe ob-
ject and modeltrajectories which encodethe spatio-
temporalinformation of a moving face,is computed
for recognition.

For visual interactionand human-computeinteraction,
the problemof facerecognitioninvolvesmorethanmatch-
ing staticimages.At alow-level, thefacedynamicsshould
be accommodatedh a consistentspatio-temporatontext
wherethe underlyingvariationswith respecto changesn
identity, view, scale,position, illumination, and occlusion
are integratedtogether At a higher level, more sophis-
ticated behasiour models,including individual-dependent
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Figure 5. The object and model trajectories in the first two KDA dimensions. The object trajecto-
ries are the solid lines with dots denoting the face patterns in each frame. The others are model
trajectories where the ones from the ground-truth subject highlighted with solid lines.

0.2 18
0.18 16
0.16F 14

Pattern Distance
o
[
T
Trajectory Distance

0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Frame Frame

Figure 6. Pattern distances and trajector y distances. The ground-truth subject is highlighted with
solid lines. By using KDA and identity surfaces, the pattern distances can already give an accu-
rate result. However, the trajector y distances provide a more robust performance , especiall y its
accum ulated effects (i.e. discriminative ability) over time.

andindividual-independeninodels,may superviseandco- simplisticin its presenform andratheradhoc. Futurework
operatewith all thelow level modules. using more sophisticatedemporalmodelsto captureface
dynamicswith respectto subject, expression,movement
In this paper we highlightedthe natureof the problem andillumination changess to be extensvely conducted.
andshavedthe potentialof modellingfacedynamicsasan
effective meango facerecognition.Neverthelesssomeof
the implementationsuch as the trajectory distanceis still
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