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Abstract

Recweringthe shapeof any 3D objectusingmultiple 2D views requires
establishingorrespondendeetweerfeaturepointsat differentviews. How-
everchangesn viewpointintroduceself-occlusionsiesultingnonlinearvari-
ationsin the shapeand inconsisten2D featuresbetweenviews. Herewe
introducea multi-view nonlinearshapemodelutilising 2D view-dependent
constraintwithout explicit referenceto 3D structures.For nonlinearmodel
transformationye adoptKernelPCA basedn SupportVectorMachines.

1 Introduction

Modellingthe 3D shapeof ary rigid or non-rigidobjectin principlerequiregherecovery
of its 3D structurefrom 2D images. However, accurate3D reconstructiorhasproved
notoriouslydifficult to achieze andhasneverbeenfully implementedn computewision.
It canbe shavn thatundercertainrestrictve assumptionst is possibleto faithfully rep-
resentthe 3D structureof objectssuchas humanfacesand bodieswithout resortingto
explicit 3D models. Sucha representatiomvould consistof multiple 2D views together
with densecorrespondencmapsbetweertheseviews, althoughpracticallyonly sparse
correspondenceanbeestablishedjuickly for a carefullychosersetof featurepoints[5].
It shouldalsobeableto copewith objectshapevariationsdueto changesn viewpointand
self-occlusionandin the caseof anarticulatedobject,changes$n configuration[10, 11].
Cootes] anitisandTayloretal. [2, 4, 8] have shovn thatthe 2D shapeappearancef
objectscanbe modelledusingActive ShapeModels(ASM). An ASM consistf a Point
Distribution Model (PDM) aiming to learnthe variationsof valid shapesand a set of
flexible modelscapturingthe grey-levelsarounda setof landmarkfeaturepoints. While
this approactcanbe usedto modelandrecorer somechangesn the shapeof anobject,
it canonly copewith largely linearvariations.For instancea singleASM is ableto cope
with shapevariationsfrom a narrov rangeof faceposeqturningandnoddingof +20°).
Nonlinearvariationscausedyy changesn viewpointsandself-occlusiongrom different
handgestureshadto be capturedthroughthe useof five differentmodels[8]. Active
shapemodelsarebasedn a numberof implicit but crucialassumptions(i) the shapeof
the objectof interestcanbe definedby arelatively smallsetof explicit view models (ii)
the grey levelsarounda particularlandmarkpoint are consistenfor all the views of the
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Figurel: Thetypical 2D shapeof afaceacrossviews from -90° to +90° canbe givenby a setof
faciallandmarkfeaturepointsandtheir correspondingdpcal grey-level structures.

objectandcanbe usedto find correspondencdsetweerntheseviews and,(iii) theshapes
atdifferentviews vary linearly. Theseassumptionarevalid whenthevariationsallowed
arewell constrained.

However, it is difficult for this approachto copewith largely nonlinearshapevaria-
tionsandtheinconsisteng introducedin thelandmarksasa result. This is illustratedin
Figurel. A setof typicallandmarksisedfor a2D shapemodelof afacearesuperimposed
onfaceimagesvaryingfromtheleft to theright profile view. Thelocalgrey-levelsaround
thelandmarkssarywidely. Thisis highlightedfor landmarkpoint.4 which clearlycannot
be establishedcrossviews solely basedon local grey-levels. Dueto self-occlusion2D
localimagestructuresorrespondo differentpartsof the 3D structureof anobject.

In this work, we describea multi-view nonlinearactive shapemodelthatutilises2D
view-dependentontextual constraintwithout explicit referenceo 3D structuresSucha
modelcapturesll possible2D shapevariationsin atrainingsetandperformsanonlinear
transformatiorof the modelduring matching. The modelthereforeis ableto copewith
bothnonlinearshapeandgrey-level variationsaroundthe landmarksIn particular using
a facedatabasecrossthe view sphere we explicitly represen2D view-basedcontet
spannedy the yaw variationsof a face,referredto asthe pose For nonlinearmodel
transformationwe adopta nonlinearPrincipal Component#nalysis (PCA), known as
theKernelPCA[13] basedn SupportvVectorMachineq14].

Therestof this paperis arrangedasfollows. We first outline KernelPCA in Section
2. In Section3, we describea new searchalgorithmthatis usedto simultaneouslynatch
nonlinearfaceshapevariationsandrecovertheir poses A setof experimentslemonstrat-
ing the effectivenesof the approachare presentedn Section4 beforeconclusionsare
dravnin Sectionb.

2 Kernd Principal Components Analysis

The Active ShapeModel (ASM) can only be usedto modelfaithfully objectswhose
shapevariationsarelinear[2, 8]. WhentheValid ShapeRegion (VSR)in theshapespace
is nonlinear asin the casewhenlarge posevariationsareallowed,the PDM of anASM
requiresnonlineartransformationslf alinearPDM is used the modelwould suffer from
poorspecificityandcompactnesgseeexperimentshavn in Sectiord). The problemcan
beaddressetb someextendby approximationsisingacombinatiorof linearcomponents
[3, 7]. However, theuseof linearcomponentincreaseshe dimensionalityof the model
and also allows for non valid shapeq1]. Although nonlinearshapevariation can be
capturedy asetof structuredinearmodelsusinghierarchicaprincipalcomponent§l0],
thisrequiresavery large databaséor learningthe distribution of thelinearsubspaces.
KernelPrincipalComponent#nalysis(KPCA) is a nonlinearPCA methodrecently
introducedby Sholkopf etal. [13], basedon SupportVectorMachines(SVM) [14]. The



essentiaideaof KPCA is both intuitive and generic. In general PCA canonly be ef-
fectively performedon a setof obsenationsthatvary linearly. Whenthe variationsare
nonlinearthey canalwaysbe mappednto a higherdimensionaspacewhichis againlin-
ear If this higherdimensionalinearspacds referredto asthefeatuie space(F), Kernel
PCA utilises SVM to find a computationallytractablesolutionthrougha simple kernel
function which intrinsically constructsa nonlinearmappingfrom the input spaceto F.
As aresult, KPCA performsanonlinearPCAin theinputspace.

Morepreciselyif aPCAis aimedatdecouplinghonlinearcorrelationsamongagiven
setof shapevectorsx; throughdiagonalisingheir covariancematrix, the covariancecan
beexpressedn alinearfeaturespaceF insteadof the nonlinearinput spacej.e.

1 M
C= H;mxn@(x,-f (1)

where ®(-) is a nonlinearmappingfunction which projectsthe input vectorsfrom the
input spaceto the F space. To diagonalisethe covariancematrix, the eigen-problem
Ap = Cp mustbe soledin the 7 space.As Cp = & 377, (®(x;) - p) ®(x;)", all

nonsingularsolutionsp with A # 0 mustlie in the spanof ®(x;),...,®(xar). This
eigen-problenis equivalentto
AM@(xx) - p) = (2(xx) - Cp) 2)
forallk =1,..., M andthereexistscoeficientsa; suchthat
M
P=) a;id(x). ®3)
i=1

Substitutingequation(2) with (1) and(3) gives

M LM M
Azai(‘I’(Xk) “@(xi) = 77 Z%(Z(‘I’(Xk) - 0(x;))(@(x5) - ®(x3))) (4

—1

It isimportantto notethatthis eigen-problenonly involvesdot productsof mappedshape
vectoran thefeaturespaceF. Thisistheraisond’ &étre of thismethod.Indeedthenature
of structuralrisk minimisationsuggestshatmapping®(-) may not alwaysbe computa-
tionally tractablealthoughexists. However, it needsnot be explicitly computedeither

Only dot productsof two vectorsin the featurespaceare needed. Even so, sincethe

featurespacehashigh dimensionalitycomputingsuchdot productscouldstill becompu-
tationally expensveif atall possible.A supportvectormachinecanbe usedto avoid the
needdfor eitherexplicitly performingmappings®(-) or dot productsin the high dimen-
sionalfeaturespaceF. Letusdefinean M x M matrix K wherek;; = ®(x;) - ®(x;),

Equation(4) canthenberewrittenas

Mo = Ka (5)
wherea = [aq,...,ay]". Now, performingPCA in the featurespaceF amountsto
resolvingthe eigen-problenof (5). Thisyieldseigervectorsa?, . .., o™ with eigerval-

uesA! > A2 > ... > AM. Dimensionalitycanbe reducedby retainingonly the first



L eigervectors. The principal componentd of a shapevectorx arethenextractedby

projecting®(x) ontoeigervectorsp® wherek = 1,..., L
M
e =p* - 2(x) =) af(B(x:) - 2(x)) (6)
i=1

To solwve the eigen-problenof Equation(5) andto projectfrom the input spaceto the
KPCA spaceusing Equation(6), one can avoid the needsfor computingboth the dot
productsin the featurespaceandperformingthe mappingghroughconstructinga SVM
(Figure?2). Thisis achievedby finding a kernelfunctionwhenappliedto a pair of shape
vectorsin theinputspacejt yieldsthe dot productof their mappingin thefeaturespace:

K(x,y) = ®(x) - 2(y) (7)

Thereexists a numberof kernelfunctionswhich satisfythe above criterion [14]. This
2
includesthe Gaussiarkernelwe have adoptedvherek (x,y) = exp (—%) .

Feature Space
o
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Figure2: ConceptuallyKPCA performsanonlineamapping®(x) to projectaninputvectorto a
higherdimensionafeaturespaceF (stepl). A linearPCAis thenperformedin this featurespace
giving alower dimensionaKPCA spacebasedepresentatiofstep2). To reconstrucaninputvec-
torfromtheKPCA spaceits KPCA representatiois projectednto thefeaturespacgstep3) before
aninverse®(x) mappingis performedstep4). Computationallyhowever, noneof thefour stepss
performed.The mappingis in factcarriedout directly by kernelfunctionszi ak(x, x;) between
theinput spaceandits KPCA spaceshavn asthe dashedine in the diagram.For reconstruction,
this kernel-basednappingis only approximated.Optimisationis requiredin the KPCA spacein
orderto find abestmatchbetweerthe modelandthe KPCA representatioof theinput vector

This SVM basedkernelfunctioneffectively providesalow dimensionaKernel-PCA
subspacavhich representshe distribution of the mappingof the training vectorsin the
high dimensionalfeaturespace. As a result, nonlinearshapetransformationin the
inputspacecanbeperformedoy reconstructionfrom the KPCA subspacetHowever, this
procescanbeproblematid9, 12]. Thevectorsin thefeaturespaceF which have a pre-
imagein theinputspaceretheonesvhichcanbeexpressedsalinearcombinatiorof the
vectors®(x,), ..., ®(xa). However, if thereconstructionn F is not perfectthereis no
guarantedo find a pre-imageof thereconstructiorin theinput spacgFigure?2). Indeed,
if dimensionalityreductionis used,thenthe reconstructiorfrom the KPCA spaceto F



canonly be anapproximation.Thereforethe reconstructior(x) of aninput obsenation
vector (x), whoseprincipal componentss truncatedo the first L componentsmustbe
approximatedby minimising

1®(%) — PL@(x)|” (8)

wherePy, is atruncationoperator To solve this minimisationproblem thereexists opti-
misationtechniquesailoredto particularkernels[9].

3 View-Context Based Nonlinear Active Shape M odel

The Active ShapeModel appliedto the modelling of facesexhibits only limited pose
variations.Oneimplicit but crucialassumptiorof the existing methodis that correspon-
dencedetweerandmarkpointsof differentviews canbeestablishedolelybasednthe
grey-level information. However, whenlarge nonlinearshapevariationsare introduced
dueto changesn objectpose,the grey-level valuesaroundthe landmarksare alsoview
dependentln general 2D imagestructuresio changeaccordingto 3D context. In order
to find correspondencdsetweenlandmarksacrosslarge variationsof shape we make
explicit useof this contectualinformationin themodel.

In the caseof facevarying from profile to profile, this contectual informationis in-
dexedby the poseangleitself. Consequentlythe shapevectorfor the PDM is augmented
by the poseangled: (z1,y1,.-.,zN,yn,0) where(z;,y;) arethe coordinateof theith
landmark. Similarly, a modelfor the Local Grey-Levels (LGLs) aroundeachlandmark
is a concatenatiomf the grey-levelsalongthe normalto the shapecontourandthe pose
of the face. Both the PDM andthe LGLs arebuilt usingKernelPCA. Giventhat view-
conttual basedconstraintsare built into the models,thesemodelsare usedto match
novelimagesof faces.t is assumedhataroughpositionof afacein theimageis known.
However the poseis unknovn andthe matchingof the modelswith thetargetimagere-
coversbhoththe shapeof thefaceandits pose.The computationis performedasfollows:

1. An iterative processtartsfrom thefrontal view of theshapdocatedneartheobject
ontheimage.Noticethatit is betterto startfrom a specificview ratherthanthe average
shapeaswasadoptedn [4]. Thisis becauseswe aredealingwith large shapevaria-
tions,theaverageshapes notavalid shapeanymore,asillustratedin Figure3.

2. To find plausiblecorrespondences landmarksetweenviews, augmentedocal
grey-levelmodelsareused.To thisend,the KPCA reconstructiorof thegrey-level vector
is minimisedalongthe normalto the shape.To computethe KPCA reconstructiorof a
vector, onefirst projectsthis vectorto the KPCA spaceusingEquation(6), obtainingthe
kernelprincipalcomponentg¢b). Thereconstructiots thenperformedby minimisingthe
normgivenin Equation(8). During thefirst iterationthe poseof the objectis unknaown.
Thereforethe reconstructiorerror mustalso be minimisedwith respectto poses. This
procesgields an estimationof both the landmarkpositionsandthe posefor eachland-
mark. The newly estimatedoseis thenthe averageposeof all thelandmarksThis pose
is to be usedto constrainthe shapewithin the Valid ShapeRegion (VSR) at step3.

3. Theestimatedshapsds alignedasexplainedin [4].

4. To constraintheestimatedgshapewithin the VSR, it is projectedo the shapespace
usingthe view-context basednonlinearPDM given by Equation(6), constrainedo lie



within the VSR by limiting the valuesof b [4] andprojectedbackto theinput spaceus-
ing Equation(8). Thisyieldsa new estimatedshape.lts posewill be usedto locatethe
correspondencef thelandmarkpointsat the next iteration(step3).

5. Repeastep3 until corvergence.
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Figure3: Examplesf trainingshapegtop) andthe averageshapeat the frontal view (bottom).

4 Experiments

To illustrateour approachwe usea facedatabaseomposef imagesof 6 individuals
takenat poseanglesrangingfrom —90° to +90° at10° incrementsThe poseof theface
is tracked by meansof a magneticsensorattachedo the subjects headanda camera
calibratedrelative to thetransmittef{6]. Thelandmarkpointson thetrainingfaceswere
manuallylocated.An exampleof sucha sequencevasshavn in Figurel.

On linear ASM coping with pose change: A linearPDM trainedto capturefaceshape
variationbetweena small rangeof poses(+20°) wascomparedo a PDM trainedfor a

full rangeof posedhetweent90°. Figure4 shavsthe2 mainmodesof variationfor each
of thesdinearPDMs. The Valid ShapeRange(VSR)for trainingthe £20° PDM wasset
to £3+/); andthe PDM for acrosst90° views waslimited to +0.2v/);.
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Figure4: Thefirst (top) andsecondbottom)modesof shapevariationfor alinear PDM covering
50° views (left) andacrossi80° views (right). Therangeof variationfor the50° views PDM was
setto +3 timesof standarddeviation whilst +0.2 timesof standarddeviation waslimited for the
modelcovering180° views.

of

The two PDMs in Figure 4 andtheir correspondind-GL modelswere usedto fit
ASMs to faceimages,asshown in Figure5. Using the modeltrainedfor the 50° pose
range,an ASM wasableto fit shapedo faceimagesquitewell (left). However, whenthe
PDM for thefull poserangewasused,an ASM wasonly ableto fit shapesatisactorily
nearthe frontal view. At mostof the otherposesthe ASM was unableto recover the
shapewithin the Valid ShapeRange.This is mainly becauséoth the shapeof the face
andthelocal grey-levelsatthelandmarkssary significantlyandnonlinearlyacrosssiews.
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Figure5: Fitting shapeso imagesusinglinearASMs trainedacrosst20° (left) and+90° (right).

On nonlinear ASM coping with pose change: KernelPCAwasusedto trainanonlinear
PDM andcaptureshapevariationsof afaceacrossziews (+90°). Figure6 shavsthethree
mainmodef variationandillustratesthatthenonlinea?DM succeed# capturingvalid

variationsof shapeandextendsthe VSR of linearPDMsshowvn in Figure4.
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Figure6: Firstthreemodewf shapevariationfor aKernelPCAbasedDM. Therangeof variation
is setto —1.5v/A; < b; < 1.5v/ ;.

The nonlinearPDM andits correspondind GL modelswereusedto fit a nonlinear
ASM on faceimagesasshovnin Figure7. ThenonlinearASM corvergesandrecovers
shapeswithin the VSR but not to the right shape.This is becausesometimeghe back-
groundgrey-levelsarevery similarto thegrey-levelsaroundcertainlandmarksat specific
posesascanbeseerfrom theexampledn Figurel. In suchcasesusinggrey-levelsalone
will fail to find correspondencdsetweernviews. To betterdiscriminateobjectforeground
andbackgroundye useposeto imposea view-context basecdconstraint.

ErEERE
Figure7: Examplesof fitting shapeso imagesat differentviews usinga nonlinearASM.
On view-context based nonlinear ASM: We usedthe view-contet basednonlinear

PDM to capturethe shapevariationacrossthe full rangeof poses. Figure8 shavs the
3 mainmodesof variationsimilar to thoseof a nonlinearPDM shavn in Figure6.
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Figure8: Firstthreemodesof shapevariationfor aview-contet basechonlinearPDM. Therange
of variationis setto —1.5v/\; < b; < 1.5/ ;.
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Figure9: Fitting shapeso imagesat differentviews usinga view-contet basechonlinearASM.



A view-contet basedhonlinearPDM andits correspondind.GL modelswereused
to fit a view-context basednonlinearASM to faceimages,asshavn in Figure9. The
ASM corvergesto the right shapeandis ableto recover the pose. We usedthe frontal
view shapeto startfitting. For the first iteration, the landmarkswere allowed to move
alongthenormalsto the shapecontourfor upto adistanceof 12 pixelson eachside. This
wasthenadjustedproportionallyto the fitting error after eachiteration. A LGL model
washuilt using3 pixelson bothsidesof alandmarkalongthe normalto the shape Both
thePDM andthe LGLs wererestrainedo tendimensionakigenspaces.

FigurelO0illustratesan exampleof fitting a shapeto afaceimage.Fromleft to right,
thetop row depictsthe shaperansformatiorin the process.The bottomrow shavs both
poserecovery (corvergencetowards—80°) andshapfitting errorsin pixels. Figure11
compareditting errorsof differentASMs. A linear ASM performsbetterat meanposes
thanat extremeposes.A nonlinearASM exhibits similar resultsexceptat meanposes.
For all posesa view-contet basechonlinearASM performssignificantlybetter
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Figure10: An exampleof fitting a shapeo afaceimageandrecoveringits poseat —80°. Thetop
row shaws estimatedshapeafteriterations0, 1, 4, 6, 12, 13,15, 16,20 and25. Thereco/eredpose
andthefitting errors(in pixels)areshavn atthebottomleft andright respectiely.

Generalisation to novel views and novel faces. Two moreexperimentsvereconducted
to evaluatehecapabilityof theview-context basedhonlinearASM for interpolatingshape
of novelfacesnotin thetrainingsetandrecoveringposesat novel views. A view-context
basednonlinearASM wasfirst trainedat 20° poseintervals betweent90°. The model
wasthenusedto recorerboththeshapeandposeof facesatnovel views. Herethenumber
of eigervectorswasincreasedo 20 andthe Valid ShapeRegion wasextendedo 10times
the standarddeviation. Examplesof shapéfitting at novel views betweerknown poses
areshavn in Figurel12.

A view-contet basedhonlineamodelwasalsotrainedto recover boththe shapeand
poseof novel facesnotin thetrainingset. A modelwastrainedon all but oneof thefaces
in a databasendwasthentestedon all posesof anunknown face. The experimentwas
performedor anumberof unknovn facesandanexampleis shovn in Figure13.

A comparisorof thefitting errorsof bothamodeltrainedonall theposesandamodel
trainedonly on half of the posesin a databasés shovn on the left in Figure14. Both
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Figure11: Comparingshapsfitting errorsacrossviews. Typicalfitting errorsof differentASMs
in pixels aredravn againstpose.Whilst the dashed-lineepresentsi linear ASM, the plain-lineis
for anonlinearASM andthebold-linefor aview-context basedchonlinearASM.
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Figure12: Examplesof fitting shapego imagesat novel views usinga view-contet basedhon-
linearASM.
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Figure13: An exampleof fitting shapeso imagesof anunknavn faceacrossviews usinga view-
context basechonlinearASM.

ASMs exhibit similar resultswhich shawvs the generalisatiorability of a view-contet
basednonlinearASM to novel poses.A similar error comparisorfor generalisationio
novel facescanbeseerontherightin Figurel4.

5 Conclusion

In this work, we presented novel approachto modellingnonlinear2D shapesf non-
rigid 3D objectsandsimultaneousecoveringof objectposeat multiple views andacross
theview sphere.Large posevariationin 3D objectssuchashumanfacesraisetwo diffi-
cult problems.First, shapevariationsacrossviews are highly nonlinear Secondgcorre-
spondencesf landmarkpointsacrossviews cannotbe reliably establishedasedsolely
on local grey-levels. The first problemwas addressedby performingnonlinearshape
transformatioracrossviews usingKernelPCA basedon the conceptof SupportVector
Machines.The secondproblemwastackledby augmentinga nonlinear2D active shape
modelwith poseconstraint.
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Figurel14: Left: Comparablditting errorshetweera view-contet basedhonlinearASM trained
on all poseqplain-line)anda modeltrainedonly on half of the poseqdashed-line) Right: Com-
parabléfitting errorsfor amodeltrainedon all faceg(plain-line)anda modeltrainedonly on some
of the facesandtestedon a novel face(dashed-line) The horizontalaxis shawvs the poseandthe
verticalaxisshavsfitting errorsin pixels.

References

(1]
(2]
(3]
(4]
(5]
(6]
(7]
(8]
9]
[10]
[11]
[12]
[13]

[14]

R.Bowden,T. A. Mitchell, andM. Sarhadi.Reconstructin@d poseandmotionfrom asingle
cameraview. In BMVC, pages904-913 SouthamptonUJK, 1998.

T. Cootes,A. Hill, C. Taylor, andJ. Haslam. The useof active shapemodelsfor locating
structuresn medicalimages.Image and Vision Computing 12:355-3661994.

T. CootesandC. Taylor. A mixture modelfor representinghapevariation. In BMVC, pages
110-119Ess&, UK, 1997.

T. Cootes,C. Taylor, D. Cooper andJ. Graham. Active shapemodels- their training and
application.Computension andImage Undestanding 61(1):38—-59,Januaryl 995.

F. dela Torre, S. Gong,and S. McKenna. View-basedadaptve affine tracking. In ECCV,
volumel, pages828-842 Freilurg, Germary, 1998.

S.Gong,E-J.0Ong,andS. McKenna.Learningto associatéacesacrossiews in vectorspace
of similaritiesto prototypes.In BMVC, pages4—-63,1998.

T. HeapandD. Hogg. Improving specificityin pdmsusinga hierarchicabpproachin BMVC,
pages30—89,Ess&, UK, 1997.

A. Lanitis, C. Taylor, T. CootesandT. Ahmed. Automaticinterpretatiorof humanfacesand
handgesturesisingflexible models.In FG, pages98—-103 Zurich, 1995.

S. Mika, B. Schollopf, A. Smola,G. Ratsch K. Muller, M. Scholz,andG. Ratsch. Kernel
pcaandde-noisingn featurespacesin NIPS$ 1998.

E-J.OngandS. Gong. A dynamichumanmodelusinghybrid 2d-3drepresentations hier-
archicalpcaspaceIn BMVC, Nottingham UK, Septembef999.

E-J.OngandS.Gong.Trackinghybrid 2d-3dhumanmodelsthroughmultiple views. In IEEE
InternationalWorkshopon Modelling People Corfu, Greece Septembei 999.

B. Schollopf, S.Mika, A. Smola,G. RatschandK. Muller. Kernelpcapatternreconstruction
via approximatepre-imagesin ICANN SpringeVerlag,1998.

B. Schollopf, A. Smola,andK. Muller. Nonlinearcomponenanalysisasakerneleigevalue
problem.Neural Computation10(5):1299-13191998.

V. Vapnik. Thenature of statisticallearningtheory SpringeiVerlag,1995.





