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Abstract

Recoveringtheshapeof any 3D objectusingmultiple2D views requires
establishingcorrespondencebetweenfeaturepointsatdifferentviews. How-
everchangesin viewpointintroduceself-occlusions,resultingnonlinearvari-
ationsin the shapeand inconsistent2D featuresbetweenviews. Herewe
introducea multi-view nonlinearshapemodelutilising 2D view-dependent
constraintwithout explicit referenceto 3D structures.For nonlinearmodel
transformation,weadoptKernelPCAbasedonSupportVectorMachines.

1 Introduction

Modellingthe3D shapeof any rigid or non-rigidobjectin principlerequirestherecovery
of its 3D structurefrom 2D images. However, accurate3D reconstructionhasproved
notoriouslydifficult to achieveandhasneverbeenfully implementedin computervision.
It canbeshown thatundercertainrestrictive assumptions,it is possibleto faithfully rep-
resentthe 3D structureof objectssuchashumanfacesandbodieswithout resortingto
explicit 3D models.Sucha representationwould consistof multiple 2D views together
with densecorrespondencemapsbetweentheseviews, althoughpracticallyonly sparse
correspondencecanbeestablishedquickly for acarefullychosensetof featurepoints[5].
It shouldalsobeableto copewith objectshapevariationsdueto changesin viewpointand
self-occlusion,andin thecaseof anarticulatedobject,changesin configuration[10, 11].

Cootes,LanitisandTayloretal. [2, 4, 8] haveshown thatthe2D shapeappearanceof
objectscanbemodelledusingActiveShapeModels(ASM). An ASM consistsof aPoint
Distribution Model (PDM) aiming to learn the variationsof valid shapes,anda setof
flexible modelscapturingthegrey-levelsarounda setof landmarkfeaturepoints.While
this approachcanbeusedto modelandrecover somechangesin theshapeof anobject,
it canonly copewith largely linearvariations.For instance,asingleASM is ableto cope
with shapevariationsfrom a narrow rangeof faceposes(turningandnoddingof ������� ).
Nonlinearvariationscausedby changesin viewpointsandself-occlusionsfrom different
handgestureshad to be capturedthroughthe useof five differentmodels[8]. Active
shapemodelsarebasedon a numberof implicit but crucialassumptions:(i) theshapeof
theobjectof interestcanbedefinedby a relatively smallsetof explicit view models,(ii)
thegrey levelsarounda particularlandmarkpoint areconsistentfor all theviews of the



Figure1: Thetypical 2D shapeof a faceacrossviews from -90	 to +90	 canbegivenby a setof
faciallandmarkfeaturepointsandtheircorrespondinglocalgrey-level structures.

objectandcanbeusedto find correspondencesbetweentheseviews and,(iii) theshapes
atdifferentviewsvary linearly. Theseassumptionsarevalid whenthevariationsallowed
arewell constrained.

However, it is difficult for this approachto copewith largely nonlinearshapevaria-
tionsandtheinconsistency introducedin thelandmarksasa result. This is illustratedin
Figure1. A setof typicallandmarksusedfor a2Dshapemodelof afacearesuperimposed
onfaceimagesvaryingfrom theleft to theright profileview. Thelocalgrey-levelsaround
thelandmarksvarywidely. Thisis highlightedfor landmarkpoint 
 whichclearlycannot
beestablishedacrossviews solelybasedon local grey-levels. Dueto self-occlusion,2D
local imagestructurescorrespondto differentpartsof the3D structureof anobject.

In this work, we describea multi-view nonlinearactive shapemodelthatutilises2D
view-dependentcontextual constraintwithout explicit referenceto 3D structures.Sucha
modelcapturesall possible2D shapevariationsin a trainingsetandperformsanonlinear
transformationof themodelduringmatching.Themodelthereforeis ableto copewith
bothnonlinearshapeandgrey-level variationsaroundthelandmarks.In particular, using
a facedatabaseacrossthe view sphere,we explicitly represent2D view-basedcontext
spannedby the yaw variationsof a face,referredto as the pose. For nonlinearmodel
transformation,we adopta nonlinearPrincipalComponentsAnalysis(PCA), known as
theKernelPCA[13] basedonSupportVectorMachines[14].

Therestof this paperis arrangedasfollows. We first outlineKernelPCA in Section
2. In Section3, wedescribea new searchalgorithmthatis usedto simultaneouslymatch
nonlinearfaceshapevariationsandrecovertheirposes.A setof experimentsdemonstrat-
ing the effectivenessof the approacharepresentedin Section4 beforeconclusionsare
drawn in Section5.

2 Kernel Principal Components Analysis

The Active ShapeModel (ASM) can only be usedto model faithfully objectswhose
shapevariationsarelinear[2, 8]. WhentheValid ShapeRegion(VSR) in theshapespace
is nonlinear, asin thecasewhenlargeposevariationsareallowed,thePDM of anASM
requiresnonlineartransformations.If a linearPDM is used,themodelwouldsuffer from
poorspecificityandcompactness(seeexperimentsshown in Section4). Theproblemcan
beaddressedtosomeextendby approximationsusingacombinationof linearcomponents
[3, 7]. However, theuseof linearcomponentsincreasesthedimensionalityof themodel
and also allows for non valid shapes[1]. Although nonlinearshapevariation can be
capturedby asetof structuredlinearmodelsusinghierarchicalprincipalcomponents[10],
this requiresa very largedatabasefor learningthedistributionof thelinearsubspaces.

KernelPrincipalComponentsAnalysis(KPCA) is a nonlinearPCA methodrecently
introducedby Sholkopf et al. [13], basedon SupportVectorMachines(SVM) [14]. The



essentialideaof KPCA is both intuitive andgeneric. In general,PCA canonly be ef-
fectively performedon a setof observationsthatvary linearly. Whenthe variationsare
nonlinear, they canalwaysbemappedinto ahigherdimensionalspacewhich is againlin-
ear. If thishigherdimensionallinearspaceis referredto asthe featurespace( � ), Kernel
PCA utilisesSVM to find a computationallytractablesolutionthrougha simplekernel
function which intrinsically constructsa nonlinearmappingfrom the input spaceto � .
As a result,KPCA performsa nonlinearPCAin theinputspace.

Moreprecisely, if aPCAis aimedatdecouplingnonlinearcorrelationsamongagiven
setof shapevectors��
 throughdiagonalisingtheir covariancematrix, thecovariancecan
beexpressedin a linearfeaturespace� insteadof thenonlinearinput space,i.e.
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������ � ��
�� � � ��
��! (1)

where � �#" � is a nonlinearmappingfunction which projectsthe input vectorsfrom the
input spaceto the � space. To diagonalisethe covariancematrix, the eigen-problem$&%'�(�)%
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SubstitutingEquation(2) with (1) and(3) gives
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It is importantto notethatthiseigen-problemonly involvesdotproductsof mappedshape
vectorsin thefeaturespace� . Thisis theraisond’ êtreof thismethod.Indeed,thenature
of structuralrisk minimisationsuggeststhatmapping� �#" � maynot alwaysbecomputa-
tionally tractablealthoughexists. However, it needsnot be explicitly computedeither.
Only dot productsof two vectorsin the featurespaceareneeded.Even so, sincethe
featurespacehashighdimensionality, computingsuchdotproductscouldstill becompu-
tationallyexpensive if at all possible.A supportvectormachinecanbeusedto avoid the
needsfor eitherexplicitly performingmappings� �A" � or dot productsin thehigh dimen-
sionalfeaturespace� . Let usdefinean

�CB��
matrix K where 9 ; 
 � � � � ; � " � � ��
�� ,Equation(4) canthenberewrittenas � $EDF�HGID

(5)

where
DJ�CK :L�M214145412N: �PO  . Now, performingPCA in the featurespace� amountsto

resolvingtheeigen-problemof (5). This yieldseigenvectors
D � 214541432 D � with eigenval-

ues
$ �RQ $ES Q 41414 Q $ �

. Dimensionalitycanbe reducedby retainingonly the first



T
eigenvectors. The principal componentsU of a shapevector � arethenextractedby

projecting� � �7� ontoeigenvectors
% 6 where9 � � 214541432 T

V 6XW % 6 " � � �7� �
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To solve the eigen-problemof Equation(5) andto project from the input spaceto the
KPCA spaceusing Equation(6), one can avoid the needsfor computingboth the dot
productsin thefeaturespaceandperformingthemappingsthroughconstructinga SVM
(Figure2). This is achievedby finding a kernel functionwhenappliedto a pair of shape
vectorsin theinputspace,it yieldsthedotproductof theirmappingin thefeaturespace:Y � �Z2�[�� � � � �7� " � � [.� (7)

Thereexists a numberof kernel functionswhich satisfy the above criterion [14]. This

includestheGaussiankernelwehaveadoptedwhere
Y � �Z2A[�� �]\3^`_badcfe?gih&jEe!kS�l knm .
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Figure2: Conceptually, KPCA performsanonlinearmappingoqpsr�t to projectaninputvectorto a
higherdimensionalfeaturespaceu (step1). A linearPCA is thenperformedin this featurespace
giving alowerdimensionalKPCA spacebasedrepresentation(step2). To reconstructaninputvec-
tor fromtheKPCA space,its KPCA representationis projectedinto thefeaturespace(step3) before
aninverseoqpsr�t mappingis performed(step4). Computationally, however, noneof thefour stepsis
performed.Themappingis in factcarriedout directly by kernelfunctions ,wvyx{z psr=|}r v t between
the input spaceandits KPCA space,shown asthedashedline in thediagram.For reconstruction,
this kernel-basedmappingis only approximated.Optimisationis requiredin the KPCA spacein
orderto find abestmatchbetweenthemodelandtheKPCA representationof theinputvector.

ThisSVM basedkernelfunctioneffectively providesa low dimensionalKernel-PCA
subspacewhich representsthedistribution of the mappingof the trainingvectorsin the
high dimensionalfeaturespace� . As a result, nonlinearshapetransformationin the
inputspacecanbeperformedby reconstructionsfrom theKPCA subspace.However, this
processcanbeproblematic[9, 12]. Thevectorsin thefeaturespace� which havea pre-
imagein theinputspacearetheoneswhichcanbeexpressedasalinearcombinationof the
vectors� � � � �>214541432 � � � � � . However, if thereconstructionin � is notperfect,thereis no
guaranteeto find a pre-imageof thereconstructionin theinput space(Figure2). Indeed,
if dimensionalityreductionis used,thenthe reconstructionfrom the KPCA spaceto �



canonly beanapproximation.Thereforethe reconstruction( ~� ) of an input observation
vector( � ), whoseprincipalcomponentsis truncatedto thefirst

T
components,mustbe

approximatedby minimising �
� � ~�7� c��.� � � �7�

� S
(8)

where
� �

is a truncationoperator. To solve this minimisationproblem,thereexistsopti-
misationtechniquestailoredto particularkernels[9].

3 View-Context Based Nonlinear Active Shape Model

The Active ShapeModel appliedto the modellingof facesexhibits only limited pose
variations.Oneimplicit but crucialassumptionof theexisting methodis thatcorrespon-
dencesbetweenlandmarkpointsof differentviewscanbeestablishedsolelybasedonthe
grey-level information. However, whenlarge nonlinearshapevariationsareintroduced
dueto changesin objectpose,thegrey-level valuesaroundthe landmarksarealsoview
dependent.In general,2D imagestructuresdo changeaccordingto 3D context. In order
to find correspondencesbetweenlandmarksacrosslarge variationsof shape,we make
explicit useof thiscontextual informationin themodel.

In the caseof facevarying from profile to profile, this contextual informationis in-
dexedby theposeangleitself. Consequently, theshapevectorfor thePDM is augmented
by theposeangle� : ��� �M2�����254145432 ��� 2�� � 2��8� where

��� ; 2A� ; � arethecoordinatesof theith

landmark.Similarly, a modelfor the Local Grey-Levels(LGLs) aroundeachlandmark
is a concatenationof thegrey-levelsalongthenormalto theshapecontourandthepose
of the face. Both thePDM andtheLGLs arebuilt usingKernelPCA. Given thatview-
contextual basedconstraintsarebuilt into the models,thesemodelsareusedto match
novel imagesof faces.It is assumedthataroughpositionof a facein theimageis known.
However theposeis unknown andthematchingof themodelswith thetarget imagere-
coversboththeshapeof thefaceandits pose.Thecomputationis performedasfollows:

1. An iterativeprocessstartsfrom thefrontalview of theshapelocatedneartheobject
on theimage.Noticethat it is betterto startfrom a specificview ratherthantheaverage
shape,aswasadoptedin [4]. This is becauseaswe aredealingwith largeshapevaria-
tions,theaverageshapeis nota valid shapeanymore,asillustratedin Figure3.

2. To find plausiblecorrespondencesof landmarksbetweenviews, augmentedlocal
grey-levelmodelsareused.To thisend,theKPCA reconstructionof thegrey-level vector
is minimisedalongthenormalto theshape.To computetheKPCA reconstructionof a
vector, onefirst projectsthis vectorto theKPCA spaceusingEquation(6), obtainingthe
kernelprincipalcomponents( U ). Thereconstructionis thenperformedby minimisingthe
normgivenin Equation(8). During thefirst iterationtheposeof theobjectis unknown.
Thereforethe reconstructionerror mustalsobe minimisedwith respectto poses.This
processyieldsanestimationof both the landmarkpositionsandtheposefor eachland-
mark.Thenewly estimatedposeis thentheaverageposeof all thelandmarks.Thispose
is to beusedto constraintheshapewithin theValid ShapeRegion(VSR)atstep3.

3. Theestimatedshapeis alignedasexplainedin [4].

4. To constrainttheestimatedshapewithin theVSR,it is projectedto theshapespace
usingthe view-context basednonlinearPDM given by Equation(6), constrainedto lie



within theVSR by limiting thevaluesof b [4] andprojectedbackto theinput spaceus-
ing Equation(8). This yieldsa new estimatedshape.Its posewill beusedto locatethe
correspondenceof thelandmarkpointsat thenext iteration(step3).

5. Repeatstep3 until convergence.

Figure3: Examplesof trainingshapes(top)andtheaverageshapeat thefrontal view (bottom).

4 Experiments

To illustrateour approach,we usea facedatabasecomposedof imagesof 6 individuals
takenatposeanglesrangingfrom

c�� ��� to � � �8� at � ��� increments.Theposeof theface
is tracked by meansof a magneticsensorattachedto the subject’s headanda camera
calibratedrelative to thetransmitter[6]. Thelandmarkpointson thetrainingfaceswere
manuallylocated.An exampleof suchasequencewasshown in Figure1.

On linear ASM coping with pose change: A linearPDM trainedto capturefaceshape
variationbetweena small rangeof poses( �����8� ) wascomparedto a PDM trainedfor a
full rangeof posesbetween� � � � . Figure4 showsthe2 mainmodesof variationfor each
of theselinearPDMs.TheValid ShapeRange(VSR) for trainingthe ������� PDM wasset
to ����� $ ; andthePDM for across� � �8� viewswaslimited to ���&4 ��� $ ; .

Figure4: Thefirst (top)andsecond(bottom)modesof shapevariationfor a linearPDM covering�5� 	 views (left) andacross��� � 	 views (right). Therangeof variationfor the
�5� 	 views PDM was

setto ��� timesof standarddeviation whilst � �d� � timesof standarddeviation waslimited for the
modelcovering ��� � 	 views.

The two PDMs in Figure 4 and their correspondingLGL modelswere usedto fit
ASMs to faceimages,asshown in Figure5. Using the modeltrainedfor the ���8� pose
range,anASM wasableto fit shapesto faceimagesquitewell (left). However, whenthe
PDM for the full poserangewasused,anASM wasonly ableto fit shapesatisfactorily
nearthe frontal view. At mostof the otherposes,the ASM wasunableto recover the
shapewithin theValid ShapeRange.This is mainly becauseboth theshapeof the face
andthelocalgrey-levelsat thelandmarksvarysignificantlyandnonlinearlyacrossviews.



Figure5: Fitting shapesto imagesusinglinearASMstrainedacross� �5� 	 (left) and ��� � 	 (right).

On nonlinear ASM coping with pose change: KernelPCAwasusedto trainanonlinear
PDM andcaptureshapevariationsof afaceacrossviews( � � �8� ). Figure6 showsthethree
mainmodesof variationandillustratesthatthenonlinearPDMsucceedsin capturingvalid
variationsof shapeandextendstheVSRof linearPDMsshown in Figure4.

Figure6: Firstthreemodesof shapevariationfor aKernelPCAbasedPDM.Therangeof variation
is setto ��� � ��� � v��R��v7� � � �y� � v .

ThenonlinearPDM andits correspondingLGL modelswereusedto fit a nonlinear
ASM on faceimages,asshown in Figure7. ThenonlinearASM convergesandrecovers
shapeswithin theVSR but not to the right shape.This is becausesometimestheback-
groundgrey-levelsareverysimilar to thegrey-levelsaroundcertainlandmarksatspecific
poses,ascanbeseenfromtheexamplesin Figure1. In suchcases,usinggrey-levelsalone
will fail to find correspondencesbetweenviews. To betterdiscriminateobjectforeground
andbackground,weuseposeto imposea view-context basedconstraint.

Figure7: Examplesof fitting shapesto imagesatdifferentviews usinganonlinearASM.

On view-context based nonlinear ASM: We usedthe view-context basednonlinear
PDM to capturethe shapevariationacrossthe full rangeof poses.Figure8 shows the
3 mainmodesof variationsimilar to thoseof a nonlinearPDM shown in Figure6.

Figure8: First threemodesof shapevariationfor aview-context basednonlinearPDM. Therange
of variationis setto ��� � � � � v �R� v � � � � � � v .

Figure9: Fitting shapesto imagesatdifferentviewsusingaview-context basednonlinearASM.



A view-context basednonlinearPDM andits correspondingLGL modelswereused
to fit a view-context basednonlinearASM to faceimages,asshown in Figure9. The
ASM convergesto the right shapeandis ableto recover the pose. We usedthe frontal
view shapeto startfitting. For the first iteration, the landmarkswereallowed to move
alongthenormalsto theshapecontourfor upto adistanceof 12pixelsoneachside.This
wasthenadjustedproportionallyto the fitting error after eachiteration. A LGL model
wasbuilt using3 pixelson bothsidesof a landmarkalongthenormalto theshape.Both
thePDM andtheLGLs wererestrainedto tendimensionaleigenspaces.

Figure10 illustratesanexampleof fitting a shapeto a faceimage.Fromleft to right,
thetop row depictstheshapetransformationin theprocess.Thebottomrow shows both
poserecovery (convergencetowards

c�  �8� ) andshapefitting errorsin pixels. Figure11
comparesfitting errorsof differentASMs. A linearASM performsbetterat meanposes
thanat extremeposes.A nonlinearASM exhibits similar resultsexceptat meanposes.
For all poses,aview-context basednonlinearASM performssignificantlybetter.

Figure10: An exampleof fitting ashapeto a faceimageandrecoveringits poseat �¡� � 	 . Thetop
row shows estimatedshapeafteriterations0, 1, 4, 6, 12,13,15,16,20 and25. Therecoveredpose
andthefitting errors(in pixels)areshown at thebottomleft andright respectively.

Generalisation to novel views and novel faces: Two moreexperimentswereconducted
toevaluatethecapabilityof theview-context basednonlinearASM for interpolatingshape
of novel facesnot in thetrainingsetandrecoveringposesatnovel views. A view-context
basednonlinearASM wasfirst trainedat ����� poseintervalsbetween� � ��� . Themodel
wasthenusedto recoverboththeshapeandposeof facesatnovelviews. Herethenumber
of eigenvectorswasincreasedto 20andtheValid ShapeRegionwasextendedto 10times
the standarddeviation. Examplesof shapefitting at novel views betweenknown poses
areshown in Figure12.

A view-context basednonlinearmodelwasalsotrainedto recoverboththeshapeand
poseof novel facesnot in thetrainingset.A modelwastrainedonall but oneof thefaces
in a databaseandwasthentestedon all posesof anunknown face.Theexperimentwas
performedfor a numberof unknown facesandanexampleis shown in Figure13.

A comparisonof thefitting errorsof bothamodeltrainedonall theposesandamodel
trainedonly on half of the posesin a databaseis shown on the left in Figure14. Both



Figure11: Comparingshapefitting errorsacrossviews. Typical fitting errorsof differentASMs
in pixelsaredrawn againstpose.Whilst thedashed-linerepresentsa linearASM, theplain-lineis
for anonlinearASM andthebold-linefor aview-context basednonlinearASM.

Figure12: Examplesof fitting shapesto imagesat novel views usinga view-context basednon-
linearASM.

Figure13: An exampleof fitting shapesto imagesof anunknown faceacrossviewsusingaview-
context basednonlinearASM.

ASMs exhibit similar resultswhich shows the generalisationability of a view-context
basednonlinearASM to novel poses.A similar error comparisonfor generalisationto
novel facescanbeseenontheright in Figure14.

5 Conclusion

In this work, we presenteda novel approachto modellingnonlinear2D shapesof non-
rigid 3D objectsandsimultaneousrecoveringof objectposeatmultipleviewsandacross
theview sphere.Largeposevariationin 3D objectssuchashumanfacesraisetwo diffi-
cult problems.First, shapevariationsacrossviews arehighly nonlinear. Second,corre-
spondencesof landmarkpointsacrossviews cannotbe reliably establishedbasedsolely
on local grey-levels. The first problemwas addressedby performingnonlinearshape
transformationacrossviews usingKernelPCA basedon the conceptof SupportVector
Machines.Thesecondproblemwastackledby augmentinga nonlinear2D active shape
modelwith poseconstraint.



Figure14: Left: Comparablefitting errorsbetweena view-context basednonlinearASM trained
on all poses(plain-line)anda modeltrainedonly on half of theposes(dashed-line).Right: Com-
parablefitting errorsfor amodeltrainedon all faces(plain-line)andamodeltrainedonly on some
of the facesandtestedon a novel face(dashed-line).Thehorizontalaxisshows the poseandthe
verticalaxisshowsfitting errorsin pixels.
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