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Abstract

This paperaddressestheproblemof estimatingthe shapeof an actorin
amulti-camerastudiofor arbitrarilypositionedcamerasandarbitraryhuman
pose. We adopta seamlessarticulatedmeshmodel and introducea novel
shapematchingtechniqueto automaticallytransformtheprojectedshapeof
themodelto matchmultiplecapturedimagesilhouettes.Ourapproachtreats
theprojectedmeshasadeformablemodelandconstrainsthemodelto follow
a smoothshapetransformationto matcheachimagesilhouette. Multiple
2D transformationsareintegratedin 3D to updatetheshapeof themodelto
matchthe actor. We assessthe techniqueusingvirtual views generatedfor
3D scannedhumandata-setsandpresentpreliminaryresultsin a studio.

1 Introduction

Thereis increasinginterestin theuseof photo-realisticmodelsof peoplefor applications
suchasadvertising,computergames,video conferencing,user-interfaceagents,virtual
environmentsandclothingretail. Our interestlies in thegenerationof 3D virtual humans
for 3D-TV, thebroadcastof 3D virtual television productions.Currentvirtual production
makesuseof actorsfilmed againsta chroma-key background,andcompositesreal and
virtual sceneelementsto provide a 2D programme. The extensionto productionand
transmissionof full 3D contentis now underinvestigation[12].

3D-TV ultimately requires“photo-realistic”3D contentto beacceptableasanalter-
native to conventional2D video. Thecreationof highly realistic3D animatedmodelsof
humansis howevera time intensivetaskrequiringtheskills of experienceddesignersand
animators.Our goal is to developa techniqueto automaticallyacquireanimatedmodels
of actorssuitablefor 3D broadcast,within a productionstudio.In thispaperwepresenta
methodto automaticallydeformamodelto theshapeof anactorusingmultiplecalibrated
camerasin a conventionalvirtual studio.

Stereohasbeenusedto reconstructthe shapeof the head[5] andwhole-body[10]
from short baselinecameraimages. A 51 cameraset-upwas usedin the “Virtualised
Reality” projectto capturestatic3D modelsof peoplein a studio[10]. Stereomatching
canprovide dense3D informationacrossthe body given sufficient texture information,
but canberestrictedin termsof accuracy androbustness.Shapefrom silhouettehasalso
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beenusedfor humanmodelreconstructionandcoarsevolumetricmodelshavebeengen-
eratedfrom thevolumeintersectionof 5 [2] and6 [4] imagesilhouettesin multi-camera
studios.Thereconstructionof animatedwhole-bodymodelsfrom imagesilhouetteshas
beenintroducedby Hilton et. al. [8]. This approachis currentlylimited to orthogonal
silhouetteimagesanda predefinedsubjectpose.

Thispaperextendscurrentapproachesto recoveringanimatedmodelsof peoplefrom
imagesilhouettes[8] to botharbitraryposeandmultiple,arbitrarilypositionedcamerasin
amulti-camerastudio.Theactorforegroundis accuratelysegmentedfrom cameraimages
usingchroma-keying techniques.An animatedseamlessgenericmodelis thensizedand
posedto matchthe actorusing a limited set of manuallydefinedfeaturepoints in the
images.A novel 2D shapetransformationprocessis thenusedto automaticallymatchthe
genericmodelto the imagesilhouettes.Finally, the 2D matchingis integratedin 3D to
changetheshapeof thegenericmodelto approximatetheactor. Theshapereconstruction
is assessedusing virtual views generatedfor scanned3D humandataandpreliminary
resultsarepresentedin a threecamerastudio.

2 Model Initialisation

The aim of our work is a fully automatedprocessfor generatingmodelsof actorsin
a studio. We startherewith a manualmethodof initialising a genericmodel in order
to apply the proposedautomaticshapeestimationtechnique.The problemof manually
initialising a humanbodymodelin anarbitraryposefrom multi-view calibratedimages
hasbeenaddressedin the humanmotion tracking literature[1]. Herewe usea similar
approachtomatchanarticulatedhumanoidbodymodelto imagesof anactorin thestudio.

2.1 Articulated Generic Humanoid Model

Standardisedmethodsof representing3D humanmodelsareprovidedby theVRML Hu-
manoidAnimationWorking Group(H-Anim) [15]. A draft H-Anim 1.2 formatseamless
modelis adoptedthatcanbevisualisedwith any VRML-97 compliantbrowserandani-
matedusingJAVA. Themodelconsistsof a singleseamlessmeshdefiningthe3D body
shape,attachedto anunderlyingskeletonstructurewith 17 joints to synthesisethegross
movementsof thebodyandtexturemap(s)attachedto changeappearance.

Themodelstateis definedby thetranslation,limb-lengths,andposeof theskeleton.
Thelimb-lengthsareconstrainedto remainsymmetricand9 degrees-of-freedom(dof) are
introducedfor thedimensionsof theskeleton.Joint rotationsaredefinedas1, 2 or 3dof
accordingto theprincipal rotationsof theanatomicaljoint [7] and28dofareintroduced
to generatethe poseof the model. We make useof the exponentialmaprepresentation
of rotationsto avoid thesingularity, or gimbal-lock,inherentin Euleranglesandthenon-
linearunit-lengthconstraintnecessaryfor quaternions[6]. Thecombinedskeletonstate�

hasa total of 40dof.

2.2 Location, Pose and Dimension Estimation

A simpleuserinterfacehasbeendevelopedto allow auserto selectpointson thegeneric
modelmeshor skeletonanddefinethe correspondingfeaturepoints in multiple images
capturedin astudio.In practicewemakeuseof the17skeletonjointsandlimb-tipswhere
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visible in the images. We thenminimise the imageplaneerror betweenthe projected
locationof themodelpointsandtheimagefeatureswith respectto themodelstate

�
. The

costfunctionfor minimisationis givenby Equation1 where � ��� is the imageplaneerror
for the i ��� featurein the j ��� image.An idealpin-holecameramodelis usedthrough-out
to definetheimageplaneprojection.

�
	���
 ��� � � ����� � ��� � ����� � � (1)

The function is minimisedusinga boundconstrained,BFGSnon-linearsolver [16].
Boundson poseare appliedaccordingto the expectedrotation limits as presentedby
Grossoet. al. [7]. Boundson dimensionsareappliedaccordingto the anthropometric
extremesof thepopulationascharacterisedby the the5��� percentileBritish femaleand
the95��� percentileBritish male[11].

3 Automatic Shape Estimation

In thissectionwedescribeamethodto automaticallychangetheshapeof agenericmodel
to matchmultiple imagesilhouettesof aperson.It is assumedat thisstagethatthemodel
hasthe approximatedimensionsof the subjectand is locatedand posedto matchthe
subjectin the images.The problemis treatedfirst asa 2D shapetransformationtaskto
matchtheprojectedmodelto thesilhouettein eachimage.Thenew 2D vertex locations
in eachimagearethenintegratedin 3D to derivea new 3D shapefor thegenericmodel.

3.1 2D Shape Transformation

Previous approachesto matchinga genericmodelto silhouettesof peoplearebasedon
definedfeaturecorrespondencesbetweenthemodelsilhouettesandtheimagesilhouettes
[8]. A limited setof featurescanbe reliably extractedin the presenceof varyingshape
and clothing for a specificposeand orthogonalcameraviews [8]. However, reliable
featurematchingcannotbe achieved acrossarbitraryposesandcamerapositions. The
problemwe addresshereis to automaticallydefinethe2D shapetransformationwithout
theneedfor explicit extractionof features.To achieve this we treattheprojectedmodel
asa deformablemeshandconstrainthe meshto follow a 2D shapemorphingprocess
betweentheprojectedmodelsilhouetteandtheapparentimagesilhouette.Herewemake
theassumptionthatasmooth2D deformationis likely to producethemostpleasingtrans-
formationof themodelto matcheachimagesilhouette.

3.1.1 Deformable Model

Terzopouloset. al. [13] introducedfitting of deformablemodelsto imagesto recover
shapeandnon-rigid motion andthis hassincegainedwidespreadinterestasa datafit-
ting approach.A deformablemodelactsasanelasticbodyanddeformsdynamicallyin
responseto appliedforcesandconstraintsderivedfrom thedata. We treatthe projected
genericmeshasa 2D dynamicdeformablemodelandin Section3.1.2we definetheap-
plied constraintsto deformthemeshto matchtheimagesilhouettes.

The dynamicbehaviour of the deformablemodel is describedby Equation2 where
thefirst termrepresentsinternalforcesdueto mass,thesecondtermdamping,third term
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elasticityandthefinal termtheexternalforceson themodelderivedfrom thedata.The
finite differencemethodcanbe appliedto obtainan approximatesolution,wherebythe
continuousmodelis treatedasa setof discretepointsat theprojectedmeshvertices.The
dynamicscanalso be simplified by taking zeromass� � andunit damping � � at each
vertex 	 . The finite differenceequationfor the deformationof eachvertex position � �
is thengiven by Equation3 where � � is the external force on eachvertex and � � is the
internalelasticforceoneachvertex.

� � � ����� ���� �! � � � ��� ����  � � � �#" � � � � (2)

� � ���� " � �%$ � � (3)

We treateachedgein theprojectedmeshasa springthatappliesa restoringforceto
themeshverticesto preserve theoriginal projectededgelength. Thedeformablemodel
will thenattemptto preserve theoriginal projectedgeometryof thegenericmodelunder
deformation.Thespringforce & ��� at eachvertex 	 exertedby theconnectionto vertex '
is givenby Equation4 where ( ��� is the springstiffnessand ) ��� is the original projected
edgelength.Weassignall connectionsequalstiffness( andthetotalelasticforceoneach
vertex 	 is givenby Equation5.

& ��� " ( ���+*-, � � $ � � , $ ) ���/.10 * � � $ � � ., � � $ � � , (4)

� � " (� 2
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3.1.2 Silhouette Morphing

Thedeformablemodelparadigmmakesuseof externalforcesderivedfrom datato evolve
the model to fit the data. Kakadiariset. al. [9] useddeformablemodelsto estimate
body segmentshapefrom imagesilhouettesusingexternalforcesderivedfrom a modi-
fied nearestneighbouralgorithm. Herewe make useof a singledeformablemodel for
thewholebodyandavoid thenecessityfor explicit matchingby constrainingthemodel
to follow a smoothtransitionbetweenthe projectedmodelshapeand the target image
silhouetteshape.We treattheproblemasa 2D shapemorphingtaskandapplytheshape
transformationasa hardconstrainton thedeformablemodel.

Shapemorphingtechniqueshave receiveda greatdealof interestasa visual effects
tool andherewe make useof a techniqueintroducedby Turk andO’Brien [14], based
on variationalimplicit surfaces,to provide a smoothtransitionbetween2D shapes.This
approachtransformsbetween2D shapesby treatingtheshapecontoursasslicesthrough
a single3D surface.The2D shapesarestackedon parallelplanesin 3D anda single3D
implicit functionis generatedusingthe2D contoursasconstraints.

The3D implicit function 7 � � � is givenin Equation6 [14], where� is animageplane
positionaugmentedby anout-of-planecomponentto stackthemodelandimagecontours
in 3D. The function consistsof a summationof weightedradial basisfunctions 8 � � �
placedat constraintpoints 9 � on the contoursandinternalpointsof the 2D shapes.The
implicit functionis assigneda valueof zeroat thecontourconstraintsanda valueof one
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at theinternalconstraints.Thezerovalueisosurface7 � � �#";:
thenprovidesa3D surface

thatblendsbetweenthe2D shapeof themodelandthe2D shapeof theimagesilhouette
asshown in Figure1(b). The3D thin-plateradialbasisfunction 8 � � �<" , � ,>= is usedto
minimisethethin-plateenergy in 3D andprovidea globally smoothtransformation.The
implicit functionhasa degreeonepolynomial ? � � � termto spantheconstantandlinear
portionsof theshapetransformation.

7 � � �@"BA
 �C365 � � 8 � � $ 9 � �  ? � � � (6)

We generatethe implicit functionby selectinga numberof boundarypoints,evenly
spacedaroundeachsilhouette,and for eachboundarypoint we also selectan interior
constraintpointdirectedalongtheinnernormalof thecontour[14]. Weobtainsatisfactory
resultsusing256pointsaroundeachboundaryandstackingthesilhouettesat a distance
of 10%of the subjectimageheightin 3D. Giventhe value 7 � 9 � � for eachconstraint9 � ,
eitheroneor zero,we canform a linearsystemof equationsin theunknowns � � and D �
asgivenin Equation7. This is a symmetric,positive semi-definitelinearsystemthatwe
solvevia LU decompositionto derive theimplicit function.
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3.1.3 Morphing the Deformable Model

We assumethat the verticesforming the modelsilhouettecontourlie on the contourof
the target imagesilhouetteandwe usethe 3D implicit function asa hardconstrainton
our projected2D deformablemodel. The modelstartson the modelshapeplanein the
3D function,we theniteratively move themodelbetweenthemodelplaneandtheimage
silhouetteplaneasa2D objectby applyinganequalexternalforceateachvertex, directed
normalto theplanesin 3D. Thecontourverticesof thedeformablemodelareconstrained
to moveonly alongtheisosurfaceof theimplicit function.Theresultantforce � �T$ � � ata
contourvertex 	 is projectedontothetangentplaneof theisosurfaceto give thedirection
of movementfor thevertex � � � � � asgivenin Equation8

� � � � �#" � � � $ � � � $ �U� � �%$ � � �6VXW 7 � � �U�TW 7 � � �, W 7 � � � , � (8)

Themodelmovesat constantvelocityundertheappliedexternalforcesanddeforma-
tion is terminatedat the imagesilhouetteplane. The isosurfaceprovidesonly a smooth
approximationto theimagesilhouetteandweupdatecontourverticesby searchingalong
thegradientof theimplicit function

W 7 � � � projectedontotheimagesilhouetteplane,to
find the closestactualsilhouettecontourpoint. The matchedcontourpointsareagain
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treatedashardconstraintsandthedeformablemodelis relaxedwith no appliedexternal
forcesto updatethepositionof internalverticesandreleaseunmatchedcontourvertices
arisingfrom inaccuraciesin theiterative morphingprocess.Figure1(c) shows thematch
betweenthe genericmodelandthe target shape.The approachautomaticallyprovides
contourmatchesbasedon the similarity in shapebetweenthe projectedmodelandthe
imagesilhouette.

(a) Imageandmodelshape (b) Implicit surface (c) Contourmatches

Figure 1: Shapetransformationof a 2D deformablemodel basedon a 3D variational
implicit surfaces

3.2 3D Shape Estimation

The 2D shapetransformationprocessprovides a meansof updatingthe projected2D
vertex locationsof the genericmodelbasedon the shapeinformationcontainedin the
imagesilhouettes.Whereshapeinformation is lacking acrossoccludedregionsof the
body, thedeformablemodelpreservestheoriginalrelativegeometryof thegenericmodel.
The transformed2D vertex locationsare integratedin 3D to minimise the reprojection
error betweenthe 3D meshandthe imageplanelocationsof the vertices.We currently
treateachvertex independentlyandsimply minimisethe imageplaneerrorbetweenthe
projectedvertex positionsand the transformed2D locations. Eachvertex is adjusted
usingaGauss-Newtonnon-linearsolver to minimizethecostfunctionasalreadygivenin
Equation1 wherethestate

�
now representsthe3D vertex locations.

4 Results

We test the proposedshapeestimationtechniqueusingvirtual views generatedfor 3D
humandata-setsprovided by Cyberware. The modelsarepositionedat the centreof a
simulatedstudiowith cameraslocatedat a 3m radiusaroundthe centreon a horizontal
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planeat 1m height from the floor. Ideal pin-holecameramodelsareusedwith NTSC
resolution(720x486pixels)andtypical intrinsicparameters(focal lengthfx=680,fy=625
pixels),wherethemodelsform lessthan10%of eachtotal imagearea.Themodelsare
renderedfor two orthogonalvirtual camerasin thestudioandeither6 or 8 camerasequally
spacedaroundthecentre,with themodelorientatedto faceonecamera.Theseimagesare
thenusedto testtheshapeestimationof theoriginal3D data-sets.

We assesstheerrorbetweentheestimatedshapeof the3D data-setsfrom theimages
andtheorginal datausingtheRMS errorbetweenthetwo surfaces,calculatedusingthe
Metro tool [3]. Table1 givestheRMSandmaximumerrorsbetweenthe3D data-setsand
theposedgenericmodelandtheestimatedshapefor 2, 6 and8 cameraviews. Theerror
measurementsshow areductionin theerrorfor theshapeestimationtechniquecompared
to theposedandscaledgenericmodel,a 5mmerrorhereapproximatelycorrespondsto a
1pixel reprojectionerrorin theimages.

RMS error /mm
(max.error)

Generic
Model

2 Cameras 6 Cameras 8 Cameras

Alison 19.9(64.5) 12.2(58.5) 12.4(53.7) 14.5(57.3)
Brian 32.0(91.6) 21.2(81.8) 16.3(56.3) 18.9(70.8)
Eric 19.0(74.0) 14.6(66.6) 12.0(69.1) 13.2(54.4)
John 27.9(93.7) 20.0(70.7) 14.8(55.3) 18.1(72.4)
Tammy 19.8(62.7) 13.7(50.8) 11.0(46.5) 11.4(43.8)

Table1: Shapeestimationerror betweenthe genericmodelandCyber-
ware3D data-sets

(a)Scanneddata (b) 2 views (c) 6 views (d) 8 views (e) Incorrectpose

Figure2: Reconstructedmodelfor Cyberware“Tammy”

It is interestingto seethatagoodshapeestimatecanbeobtainedusingonly 2 orthog-
onalcameraviews,asdemonstratedby Hilton et. al. [8]. Thereis someadditionalshape
informationfrom otherviewsandasmallimprovementin thevisualqualityof themodels
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asshown in Figure2. Figure2(e)alsodemonstratesthedependenceof thetechniqueon
theposeof themodel,a 30 degreeerror is introducedin theverticalrotationof thebody
leadingto incorrectmatchesof thearmsto theimagesilhouettes.

Althoughwe have presentedthe errorsacrosstheestimatedshapeof theCyberware
modelsit is notourgoalto obtainanaccurate3D reconstruction.Weseekanapproximate
estimateof theshapeof a subjectto which we canapplytexturefrom theimagesto give
“photo-realism”to our models.Our techniqueprovidesa smoothtransformationsof our
genericmodelthatminimisesthereprojectionerrorfor themulti-view imagesilhouettes.
Figure3 illustratesthe approximateshapegeneratedfor the Cyberwaresubject“Brian”
andtheanimationof themodelwith texturefrom theimages.Figure4 showspreliminary
shapeestimationresultsfor a subjectin a studiowith an arbitrarypose,capturedfrom
3 front-facingcamerasat 3m from a subjectwith approximately1m spacing. It is our
intentionto extendthis techniqueto morecameraviewssurroundingasubjectin astudio.

(a)Cyberware“Brian” (b) 8 view shape (c) Texturedmodel

Figure3: Generatingananimatedmodelfrom 8 syntheticcameraviews

5 Conclusions

This paperdescribesa techniquefor estimatingthe shapeof an actorin a multi-camera
calibratedstudio.We currentlymake useof a manualinterfaceto initialise a generichu-
manoidmodelto matchtheactorposeandanthropometricdimensions.Wethenintroduce
a new 2D shapematchingprocessto automaticallytransformtheprojectedshapeof the
genericmodelto matcheachcapturedimagesilhouette.We treattheprojectedmodelas
a deformablemodelthat is constrainedaccordingto a smoothshapetransformationbe-
tweenthemodelshapeandeachimagesilhouette.Theupdated2D vertex locationsof the
genericmodelareusedto changethe3D positionsof themodelverticesto minimisethe
reprojectionerrorin theimages.Theresultis ananimatedhumanoidmodelthatapproxi-
matestheshapeof theactorin thestudio.This techniqueallowsusto estimatetheshape
of anactorfrom multiple imagesilhouetteswithout the requirementfor specificfeature
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Figure4: Estimatingshapein a3 camerastudio

matches,predefinedposeor specificcameraviews. We have found that we areableto
obtainreasonableshapeestimatesin our artificial testcasesandpreliminarytestsin a 3
camerastudio. Furtherwork is requiredto improve the integrationof the transformed
vertex locationsin 3D basedon surfacesmoothnessof the3D modelandto incorporate
uncertaintyin the2D shapetransformationfor differentviewpointsandposes.We must
alsoaddressspecificfeaturematchingin orderto applymodeltexturefor highly detailed
areasof thebodysuchasthefaceandhands.
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