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Abstract

This paperaddressethe problemof estimatingthe shapeof anactorin
amulti-camerastudiofor arbitrarily positionedcamerasndarbitraryhuman
pose. We adopta seamlesarticulatedmeshmodel and introducea novel
shapematchingtechniqueto automaticallytransformthe projectedshapeof
themodelto matchmultiple capturedmagesilhouettesOur approactreats
theprojectedneshasadeformablenodelandconstrainghemodelto follow
a smoothshapetransformationto match eachimage silhouette. Multiple
2D transformationgreintegratedin 3D to updatethe shapeof the modelto
matchthe actor We assesshe techniqueusingvirtual views generatedor
3D scannedhumandata-setandpresenpreliminaryresultsin a studio.

1 Introduction

Thereis increasingnterestin the useof photo-realistianodelsof peoplefor applications
suchasadwertising, computergames video conferencinguserinterfaceagents virtual
ernvironmentsandclothingretail. Ourinterestliesin the generatiorof 3D virtual humans
for 3D-TV, thebroadcasof 3D virtual television productions Currentvirtual production
malkes useof actorsfilmed againsta chroma-ley backgroundand compositegeal and
virtual sceneelementsto provide a 2D programme. The extensionto productionand
transmissiorof full 3D contentis now underinvestigation12].

3D-TV ultimately requires‘photo-realistic”3D contentto be acceptablasan alter
native to corventional2D video. The creationof highly realistic3D animatednodelsof
humanss howeveratime intensve taskrequiringthe skills of experiencedlesignerand
animators.Our goalis to develop a techniqueto automaticallyacquireanimatedmodels
of actorssuitablefor 3D broadcastwithin a productionstudio. In this paperwe present
methodto automaticallydeformamodelto theshapeof anactorusingmultiple calibrated
cameragn a corventionalvirtual studio.

Stereohasbeenusedto reconstructhe shapeof the head[5] andwhole-body[10]
from shortbaselinecameraimages. 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 canberestrictedn termsof accurag androbustnessShaperom silhouettehasalso
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beenusedfor humanmodelreconstructiorandcoarsevolumetricmodelshave beengen-
eratedfrom the volumeintersectiorof 5 [2] and6 [4] imagesilhouettesn multi-camera
studios. The reconstructiorof animatedwvhole-bodymodelsfrom imagesilhouetteshas
beenintroducedby Hilton et. al. [8]. This approachs currentlylimited to orthogonal
silhouetteimagesanda predefinedsubjectpose.

This paperextendscurrentapproacheto recoveringanimatednodelsof peoplefrom
imagesilhouetteg48] to botharbitraryposeandmultiple, arbitrarily positionedcamerasn
amulti-camerastudio. Theactorforegroundis accuratelysegmentedrom camerdamages
usingchroma-lkeying techniqgues An animatedseamlesgienericmodelis thensizedand
posedto matchthe actor using a limited set of manually definedfeaturepointsin the
images.A novel 2D shapedransformatiorprocesss thenusedto automaticallymatchthe
genericmodelto the imagesilhouettes.Finally, the 2D matchingis integratedin 3D to
changeheshapeof thegenericmodelto approximateheactor Theshapeeconstruction
is assessedsing virtual views generatedor scanned3D humandataand preliminary
resultsarepresentedn athreecamerastudio.

2 Modd Initialisation

The aim of our work is a fully automatedorocessfor generatingmodelsof actorsin

a studio. We startherewith a manualmethodof initialising a genericmodelin order
to apply the proposedautomaticshapeestimationtechnique. The problemof manually
initialising a humanbody modelin anarbitrary posefrom multi-view calibratedimages
hasbeenaddressedh the humanmotion trackingliterature[1]. Herewe usea similar
approacho matchanarticulatechumanoidoodymodelto imagesof anactorin thestudio.

2.1 Articulated Generic Humanoid M odel

Standardisethethodsof representin@D humanmodelsareprovidedby the VRML Hu-
manoidAnimation Working Group(H-Anim) [15]. A draftH-Anim 1.2 formatseamless
modelis adoptedhatcanbe visualisedwith ary VRML-97 compliantbrowserandani-
matedusingJAVA. The modelconsistof a singleseamlessneshdefiningthe 3D body
shapeattachedo anunderlyingskeletonstructurewith 17 joints to synthesisehe gross
movementsf thebody andtexture map(s)attachedo changeappearance.

Themodelstateis definedby the translation Jimb-lengths,andposeof the skeleton.
Thelimb-lengthsareconstrainedo remainsymmetricand9 degrees-of-freedordof) are
introducedfor the dimensionsf the skeleton. Jointrotationsaredefinedas1, 2 or 3dof
accordingto the principal rotationsof the anatomicajoint [7] and28dofareintroduced
to generatehe poseof the model. We make useof the exponentialmap representation
of rotationsto avoid the singularity or gimbal-lock,inherentin Euleranglesandthe non-
linear unit-lengthconstraintnecessaryor quaterniong6]. The combinedskeletonstate
¢ hasatotal of 40dof.

2.2 Location, Pose and Dimension Estimation

A simpleuserinterfacehasbeendevelopedto allow a userto selectpointsonthegeneric
modelmeshor skeletonanddefinethe correspondindeaturepointsin multiple images
capturedn astudio.In practicewe make useof the 17 skeletonjoints andlimb-tipswhere
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visible in the images. We then minimise the image plane error betweenthe projected
locationof themodelpointsandtheimagefeatureswith respecto themodelstatep. The
costfunctionfor minimisationis givenby Equationl whereg;; is the imageplaneerror
for theit® featurein thejt* image. An ideal pin-holecameramodelis usedthrough-out
to definetheimageplaneprojection.

min Z €ij (@Tﬁij ) 1)
%7

The functionis minimisedusinga boundconstrainedBFGSnon-linearsolver [16].
Boundson poseare appliedaccordingto the expectedrotation limits as presentecby
Grossoet. al. [7]. Boundson dimensionsare appliedaccordingto the anthropometric
extremesof the populationascharacterisedby the the 5¢* percentileBritish femaleand
the 95 percentileBritish male[11].

3 Automatic Shape Estimation

In this sectionwe describeamethodto automaticallychangehe shapeof agenericmodel
to matchmultiple imagesilhouettef aperson.t is assumedt this stagethatthemodel
hasthe approximatedimensionsof the subjectand is locatedand posedto matchthe
subjectin theimages. The problemis treatedfirst asa 2D shapetransformatiortaskto

matchthe projectedmodelto the silhouettein eachimage. The new 2D vertex locations
in eachimagearethenintegratedin 3D to derive anew 3D shapefor thegenericmodel.

3.1 2D Shape Transformation

Previous approacheso matchinga genericmodelto silhouettesof peopleare basedon
definedfeaturecorrespondencdsetweerthe modelsilhouettesandtheimagesilhouettes
[8]. A limited setof featurescanbe reliably extractedin the presencef varying shape
and clothing for a specific poseand orthogonalcameraviews [8]. However, reliable
featurematchingcannotbe achieved acrossarbitrary posesand camerapositions. The
problemwe addresdereis to automaticallydefinethe 2D shapetransformatiorwithout
the needfor explicit extractionof features.To achieve this we treatthe projectedmodel
as a deformablemeshand constrainthe meshto follow a 2D shapemorphingprocess
betweerthe projectedmodelsilhouetteandthe apparentmagesilhouette Herewe malke
theassumptionthatasmooth2D deformatioris lik ely to producehemostpleasingrans-
formationof the modelto matcheachimagesilhouette.

3.1.1 Deformable M odél

Terzopouloset. al. [13] introducedfitting of deformablemodelsto imagesto recover
shapeand non-rigid motion andthis hassincegainedwidespreadnterestas a datafit-
ting approach.A deformablemodelactsasan elasticbody and deformsdynamicallyin
responsedo appliedforcesand constraintderived from the data. We treatthe projected
genericmeshasa 2D dynamicdeformablemodelandin Section3.1.2we definethe ap-
plied constraintso deformthe meshto matchtheimagesilhouettes.

The dynamicbehaiour of the deformablemodelis describedby Equation2 where
thefirst termrepresentinternalforcesdueto massthe secondermdamping third term
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elasticityandthe final termthe externalforceson the modelderived from the data. The
finite differencemethodcanbe appliedto obtainan approximatesolution, wherebythe
continuougnodelis treatedasa setof discretepointsat the projectedmeshvertices.The
dynamicscan also be simplified by taking zero massm; and unit damping); at each
vertex 1. The finite differenceequationfor the deformationof eachvertex position z;
is thengiven by Equation3 where f; is the externalforce on eachvertex and g; is the
internalelasticforce on eachvertex.

2
m@) T2+ 202 + (@) = f@) @
de; _ ,
a fi—9i 3)

We treateachedgein the projectedmeshasa springthat appliesa restoringforce to
the meshverticesto presere the original projectededgelength. The deformablemodel
will thenattemptto presere the original projectedgeometryof the genericmodelunder
deformation.The springforce s;; at eachvertex ¢ exertedby the connectiorto vertex j
is givenby Equation4 wherek;; is the springstiffnessand!;; is the original projected
edgelength.We assignall connectiongqualstiffnessk andthetotal elasticforceoneach
vertex ¢ is givenby Equationb.
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3.1.2 Silhouette Morphing

Thedeformablemodelparadigmmakesuseof externalforcesderivedfrom datato evolve
the modelto fit the data. Kakadiariset. al. [9] useddeformablemodelsto estimate
body sgmentshapefrom imagesilhouettesusing externalforcesderived from a modi-
fied nearesineighbouralgorithm. Here we make useof a single deformablemodelfor
the whole body andavoid the necessityfor explicit matchingby constraininghe model
to follow a smoothtransitionbetweenthe projectedmodel shapeand the targetimage
silhouetteshape We treatthe problemasa 2D shapemorphingtaskandapplythe shape
transformatiorasa hardconstraintonthe deformablenodel.

Shapemorphingtechniquesave receved a greatdeal of interestasa visual effects
tool andherewe make useof a techniqueintroducedby Turk and O’Brien [14], based
on variationalimplicit surfacesto provide a smoothtransitionbetween2D shapes.This
approachransformsetweer2D shapedy treatingthe shapecontoursasslicesthrough
asingle3D surface.The 2D shapesrestacled on parallelplanesin 3D anda single3D
implicit functionis generatedisingthe 2D contoursasconstraints.

The3D implicit functionh(z) is givenin Equation6 [14], wherez is animageplane
positionaugmentedby anout-of-planecomponento stackthe modelandimagecontours
in 3D. The function consistsof a summationof weightedradial basisfunctions(z)
placedat constraintpoints¢; on the contoursandinternalpointsof the 2D shapes.The
implicit functionis assigned valueof zeroat the contourconstraintsanda valueof one
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attheinternalconstraintsThezerovalueisosuriiceh(z) = 0 thenprovidesa 3D surface
thatblendsbetweerthe 2D shapeof the modelandthe 2D shapeof theimagesilhouette
asshavn in Figure1(b). The 3D thin-plateradialbasisfunctiony (z) = ||z||* is usedto

minimisethethin-plateenegy in 3D andprovide a globally smoothtransformationThe
implicit function hasa degreeonepolynomial P(z) termto spanthe constanndlinear
portionsof the shapearansformation.

N
h(z) = d) (z —¢;) + P(z) (6)
i=1

We generateghe implicit function by selectinga numberof boundarypoints, evenly
spacedaroundeachsilhouette,and for eachboundarypoint we also selectan interior
constrainpointdirectedalongtheinnernormalof thecontour{14]. We obtainsatisactory
resultsusing 256 pointsaroundeachboundaryand stackingthe silhouettesat a distance
of 10% of the subjectimageheightin 3D. Giventhe valueh (¢;) for eachconstraintc;,
eitheroneor zero,we canform a linear systemof equationsn the unknovnsd; andp;
asgivenin Equation?. Thisis a symmetric,positive semi-definitdinear systemthatwe
solvevia LU decompositiorio derive theimplicit function.

dy
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3.1.3 Morphing the Deformable M odéel

We assumehat the verticesforming the modelsilhouettecontourlie on the contourof
the targetimagesilhouetteandwe usethe 3D implicit function asa hard constrainton
our projected2D deformablemodel. The modelstartson the modelshapeplanein the
3D function,we theniteratively move the modelbetweerthe modelplaneandtheimage
silhouetteplaneasa 2D objectby applyinganequalexternalforceateachvertex, directed
normalto the planesin 3D. Thecontourverticesof thedeformablemodelareconstrained
to move only alongtheisosurticeof theimplicit function. Theresultantforce f; — g; ata
contourvertex i is projectedontothe tangentplaneof theisosureceto give the direction
of movementfor thevertex n;(z) asgivenin Equation8

o) = (=90 = B gf|)§flv(ggﬁg) — (®)

Themodelmovesat constant/elocity underthe appliedexternalforcesanddeforma-
tion is terminatedat the imagesilhouetteplane. The isosurficeprovidesonly a smooth
approximatiorto theimagesilhouetteandwe updatecontourverticesby searchingalong
thegradientof theimplicit function Vh(z) projectedontotheimagesilhouetteplane,to
find the closestactualsilhouettecontourpoint. The matchedcontourpoints are again
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treatedashardconstraintsandthe deformablemodelis relaxed with no appliedexternal
forcesto updatethe positionof internalverticesandreleaseunmatchedontourvertices
arisingfrom inaccuraciesn theiterative morphingprocessFigurel(c) shavs the match
betweenthe genericmodel andthe 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 genericmodel basedon the shapeinformation containedin the

imagesilhouettes. Where shapeinformationis lacking acrossoccludedregions of the

body, thedeformablemodelpreserestheoriginal relative geometryof thegenericomodel.
The transformed2D vertex locationsareintegratedin 3D to minimise the reprojection
error betweenthe 3D meshandthe imageplanelocationsof the vertices. We currently
treateachvertex independentlyandsimply minimisethe imageplaneerror betweenthe

projectedvertex positionsand the transformed2D locations. Eachvertex is adjusted
usinga Gauss-Netonnon-linearsolverto minimizethe costfunctionasalreadygivenin

Equationl wherethe state¢ now representshe 3D vertex locations.

4 Reaults

We testthe proposedshapeestimationtechniqueusing virtual views generatedor 3D
humandata-setgprovided by Cyberware. The modelsare positionedat the centreof a
simulatedstudiowith cameradocatedat a 3m radiusaroundthe centreon a horizontal
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planeat 1m heightfrom the floor. Ideal pin-hole cameramodelsare usedwith NTSC
resolution(720x486pixels)andtypical intrinsic parameterg¢focal lengthfx=680, fy=625
pixels), wherethe modelsform lessthan 10% of eachtotal imagearea. The modelsare
renderedor two orthogonabkirtual camerasn thestudioandeither6 or 8 cameragqually
spacedaroundthecentre with themodelorientatedo faceonecameraTheseémagesare
thenusedto testthe shapesstimationof the original 3D data-sets.

We assesghe errorbetweerthe estimatedshapeof the 3D data-setérom theimages
andthe orginal datausingthe RMS error betweerthe two surfacescalculatedusingthe
Metrotool [3]. Tablel givestheRMS andmaximumerrorshetweerthe 3D data-seteind
the posedgenericmodelandthe estimatedshapefor 2, 6 and8 cameraviews. Theerror
measurementshav areductionin theerrorfor the shapeestimationtechniquecompared
to the posedandscaledgenericmodel,a 5mmerrorhereapproximatelycorrespondso a
1pixel reprojectiorerrorin theimages.

RMS error /mm | Generic 2 Cameras 6 Cameras 8 Cameras
(max. error) Model

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)

Table1l: Shapeestimationerror betweerthe genericmodeland Cyber
ware3D data-sets

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

Figure2: Reconstructedhodelfor Cyberware“Tammy”

It is interestingo seethata goodshapesstimatecanbe obtainedusingonly 2 orthog-
onalcameraviews, asdemonstratetly Hilton et. al. [8]. Thereis someadditionalshape
informationfrom otherviews anda smallimprovementn thevisualquality of themodels
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asshown in Figure2. Figure2(e)alsodemonstratethe dependencef the techniqueon
the poseof the model,a 30 degreeerroris introducedin the verticalrotationof the body
leadingto incorrectmatchesf thearmsto theimagesilhouettes.

Althoughwe have presentedhe errorsacrossthe estimatedshapeof the Cyberware
modelsit is notourgoalto obtainanaccurate8D reconstructionWe seekanapproximate
estimateof the shapeof a subjectto which we canapplytexturefrom theimagesto give
“photo-realism”to our models. Our techniqueprovidesa smoothtransformation®f our
genericmodelthatminimisesthe reprojectionerrorfor the multi-view imagesilhouettes.
Figure 3 illustratesthe approximateshapegeneratedor the Cyberware subject“Brian”
andthe animationof themodelwith texturefrom theimages.Figure4 shaws preliminary
shapeestimationresultsfor a subjectin a studiowith an arbitrary pose,capturedfrom
3 front-facingcamerasat 3m from a subjectwith approximatelylm spacing. It is our
intentionto extendthis techniqueto morecameraviews surroundinga subjectin a studio.

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

Figure3: Generatingananimatedmodelfrom 8 syntheticcameraviews

5 Conclusions

This paperdescribesa techniquefor estimatingthe shapeof anactorin a multi-camera
calibratedstudio. We currentlymake useof a manualinterfaceto initialise a generichu-
manoidmodelto matchtheactorposeandanthropometridimensionsWe thenintroduce
anew 2D shapematchingprocesgo automaticallytransformthe projectedshapeof the
genericmodelto matcheachcapturedmagesilhouette.We treatthe projectedmodelas
a deformablemodelthatis constrainedaccordingto a smoothshapetransformatiorbe-
tweenthemodelshapeandeachimagesilhouette Theupdate®D vertex locationsof the
genericmodelareusedto changethe 3D positionsof the modelverticesto minimisethe
reprojectionerrorin theimages.Theresultis ananimatechumanoidnodelthatapproxi-
matesthe shapeof theactorin the studio. This techniqueallows usto estimatethe shape
of anactorfrom multiple imagesilhouettesvithout the requirementor specificfeature
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Figure4: Estimatingshapen a 3 camerastudio

matches predefinedposeor specificcameraviews. We have found that we areableto
obtainreasonableshapeestimatesn our artificial testcasesandpreliminarytestsin a 3
camerastudio. Furtherwork is requiredto improve the integration of the transformed
vertex locationsin 3D basedon surfacesmoothnessf the 3D modelandto incorporate
uncertaintyin the 2D shapetransformatiorfor differentviewpointsandposes.We must
alsoaddresspecificfeaturematchingin orderto apply modeltexturefor highly detailed
areasof thebodysuchasthefaceandhands.
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