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Abstract

In this papera new techniqueis introducedfor automaticallybuilding recognisable
moving 3D modelsof individual people. A setof multi-view colourimagesof a person
arecapturedrom thefront, sideandbackusingoneor morecamerasModel-basedecon-
structionof shapefrom silhouettess usedto transforma standard3D generichumanoid
modelto approximatethe personsshapeand anatomicalstructure. Realisticappearance
is achiered by colour texture mappingfrom the multi-view images. Resultsdemonstrate
the reconstructiorof a realistic3D facsimileof the personsuitablefor animationin a vir-
tual world. The systemis low-costandis reliablefor large variationsin shape sizeand
clothing. Thisis thefirst approacho achieve realisticmodelcapturefor clothedpeopleand
automatiaeconstructiomf animatednodels.A commerciabystenbaseddnthisapproach

hasrecentlybeenusedto capturethousand®f modelsof the generalpublic.
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1 Intr oduction

Thereis increasingdemandor alow-costsystemo capturebothhumanshapeandappearance.
Potentialapplicationgor sucha systeminclude populationof virtual ervironments communi-
cation, multi-mediagamesandclothing. This paperpresentsa techniquefor capturingrecog-
nisablemodelsof individual peoplefor usein VR applications For instancesachparticipantin
amulti-uservirtual ernvironmentcouldberepresentetb othersasan‘avatar’ whichis arealistic
facsimileof the personshapesizeandappearancel hekey requirementgor building models

of individualsfor usein virtual worldsare:

e Realisticmodels
e Animatablemovements

e Low-cost(automatic)acquisition

Theserequirementscontrastwith previous objectives of whole-body measuremensys-
temswhich were principally designedo obtainaccuratemetric informationof humanshape.
Suchsystemstypically capturelow-resolutioncolour and have restrictionson surface prop-
ertieswhich resultin no measurement®r areasof dark coloursand hair. Currentwhole-
body measuremergystemsarehighly expensve andrequireexpertknowledgeto interpretthe
dataand build animatedmodels[Paquette,1996]. Thesesystemsare suitablefor capturing
measurementsf individual peoplefor clothing applicationsbut are not capableof captur
ing recognisablanodelsfor VR or photo-realisticmodelsfor computeranimation. Recent
researchhas addressedeconstructingrealistic animatedface models[Akimoto etal., 1993
EscherandMagnenat-Thalmanri,997,FuaandMiccio, 200Q LeeandMagnenat-Thalmanri, 993
andwhole-bodymodelsof kinematicstructurgPlankersetal., 1999 KakadiarisandMetaxas,1998a]
from capturedmages. The objectve of this researchs to extendthis work to addresgshere-
constructiorof whole-bodymodelsof shapeandappearancéom capturedmages.

In this papemweintroduceatechniquefor building modelsof individual peoplefrom a setof
four orthogonaliew imagesusingstandaraccameraechnology Thereconstructiorirom multi-
pleorthogonaliew imageds analogouso previouswork onfacialmodelling[Akimoto etal., 1993,
LeeandMagnenat-Thalmanr,998 Mortlock etal., 1997. A majorfeatureof our approachs

thatwe canreconstructrecognisableolour modelsof peoplewho arefully clothed. Theaim



is to captureaccurateappearancéongethermwith approximateshapeinformationandnot to ac-
curatelymeasurethe underlyingbody dimensions. The reconstructioralgorithm modifiesa
generichumanoidnodelto fit thesilhouetteshapeof a particularindividualfrom multiple view
images. This approachfollows the ‘functional modelling’ paradigm[Terzopoulos1994 of
modifying the shapeandappearancef a genericmodel containingthe kinematicstructureto
generatea modelwhich can be animated. This researchusesa genericmodel basedon the
VRML HumanoidAnimation H-Anim[Roehl,1997 standard.The resultingmodelof a spe-
cific personis in a standardormat which canbe viewedin any VRML97 compliantinternet
browserto obtaina recognisablenoving virtual model (avatar) of a particularindividual. It is
envisagedthatthe commerciakbvailability of low-costwhole-bodycapturewill openup amass
market for personaliseglug-insto multimediaandgamespackagesvith individualshaving a

personaketof models.

2 PreviousWork

Capturingof humanshapeandappearanckasrecevedconsiderabl@nteresthroughoutistory.
This sectionattemptsto summarisehe principal achiezementsof recentrelatedresearchn
reconstructingealistic modelsof peopleusing active 3D surfacemeasurementsystemsand
passve 2D images.Modelling facialappearancandexpressiorhasbeenextensiely addressed
asthisis themostimportantattributefor person-to-persocommunicationWhole-bodycapture
initially addressedneasurementsystemsfor appareldesignand ergonomics. Only recently
have whole-bodycapturesystemsegunto addressnodellingof anindividualsappearancand

characteristigestures.

2.1 Object Modelling

Our approachntegratestwo areasof computervision researciimodel-baseditting’ and‘sil-
houettebasedshapereconstructionto producea powerful new methodof ‘model-basedBD
shapereconstruction’. This enableseconstructiorof the approximate3D shapeof a specific
personfrom a setof two or moreorthogonaVliew silhouettemages.
Silhouettebasedeconstructiorof 3D shapehasrecevedconsiderablénterestfor capturing

objectmodels[Szeliski, 1990 NiemandWingebermuhle1997, Fitzgibbonetal., 1999. Re-



centresearchhasresultedin the reconstructiorof 3D volumetric modelsof moving objects
from sequencesf silhouetteimagescapturedusing multiple camerasfrom different views
[Moezzietal., 1997, KanadeandRandey1997. Niem [Niem andWingebermuhle1997]has
demonstratedhat highly realisticobjectmodelscanbe capturedby taking a large numberof

imagesfrom differentviews of an objectagainsta uniform blue background.Cameraview-

pointandintrinsic parameterarecomputedor eachimagebasedn a staticcalibrationpattern
within the scene. Fitzgibbonet al. [Fitzgibbonetal., 1998] have recentlydemonstratedil-

houettebasedeconstructiorusingauto-calibratiortechniquesasedon trackingpointson the
objectsurfacewithout the needfor a static calibrationpattern. Combinationof the extracted
silhouetteimagesinto a 3D volumetric framavork using projectve geometryenablescoarse
approximationof the objectsurfaceshape.Colour texture mappingof the approximateshape
modelachiezeshighly realisticobjectmodelssuitablefor immersie virtual environments.An

inherentlimitation of silhouettebasedapproachess that concae surfaceshapescan not be

reconstructedThe passve approacto 3D shapeaeconstructiomoesnotachieze themetricac-

curagy of actve measuremergystemsHowever, the passve approachachievesa greaterevel

of photo-realismn reconstructingine surfacedetail.

In this paperwe combinesilhouettebased3D shapereconstructiorwith model-basedit-
ting techniquedo obtainan approximationof the shapeof anindividual person. The useof
a model-basedpproachallows reconstructiorfrom a minimal setof two orthogonalimages
andenablesapproximationof concae surfaceshapes.TerzopoulogTerzopoulostal., 1988]
introducedfitting of deformablemodelsto imagesilhouettesto recover shapeand non-rigid
motion. Model-basedechnique$ave beenwidely usedfor fitting 3D measurementsf surface
shapeusingdeformablemeshegHilton andGoncahes, 1995, parametricdeformablemodels
[McInerney andTerzopoulos199q9 andsuperquadrics[LejeuneandFerrie,1996]. However,
model-basedhapefitting fails to accuratelymodelfine surfacedetail andis limited to there-
constructionof objectswith smoothsurfaces.No resultshave beendemonstratedor accurate

reconstructiorof highly complex objectswith large shapevariationssuchasthe humanbody:

2.2 HeadModelling

Thereis a considerabldody of literatureaddressinghe goal of realisticmodellingof the head

andfaceof individual people.In modellinga particularpersonthe faceis the mostimportant



componentvhich mustbe modelledrealisticallyto achieve anacceptableéepresentationfully
automaticacquisitionof realisticanimatedtalking-head’modelsof individual peopleremains
anopen-problemThe principaldifficulty in fully automatednodelacquisitionis the consider
ablevariability in shapeandappearanceetweenindividualsshapeandhair. Recentresearch
hasbegunto addresshe problemof realisticmodellingof facialexpression.

Techniguebave beenpresentefAkimoto etal., 1993 FuaandMiccio, 200Q KuriharaandKiyoshi,
LeeandMagnenat-Thalmanri,998 Mortlock etal., 1997, SannierandMagnenaflhalmann, 1997
whichusecapture®D imageso modify theshapeof a3D genericfacemodelto approximatea
particularindividual. Photogrammetritechniquesreusedto estimatethe 3D displacemenof
pointson the surfaceof a genericmodelfrom multiple cameramages.Texture mappingof the
capturedmagess thenusedto achiaere arecognisabl&8D facemodel. Facialfeaturedrom the
capturedmagesare usedto registerthemwith correspondin@D pointson the genericmodel.
Correctregistrationof featurepointsis requiredto ensureproperanimationof the resulting
model. Initial work [KuriharaandKiyoshi, 1990] manuallylabelledfeaturepointson several
view images.Automaticfeaturelabellingwith limited manualinterventionto correctmistales
hasbeenachiesedin recentwork [Mortlock etal., 1997, LeeandMagnenat-Thalmanri,99§.
Thisapproachasalsobeenextendedo modelindividualfacialexpressiongGuenteretal., 1998
Pighinetal.,1998. Reconstructiomf facialshaperom two orthogonalview imageshasbeen
demonstratedsingsilhouette¢emplatefitting [Akimoto etal., 1993]andfeaturepointlabelling
[Mortlock etal., 1997 LeeandMagnenat-Thalmanri,999. The useof orthogonalview im-
agess analogougo the approacto whole-bodyreconstructiorpresentedn this paper

Reconstructiomf animatedacemodelsfor individual peoplefrom dense3D surfacemea-
surementkasbeendemonstratefEscherandMagnenat-Thalmanri,997 Leeetal., 1995 Terzopoulos
usingdatafrom active 3D rangesensorsA genericfacemodelis adaptedo the 3D measure-
ment pointsto accuratelymodelthe face shapefor animation. Colour information available
from the rangesensolis mappedon to the face. This approachachieveshighly accuratemod-
elling of thefaceshapebut lower quality visualappearancthanimagebasedechniquesMore
recentresearct{FuaandMiccio, 200Q Fua,1999 hasreconstructediense3D measurements
from stereoimagesandvideo sequencesf the face. A least-squaresurfacefitting approach
is thenusedto fit a genericfacemodelto the densedepthmap with constraintsfor feature

pointlocationandsilhouetteshape Currentlyfeaturepointsarespecifiednanually Thisimage



basedapproachachieseshighly realisticfacemodelsof individual peoplesuitablefor anima-
tion. DeCarloand Metaxas[DeCarloandMetaxas, 1996, DeCarloandMetaxas,1999] used
optical flow to fit constraineddeformablemodelsto video sequencesor estimationof both

shapeand movementof the face. Anthropometricconstraintshave beenintroducedto model
thevariationin headshapefor generatingsyntheticfacemodels[DeCarloetal., 1998]. Recent
work [Blanz andVetter 1999 achieved photo-realistidfacialreconstructiorbasedon a statisti-
calmodelof thevariationin faceshapeandappearancdervedfrom adatabasef captured3D

colourheadmodels.

Facemodellingtechniquesisingmultiple view imagesaresimilarto theapproactpresented
in this paperfor whole-bodymodelling. A differencein our approachs the useof silhouette
datato registerthe imageswith a genericmodelandestimatethe 3D shape.Silhouetteshape
is usedto reliably locatefeaturepoints on imagesof a clothedpersonwith large variationin
size,shapeand appearanceA currentlimitation of the automaticwhole-bodymodelling us-

ing silhouetteshapeis thereliability of facial reconstruction.Techniquedor facial modelling

[Blanz andVetter 1999, FuaandMiccio, 2000 LeeandMagnenat-Thalmanri, 998 Mortlock etal., 19

could beusedin conjunctionwith whole-bodyreconstructiorio achieve improvedfacial mod-
elling. However, currentimagebasedtechniquedor facemodelling requirea full resolution
imageto enableautomatideaturelabelling. In addition,currentfacemodellingtechniquesnay
fail to reliably reconstructaceshapeautomaticallyfor largevariationsin shapeandappearance

dueto hair, glassesandbeards.

2.3 Whole-body Modelling

Thereis considerablénterestin capturingmodelsof individual peoplefor anthropometristud-
ies, clothing design,humanfactorsanalysis,teleconferencingand virtual reality. A number
of systemshave beendevelopedfor measuremendf humanshapeby active projection of
a light stripe or patternonto the subjectand triangulationof the imageto obtain dense3D
surface measurements.Several ‘whole body’ measuremensystemsare now commercially
available basedon laserstripe triangulationincluding Cybernare, Hamamatsuand Vitronic,
for a recentreview see[Paquette]199q. Systemsare capableof capturingdense3D surface
measurementwith an accuray of approximately2—3mmand capturetimes of 10—20sec-

onds. However, suchdevicesare highly expensve and thereforeare only available for spe-



cialist anthropometricstudiessuchas military clothing or large scalesurweys. Identification
of anatomicalandmarkdrom surfacemeasuremendatais a primary goal of currentresearch
[Dekkeretal., 1998 Geiseretal., 1997]. The authorsarenot awareof ary reportedtechnique
for automaticallygeneratinganimatedwhole-bodymodelsfrom 3D scannedlata. A principal
limitation of currentwhole-bodymeasuremendystemdor capturingrealisticmodelsof indi-
vidual peopleis the quality of the capturedcolourinformation. Currentsystemsaredesigned
primarily for accurataneasuremenidf surfaceshapeanddo not provide photo-realistiacolour.

Themodel-basedeconstructioralgorithmpresentedhn this work addressesodellingpeo-
ple from a setof colourimages.Previousresearchhasachiesedreconstructiorof the 3D shape,
appearancandmovementof a personfrom multi-view video sequencessingreconstruction
from a forty camerastereosetup[KanadeandRander1997 and an eight camerasilhouette
systemMoezzietal.,1997. Thesesystemsaddresshelong-termaim of non-invasive capture
of 3D video. However, currentsystemgequireexpensve hardwareanddo not addressecon-
structionof a modelof a particularperson. Recentlya twelve cameramulti-view systemfor
whole-bodymeasurementas presentedGu etal., 1999 which enablescaptureof the shape
of a particularpersonin a singlepose.The shapes reconstructeavithout the useof a generic
humanoidmodel by fitting parametricsuperquadricmodelsto the silhouetteimagefor each
view. This systemresultsin a model of the 3D shapeof a particularindividual which is of
sufficientaccurag to provide dimensionameasurement®r clothingdesign.

Modelling of humanshapeandkinematicstructurehasbeenaddresseébr capturedmages
sequencefHilton etal., 1999 Planlersetal., 1999 KakadiarisasndMetaxas,1998a Wingbermuhleanc
A multiple poseapproachs introducedin [KakadiarisandMetaxas, 19984 for performinga
spatio-temporahnalysisof a capturedhumansilhouettesequenceo determinethe joint po-
sitionsand 3D shapeof body parts. Multi-view image sequenceare usedto animatea cus-
tomisedvirtual humanmodel[KakadiarisandMetaxas,19984. Resultsdemonstratethe sey-
mentationof the body into partsbasedon a sideview of the personperforminga pre-defined
sequencef arm andleg movements. Reconstructiorof modelsof body-partsusing a stereo
videoto estimatethe 3D surfaceshapehasbeendemonstratefPlankersetal., 1999. A least
squaresapproachis usedto simultaneouslyestimatethe shapeand kinematicstructure. Ini-
tial resultsdemonstratehe estimationof shapeand kinematic structureof the arm from a

frontalimagesequenceModel-basedeconstructiomf upperbodyshapdrom videosequences



[WingbermuhleandWeik, 1997] hasbeendemonstratedby fitting a simple generichumanoid
modelto the silhouetteof a particularpersonin eachimageframe.

Unlike previouswhole-bodymodellingtechniquesheapproactpresentedh this paperaims
to reconstructirecognisablenodelof a personshapeandappearancel he capturedsilhouette
imagesof a personin asingleposeareusedto modify the shapeof a generichumanoidmodel
to approximatehe shapeof a particularindividualandestimateheir kinematicstructure.Tech-
niquesfor estimatingkinematicstructurefrom imagesequencefiKakadiarisandMetaxas,1998a,
Planlersetal., 1999 couldbe combinedwith the currentapproacho accuratelyestimatgoint
positionsusingimagesof a personin multiple poses.This would significantlyimprove the ac-

curagy of thereconstructe#inematicstructurefor large variationsin shapesizeandclothing.

3 Overview

An overview of the model-basedBD humanshapereconstructioralgorithmis illustratedin
Figurel. A generic3D humanoidmodelis usedasthe basisfor reconstructioras showvn in
Figure 1(a). Four syntheticimagesare generatedor orthogonalviews (front,left,right, back)
of the modelby projectionof the genericmodelasillustratedin Figure1(b). To reconstruce
modelof a personfour orthogonaliew imagesarecapturedwith the subjectin approximately
the samepostureas the genericmodel. This is illustratedin Figure 1(c). We will referto
capturedimagesof a particularpersonasthe ‘dataimages’andto imagesof the generic3D
modelasthe ‘modelimages’.

Silhouetteextractionis performedon the model and dataimagesand a small set of key
featurepointsareextractedasillustratedin Figurel1(d) and(e). Initial alignmentof thefeature
points betweenthe modeland dataensureghat separatdunctionalbody partsof the generic
model(arms,legsandhead)arecorrectlymappedo correspondingartsof the capturedmage
silhouettes.Correctcorrespondencef body partsis requiredto achiese correctanimationof
thereconstructe®D modelof a particularperson.A 2D-to-2D linear affine mappingbetween
themodelanddataimagesilhouettess introducedo establisha densecorrespondenctr ary
point inside the silhouette. This correspondencean be usedto map the colour information
from thedataimageontothe modelimageasillustratedin Figurel (f).

The dense2D-to-2D mappingfor a singleimageis usedto definethe shapedeformation



of the 3D modelin a planeorthogonalto the view direction. Applying this deformationto the
3D genericmodelachieresa 2D-to-3D linear mappingof theimagesilhouetteshapeonto the
shapeof the 3D model. This model-base@D-to-3D mappingis the core of the techniquefor
reconstructiorof 3D modelsof people. Integrating shapedeformationinformationfrom two
or moreorthogonaliews givesthreeorthogonalcomponent®f shapedeformation.Applying
this deformationto the genericmodelwe canapproximatethe shapeof a particularindivid-
ual asillustratedin Figure1(g). Combiningthe 3D shapewith the 2D-to-2D mappingof the
colour informationwe canobtaina colour texture mapped3D modelasillustratedin Figure
1(i). Theresultingreconstructe@D modelprovidesa realisticrepresentatiomf a particular
individual. The articulatedjoint structureof the genericfunctional model canthen be used
to generatanovementsequence$or a particularindividual in a virtual world. Walking and

jumpinganimationsgderivedfrom motion capturedataareillustratedin Figuresl(h)and(j).

4 Model-basedavatar reconstruction

This sectionintroducesin detail eachstagein the reconstructiorof an articulatedmodelof a
specificpersonfrom multi-view images.The algorithmautomaticallyreconstruct& modelof
theshapeandappearancef a particularindividualwithoutarny userintervention. Thisapproach
addressewhole-bodymodellingandusesthe samealgorithmfor all body parts. This couldbe
combinedwith specificalgorithmsfor reconstructingheface[Lee andMagnenat-Thalmanri, 998

Mortlock etal., 1997 to obtainrealisticanimatedacemodels.

4.1 Generichuman modelspecification

Definitionof astandar@D humanoidnodelhasrecentlyrecevedconsiderablénterestor both
efficientcoding[Koenen, 1994 andanimationin virtual worlds[Roehl,1997]. In thiswork we
have adoptedthe draft specificationof the VRML HumanoidAnimation Working Group (H-
Anim) which definesa humanoidmodel structurewhich canbe viewed usingary VRML97
compliantbrowser A setof 3D humanoidmodelsbasedon the draft standardare publicly
availablefrom the humanoidanimationweb site [Roehl,1997]. The generichumanoidmodel
usedin thiswork is shovn in Figure2. The H-Anim draft standardiefinesa hierarchicalartic-

ulatedjoint structureto representhe degrees-of-freedonof a humanoid.The humanoidshape



(@) Generic model | (b) Model projection (c) Captured images

y

(d) Mode silhouette (e) Captured image data silhouette
Y

/ (f) Dence 2d mapping of dataimage on model silhouette

\4

L (g) 3D Model (h) Animation of reconstructed 3D model

8

i

IR\

(i) Colour 3D model  (j) Animation of reconstructed 3D colour model

Figurel: Overview of modelrect@structiorfor anindividual person



is modelledby attachingeithera 3D polygonalmeshsegmentto the joint for eachbody part
or a singleseamlespolygonalmeshsurfacefor the whole-body For examplethe articulated
structureof anarm canbe representedby threejoints shoulderelbow-wrist andthe shapeby
sgmentsattachedo eachjoint upperarm-forearm-hand.The shapesegmentscan be speci-
fied with multiple levels-of-detailto achiere both efficient and realistichumanoidanimation.
Material propertiesand texture mapscan be attachedo eachbody segmentfor renderingthe
model.

The model-basedeconstructioralgorithmintroducedin this papercanuseary reasonable
generichumanoidbody asthe initial modelwhich is modifiedto approximatethe shapeand
texture of a particularperson.Thereconstructioralgorithmcanalsohandlemodelswith mul-
tiple levels-of-detailfor eachbody part. All reconstructiorresultspresentedn this paperare
basedon a publicly available humanoidmodelwhich is compliantwith the draft standardand
givesa reasonableompromisebetweenrepresentatiomuality andanimationefficiengy. The
joint structurefor the generichumanoidmodelconsistof fifteenjoints asillustratedin Figure
2(a). Themodelshapeconsistof fifteen body segmentswith atotal of 10K meshverticesand
20K triangularpolygons. Therenderedsurfacemodelis shovn in Figure2(b). The VRML97
specificatiorallows movementanimationdasedn interpolationof joint anglesto be specified
independenbf the humanoidgeometry Figure2(c)and (d) shov snap-shot®f runningand
jumpinganimations.

The following nomenclaturas usedin later sectionsto refer to the polygonalmodeland
associatedexture map. Throughoutthis work the notation refersto a 3D vector

suchasa meshvertex. For eachbody partthe polygonalmeshis specifiedasalist of 3D

vertices, , andalist of  polygons, . An imageor
texturemap2D coordinatas definedas where istheverticalcoordinateand isthe
horizontalcoordinatewith andthe origin at the top left-handcornerof theimage.

Texturemappingof animageontoa polygonalmeshis specifiedby a 2D texture coordinatefor

eachmeshvertex,
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(a)Joints (b)Surface (a)Run (b)Jump
Figure2: Generichumanoidmodelbasednthe VRML draft specification

4.2 Image capture, silhouette and feature extraction
4.2.1 Image capture

An experimentalsystemhasbeensetupto capturewhole body imagesof an individual from
four orthogonaliews (front,left,back,right).The four view cameraconfigurationis illustrated
in Figure 3(a). Colour imagesare capturedusing a Sory DXC-930P 3CCD camerawith
picture elements.This givesa resolutionof approximately pixels for the
subjectsface. Imagesare taken againsta photo-reflectre blue screenbackdropcalled ‘T rue-
matte’ [Popkin, 1997 which allows reliable foreground/backgroundeparatiorwith arbitrary
foregroundlighting andclothing coloursincludingmostshade®f blue. The subjectstandsn a
standardposesimilar to the genericmodelposeasshavn in Figure5(a). Currentlyeachview
is takenwith a singlecamerawith the subjectrotatingto presenthe requiredview to the cam-
era. Theuseof asinglecameramayresultin smallchange®f posebetweenviews but hasthe
advantageof identicalintrinsic camergprojectionparametefor eachview. The captureprocess
resultsin asetof four dataimages, , for orthogonaVliews of aspecificperson.Only
two orthogonaliews arerequiredto approximatehe 3D shapeof a particularperson.Theuse
of four views givesadditionalhigh-qualitytexture informationfor the front, backandsidesof
thebody.
To modelthe imagecaptureprocessve assumea pin-hole camerawithout lensdistortion.

Thecamera3D to 2D projectioncanbe expressedn homogeneousoordinatesas:

(1)
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Figure3: Imagecapturesetup

Where is a 2D point in the cameraimage plane and
is a 3D point in world coordinatesexpressedn homogeneous
form. isthe4x3 camergprojectionmatrix which canbe decomposethto a 3x3 cameracal-
ibrationmatrix  (intrinsic parametersanda Euclideanrigid bodytransformin 3D space
(extrinsic parametershepresentinghe view transformfor the  cameran world coordinates.

Theindividual matriceshave thefollowing form:

Where is a3x3rotationmatrix, a3x1translationvectorand a3x1 vectorof zeros.

Thecameracalibrationparameters arethefocal lengthsand theimageorigin.

4.2.2 CameraCalibration

The capturesystemusesa single CCD camerato captureall four views of a personwith the

subjectturningbetweerviews. Figure3(b) illustratesthe camergprojectionprocesgor asingle
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view. Theuseof a singlecameraavoidsthe requirementor accuratemulti-cameracalibration
to registerimagesfrom differentviews.

Intrinsic cameracalibrationis basedon estimationof the cameraparametergrom direct
measurementf the field-of-view for a planeorthogonalto the view direction. Fromthe size

of the horizontaland vertical field-of-view at a distanceof three metersfrom the camerawe

estimatehecamerdocallengthsin imagepixelsas:

- and — . Thisgivesan
approximateestimateof the camerafocal length. As all views of a personaretakenwith the
samecamerathis estimates sufficient for view integrationandaccuratecameracalibrationis
not necessaryTheimageorigin is taken asthe centerof theimagewhich in pixel coordinates
is

Thereis no calibrationfor extrinsic cameraparameters.The personis assumedo rotate
approximately  betweerfront, left, backandright views. Extrinsic parameters aretaken
asorthogonarigid-bodytransformsof the cameracenterat a distanceof threemetersfrom the
origin of theworld coordinatesystemasillustratedin Figure3(a).

The approximatecalibratedcameramodel is usedto generatea setof four
syntheticimagesof the generichumanoidmodel, . Thisis achieved by projection
of eachvertex onthegenericmodeltoits correspondingmagecoordinates usingequation
1.

A four-cameracapturesystemcould be usedto captureall views simultaneously This
would have the advantageof avoiding movementof the persorbetweernviews. A multi-camera
systemwould requireaccuratecameracalibrationto enableview integrationandconsiderably

morespaceo setup.

4.2.3 Silhouetteextraction

Silhouetteextraction aimsto constructthe chain of image pixels which lie on the boundary
betweenthe image of the personandthe background. A standardchroma-key techniqueis
usedto identify backgroundpixels basedon the percentagef blue in eachpixel. Givenan
imagepixel with red, greenandblue colour components the percentagdlueis

. A constanthroma-ley threshold50%)is usedtogethemwith anintensity

threshold( ) to reliably generatea binary imagewith eachpixel labelledas either
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foregroundor background.An exampleof an extractedbinary silhouetteimageis shavn in
Figure5(b).

The silhouettecurve, , for eachcapturedimage, , is extractedby following an 8-
connectedchainof pixels on the borderof the foregroundimageof a person. We denotethe
silhouetteby the chainof ~ 8-connectedidjacentpixel coordinates whichis
specifiedin counterclockwiseorderwith-respect-taheimageview direction. An exampleof
an extractedsilhouettechainis shovn in Figure5(c). A similar processs performedon the
syntheticimages  of the genericmodelusinga binary thresholdto obtaina setof model

silhouettecurves,

4.2.4 Featureextraction

The objectie of featureextractionis to establisithe correctcorrespondencketweenhe cap-
tured dataand syntheticmodelimagesfor body partssuchasthe arms,legs, headandtorso.
Correctcorrespondencis essentiafor realisticanimationof the reconstructednodelof a per
sonbasedon the articulatedjoint structureof the genericmodel. We thereforerequirerobust
extractionof a setof featurepointsfor a wide rangeof changesn body shapesizeandcloth-
ing. To achiere this we constrainthe personto standapproximatelyin a pre-specifiedoose
andwear clothing which allows both the arm pits and crotchto be visible suchasa shirt and
trousers.Giventheseassumptionsin algorithmhasbeendevelopedfor reliableextractionand
localisationof a setof featureshasedon our knowledgeof the silhouettecontourstructure.

The algorithmfor extractingfeaturepointsis presentedn Figure4. Initially the algorithm
traverseghesilhouettecontour to locatefive extremumpoints, , onthecontour These
correspondo the head,handsandfeetasillustratedin Figure5(c). The extremapointscanbe
reliably extractedfor all silhouettesbut their location variessignificantly dueto variationin
shapeand pose. Therefore,the extremaare usedto identify five key featurepoints, ,
which canbe accuratelylocatedevenwith large changesn shapeandpose.Thefeaturepoints
correspondo thecrotch,arm-pitsandshouldersasshowvn in Figure5(d).

This proceduregivesreliable extraction of a setof key featurepointsfor a wide rangeof
peopleshape,size, clothing and hair-styles. It hasbeenfound that other potential features

pointssuchasthe neck cannotbe reliably localisedassmall changesn shapecanresultin a

largevariationin position.Resultingn apoorquality correspondendeetweerthecapturecand
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genericmodelimages.The setof extractedfeaturesaresufiicientto accuratelyalign the major
body partsfor a capturedmagesilhouette(head,torso, arms,legs) with thoseof the generic
modelimage.A similar procedures appliedfor the sideviews to identify thetip of thenoseas
theleft or right extremumon the head.Otherbody partssuchasthe fingerscannotbereliably
identifiedwith theimageresolutionusedaseachfingeris lessthanthreepixelsacross.Higher

resolutionimagesmaypermitcorrespondencese beestablishedetweeradditionalbodyparts.

4.2.5 Poseestimation

Poseestimationdentifiestheangleof thearmsandlegsfor asetof capturedmagesof aspecific
person.This informationis usedto adjustthe poseof the genericmodelto thatof a particular
individual. The poseof the arms,legsandheadare estimatedoy computingthe principal axis
for the contourpointscorrespondindo eachof thesecomponentslf the setof contourpoints

for aparticularbodypartis thenthe principalaxisis givenby:

(2)

The angleof the principal axis with the vertical givesthe approximateposeof the body
parallelto the imageplane. The body part poseis usedin the mappingto correctfor small

variationsbetweerthe genericmodelandthe capturedmagesetfor a particularindividual.

4.3 2D-to-2D Silhouette Mapping

The objectve of mappingbetweenthe generichumanoidmodelandthe capturedmagesis to
establisha densecorrespondenctr mappingeachmodelpart. Densecorrespondencestab-
lishesa unigueone-to-onanappingbetweerary point, , insidethegenericmodelsilhouette
anda point on the samebody part, , insidethe capturedmagesilhouette.This correspon-
denceis usedto modify the shapeof the generichumanoidmodelto approximatehe shapeof
a particularindividual. For exampleto achiese realisticarm movementfor the reconstructed
modelof anindividual it is necessaryo mapthe projectionof the arm on the genericmodel
imageto the correspondingrmon the capturedmage.

Body-partcorrespondencis establishedisingthe featurepoints, , onthesilhouette
contoursof the genericmodel and the captureddataimages. Thesefeaturescan be usedto

establisha correctcorrespondencéor eachpart of the humanbody Basedon the five key
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1. Findtheextremumpoints

(a) Findthe extremumpoint on the top of the head, , asthe contourpoint with minimum
verticalcoordinate, :

and

(b) Find the extremumpointontheleft, , andright, , handsasthe contourpointswith
minimumandmaximumbhorizontalcoordinate, :
and

and

(c) Evaluatethe centroidof the silhouettecontour:

(d) Find the extremumpointson the left, , andright, | feetasthe contourpointswith

maximumverticalcoordinate, , eithersideof the centroidshorizontalcoordinate,

and
and
2. Findthefeaturepoints
(a) Locatethekey featurepointscorrespondingo thecrotch, , andtheleft, , andright,

, arm-pitsasthe contourpointswith minimumverticalcoordinate, , whicharebetween

the correspondindnandandfeetextremumpoints:

crotch and
left-armpit and
right-armpit and
(b) Locatefeaturepointson the left, , andright, , shoulderswith the samehorizontal

coordinate, , asthearm-pitfeatures  and
left-shoulder and

right-shoulder and

Figure4: Algorithm for featureextractionfrom asilhouettecontour for front andbackviews
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Figure5: Silhouetteandfeatureextractionfor front andsideview silhouettes

pointsthe humanmodelis separatednto seven functional partsasillustratedin Figure 6(a):
head(1);shoulders(2)jeft-arm(3); right-arm(4);torso(5);left leg(6); right leg(7). Separating
the silhouetteimagesinto body-partallows a densemappingto be establishedndependently
for pointsinsideeachbody-partsilhouette.

A uniqueone-to-onecorrespondencbetweenpointsinside the modeland datasetsfor a
particularbody-partis establishedyy a 2D linear mappingbasedon therelative dimensionsof
the silhouette. This is equialentto a 2D affine transformin the imageplane(rotation,scale,
shearandtranslation). The mappingbetweencorrespondingointsinsidethe silhouettefor a

particularbody partis givenasfollowsin homogeneousoordinates:

3)

Thecomponents representherotation,shearandscalebetweerthe partsand translation

betweerbodyparts.If the Principalaxisof thebody partsarealigned and
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representhehorizontalandverticalscalefactorsrespectrely. Theverticalscalefactor , and

translation, , for aparticularbodypartcanbe computedrom theverticallimits,

Similarly the horizontalscalefactor ~ andtranslation aregiven by the horizontallimits,
, for ahorizontalslice throughthe silhouettecontour Theverticaland

horizontalscalefactorsandtranslationsaregivenby:

This mappingenablesus to evaluatea uniqueone-to-onecorrespondencef pointsinside
thedatasilhouette  for any pointinsidethemodelsilhouette . Thisallows 2D information
suchasthecolourfrom the capturednodelto bemappedo the silhouetteof the genericmodel
asillustratedin Figurel (f). Themappingachiezesanexactcorrespondencatthefeaturepoints
andacontinuousmappingelsavhereincludingacrosoundariebetweerdifferentbodyparts.

Thechangan position  betweermodelanddatasilhouettes givenby:

(4)
This 2D changen positionin theimageplanefor a particularview canbe usedto estimate

the changen positionof a 3D point orthogonalto theview direction.

4.4 2D-t0-3D ShapeMapping from Orthogonal Views

Theobjectveof the2D-to-3Dmappings to combinethedense2D-to-2Dmappinginformation,
, from multiple views, to estimatehe 3D displacement, of apoint onthe
surfaceof the 3D model. We first outline the theoryfor 2D-to-3D inverseprojectionandthen

presenthe applicationof this to our model-basedeconstruction.

4.4.1 2D-to-3DInverseProjection

A pointin the 2D cameramageplanecorrespondso aninfinite ray in 3D space.Therefore,

inverting the cameraprojectionequationl givesthe equationof a line in 3D space. From
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Figure6: 2D-to-2D mappingbetweemmodelanddatasilhouette

equationl theinverseprojectionin homogeneousoordinatedor the  view directionis:

(5)

where is a scalefactorequalto the orthogonaldistanceof the 3D point from the camera:
. The estimated3D displacementomponent is orthogonalto the

cameraview direction . Theinversecamereacalibrationandtransformmatricesaregivenby:

Thusthe 3D pointonthemodelin realcoordinates is onthe 3D line representedly:
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(6)

Equation6 definesthe relationshipbetweena line throughthereal 3D point, , andthe
estimated2D displacementor the in theimageplanefor the correspondingpoint on the
genericmodel . Asthereal3D point, , is unknovn we mustestimatethe scalefactor

in orderto estimatethe 3D displacement, , orthogonato the cameraview direction.

4.4.2 Singleview 3D displacement

The 2D-to-2D mappingfor the  view givesan estimateof the displacemenbf a 3D point
betweenthe projectionof thegenericmodel  andthe projectionof the surfaceof arealper
son . This2Dimageplanedisplacement, , definedoby equatiord, canbeusedto estimate
the 3D displacementomponent, , of the projected3D point, , onthe
genericmodelorthogonalto the  imageview direction. This is achieved by estimatingthe
inverseprojectionof the displacemenof the 2D point in the cameramage. Theinverse
projectioncanbe estimatecuniquelyfrom our knowledgeof the distanceto the corresponding
3D point, , onthe genericmodel. This approximateshe unknovn distanceto the corre-
sponding3D point, , onthecapturedersorwhichwe wantto estimate Fromequation we

obtainthe approximate3D displacemenas:

(7)

wherewe have approximatedhe distancealongthe ray by the distanceto the corresponding
point on the genericmodel: . The distanceto the generic
modelis a reasonabl@pproximationasthe distancebetweerthe cameraandperson, ,
is large relative to the differencein 3D surface position, , betweenthe modeland
person.Section6.2 presentsan analysisof the errorsin the reconstructednodelbasedon this
assumption.

Estimationof the 3D displacementomponentorthogonalto the view directionis illus-
tratedin Figure7(a). A singleview image  givesanapproximationof the componentf 3D
displacement  of a known 3D point on the genericmodelorthogonalto the  view
direction suchthat e . For examplefor the front imagethe view

direction, , Is alignedwith thez-axisof theworld-coordinatesystemconsequently
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the displacemenof animagepoint givesanapproximationof the 3D dis-
placemenbrthogonato theview direction . Similarly aleft sideview with
view direction givesanestimateof the 3D displacement

Applying the estimateddisplacementomponento eachvertex on the 3D genericmodel
resultsin anaffine transformof the 3D modelorthogonalo the view direction. Application of
the 2D-to-3D mappingfor asingleview is illustratedin Figure8(a). Reprojectinghe modified
modelresultsin a silhouettewhich approximateshe capturedsilhouetteshape. The surface
shapefor 3D pointswhoseprojectionis inside the silhouetteis a 2D affine transformof the

shapeof thegenericmodel.

4.4.3 Multi-view 3D displacement

Combiningthe estimateddisplacementomponentgrom two or more orthogonalviews of a
point we obtainan estimateof the 3D displacement , asillustratedin Figure7(b). Only
two orthogonaliews arerequiredto estimateall threecomponent®f the displacementvhere
eachview givesestimatesf two of the threecomponents.To obtain an estimateof the 3D
displacementrom two or moreviews we caneithertake estimate®f eachdisplacementom-
ponentfrom a singleview or combinethe estimatesDisplacementomponentérom multiple

views canbe combinedby averagingto estimatehe 3D displacement:

— (8)
where , and arethenumberof displacemenéstimatesn aparticulardirection.Com-
bining displacementomponentérom multiple views average®ut any misalignmenbr change
in shapeof the2D silhouettedor differentviews. This givesanestimateof the3D displacement

of apointonthegenericmodel . Theestimatedlisplacemenis usedto approximatehe

3D shapeof a specificperson:

(9)

The genericmodelshapeis modifiedby estimatingthe 3D displacement for each

vertex . Themodelvertex position, , is projectedto the 2D imageplaneusingthe camera
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Figure7: 3D Displacemenestimationfrom multiple view 2D imagedisplacements

model equationl to obtainthe 2D coordinates . This point is thenmappedto a cor
respondingpoint on the captureddataimage usingequation3. The 2D displacement

is thenusedto estimatethe correspondin@D displacementomponenbrthogonalo

theview direction from equation5. The 3D displacementomponent$rom eachview
arethencombinedusingequation8 to estimatethe 3d displacement for avertex onthe
model.

Applying the estimatedvertex displacemento all verticeson the genericmodelresultsin
a modified model which approximateshe shapeof a specificperson. The 2D-to-3D shape
mappingfor two orthogonalviews is illustratedin Figure8(b). The modified 3D modelfor a
particularindividual will producesilhouetteimageswith approximatelythe sameshapeasthe
capturedmagesilhouettedor eachview direction. Pointsthatdo not projectto the silhouette
boundaryaresubjectto alineartransformbasedon the positionof the correspondingpoint on
the 3D model. For examplecon-caities on the generichumanoidmodelare scaledaccording
to the 2D affine mappingto producecon-caities in thefinal model. Theresultingmodified3D
modelshapes a first orderlinear approximationof the shapeof a particularpersonbasedon
thelocal surfaceshapeinformationrepresenteth the 3D generichumanoidmodel. The same
processs appliedto estimatethe 3D joint positionsof a particularindividual from the joint

positionsin the genericmodel.
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4.5 Colour texture mapping

The 2D-to-2D mappingfor a singleview enableghe colourtexture of the captureddataimage
to be mappedonto the projectedmodelimageasillustratedin Figure1(f). For all points,
insidetheprojectedyenericmodelwe know the correspondingointonthe captureddataimage

. To texture mapthe 3D modelwe projecteachvertex to obtaintheimagecoordinates

andfrom the 2D-to-2D mappingobtainthe correspondinglataimagecoordinates

Theproblemis thento obtaina singletexturemapfor eachbodypartby integratingthefour
view images.Integrationof multiple view imagesto obtaina singletexture maphaspreviously
beemaddressetbr face[Akimoto etal., 1993 Mortlock etal., 1997 LeeandMagnenat-Thalmanri,99¢
andobject[Niem andWingebermuhle1997,SannierandMagnenafThalmann, 1997 modelling
by back-projectingo a singlecylindrical texture map. This assumeshatthe modelgeometry
is known accuratelysuchthat correspondingointsfrom differentimagesprojectto the same
point on the modelandconsequentipackprojectto the samepoint on the cylindrical texture
map. In our casethis assumptioris not valid asthe modelgeometryis not known accurately
andtheimagecorrespondencdsetweernviews areunknovn. However, we have foundthatus-
ing the approximategeometricshapenformationfrom the reconstructeanodel,togethemwith
the mappingfor eachview onto the genericmodel, we canachieve visually realistic models
usinga cylindrical texture mappingapproach.The mappinginformationfor eachbody partap-
proximatelyalignsthe multi-view images.Texture blendingis performedto achieve a smooth
transitionfor overlappingimageswhich arenot preciselyaligned.

Cylindrical texture mappingis usedasfor the majority of body parts(arms,legsandtorso)
it resultsin a unique one-to-ong(injective) projectionfrom the model surfaceto the texture
map. Theresultingcylindrical texture canthenbe storedin a 2D imageformat. However, for
regionsof comple« geometry suchasthe earsandhair, multiple pointson the modelsurface
may projectto the samepoint on the cylinder. This preventsa uniquetexture coordinatebeing
derived for eachpoint on the modeland may resultin visual artifactsin the texture mapped
model. In this work we usea cylindrical texture mapfor all body parts. The cylindrical texture
coordinates for a vertex on the reconstructedlatamodel is

evaluatedas:

(10)
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Figure9: Cylindrical texture mappingof a pointon a slicethroughthe 3D model

Wherethe modelcenteris givenby the centerof the silhouetteslicesfor the front andside
view as: and . The cylindrical mappingfor a
horizontalslicethroughthe modelis illustratedin Figure9. This mappingis usedto evaluatea
cylindrical texturecoordinate for all meshverticiesonthe  onthereconstructednodel.

This enablesisto mapthe colourinformationfrom the capturedmagesnto thecylindrical
textureimage.For eachmeshvertex ~ we have a cylindrical texture coordinate andimage
coordinatein two orthogonalview images . Therefore,for eachtriangle we canmapthe
colour information from the capturedimagesto the cylindrical texture map. As in previous
work [Mortlock etal., 1997 barycentriccoordinatesf pointsinside the triangle are usedto
mapthe capturedmagecolourfor pointsinsidethe triangleto pixelsin the cylindrical texture
map.

Mappingfrom capturedmageto cylindrical coordinatesesultsin overlappingregionsbe-
tweenorthogonalview images. To obtaina smoothtransitionbetweenoverlappingtexturesa
ramp weighting function is usedto integratecolour information. For examplein cylindrical
coordinateshefrontimagemapsin therange - — andtheleft image . Tointegratethe
views we mapcolourvaluesfrom the front view only for — — andfrom left view only for

— — . Intheregion — — weintegratethefront andleft colourvaluesaccordingto
the rampweightingfunction: where varieslinearly in therange

overtheinterval and is thered, green,blue componentolourvector This simple
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Figure10: Original imageandintegratedtexture mapsfor head shouldersaandtorso

linearintegrationalgorithmhasbeenfoundto producereasonableesultsandthereforea more
sophisticatedblendingalgorithmhasnot beenused.

This approachgenerates singlecylindrical texture mapfor eachbody partby integrating
informationfrom thefour views. Figure10 shavs exampleof integratedtexturemapsobtained
for several body parts. All four views are integratedfor the headand shouldertexture maps.
For thetorsoonly the front andbackimagesareusedasthe sidesarenot visible resultingin a

discontinuityin theimagetexture.

5 Results

The experimentalsystemfor whole-bodymodelling presentedn this paperhasbeenusedto
capturemodelsof approximatelytwenty individualswearinga variety of clothing. Imagesare
capturedusing a single camerawith the personturning to presenttheir front, left, back and
right sides.Theresultspresentedn this sectionshav modelsgeneratecutomaticallyfrom the

capturedmageswithout any manualinterventionusingthe approachntroducedn section4.
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5.1 Whole-body modelling

The model-basedeconstructioralgorithmhasbeenusedto capturemodelsof approximately
twenty individualswearinga variety of clothing. Subjectswere constrainedo wearclothing
suchastrousersandshirt which allows the locationof the arm pits andcrotchto bevisible in
thefront view. Thesilhouetteextractionandfeaturepointidentificationalgorithmspresentedn
sectiord wereappliedto automaticallyidentify thefive key points. Thefeaturepointextraction
algorithmwasfoundto give valid featurepoint labellingfor all capturedmages.This includes
peoplewith a wide variety of clothing including baggy shirts and skirts which obscurethe
physicallocationof the crotchandarm-pits. Thefeaturepointsenablehebodyto besegmented
into seven parts. The model-basedeconstructiorfrom silhouettess appliedto all body parts
exceptthehandsandfeet. Handsandfeetaremodelledby scalingthe correspondingpartof the
genericmodelasthereis insufficient informationon the silhouetteimagesto identify feature
points.

Reconstructe@D modelsfor threeindividualsare shovn in Figure5.1(a). The left-hand
column shaws the original front and left side colour photos. The secondcolumn shows the
estimatedoint positionsandreconstructeanodelfront view silhouette. from the front view.
The remainingcolumnsshaow the 3D modelwith andwithout texture anda singleframefrom
a runninganimation. Theseresultsdemonstrateéhat the automaticreconstructiorgenerates
recognisabl&D facsimileof therealperson.Thereprojectedsilhouetteshapeof the personfor
the four views matcheghe silhouetteshapeof the capturedmage. It shouldbe notedthatthe
silhouetteshapefor the handsandfeetdoesnot matchastheseareonly scaledversionsof the
genericmodelhandsandfeet.

Thereconstructe@D whole-bodyshapebasedon the silhouettedatagivesa goodapproxi-
mationof theshapédor a particularindividual. Someartifactscanbe seenin theshapebetween
the arm-handandleg-foot. This is dueto to poor segmentationof the feet from the legsand
handsasno featurepointsareavailable. The 3D shapeapproximationis of sufficientaccurag
to givearecognisablenodelwhentexturemappedvith theimagecolourinformation. Thejoint
positionsestimatedrom thesilhouetteshapegive anapproximatiorof theanatomicabtructure
of a person. Provide the clothing doesnot obscurethe true crotch and arm-pit locationsthe
estimatedoint positionsaresufficiently accuratgo enablerealisticanimation.

Furtherexamplesof reconstructednodelsfor male and female subjectsare presentedn
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Figure5.1(b). Notethatoneof the subjectds wearinga long skirt which violatesthe assump-
tion that the crotch point is visible. In this situationa good model of the personsshapeand
appearance generatedHowever, thejoint positionsareincorrectandresultin aninvalid ani-
mationasthe body-partcorrespondencieetweerthe genericmodelandpersonarenot correct.
Anatomicalconstraintscould be usedto give improved estimatef the joint positionin this
situation. Figure5.1(c) shaws reconstructiongor the samepersonwearingdifferentclothing.
This example demonstrateshat the approachcan be usedto generatea setof modelsfor a
particularindividual suitablefor multiple virtual world applicationgbusiness,sports,leisure).

Theseresultsdemonstratehe feasibility of obtainingrealistic whole-bodymodelsfrom
setsof capturedmages. The quality of the final texture mapped3D modelsis limited by the
resolutionof thecapturedmages.Thecurrentresolutionis sufficientfor realisticapproximation
whenviewing the whole body but not for close-up<f individual partssuchasthe face.High-
resolutionimagesof individual body partswould allow reconstructiorof realistic modelsfor
close-upviews.

Currentlythe principallimitation of thereconstructiorirom silhouettess the quality of the
facemodelsgeneratedDueto the absencef featurepoint labelling on the facethe alignment
with thegenericmodelis inaccurate This mayresultin bumpsin thefaceshapeanddistortion
of thefaceshapdn the presencef long hairwhich obscureshesidesof theface.Previousfea-
turebasedapproachet facemodelling[Lee andMagnenat-Thalmanri, 998 Mortlock etal., 1997
couldbeusedto improve facemodellingif full resolutionfaceimageswverecaptured However,
currenttechniquedor facemodellingmay alsofail to automaticallyreconstrucfaceshapen

the presenc®f hairandglasses.

5.2 Animation

Animationof thereconstructe@D modelsfor particularindividualsperformingstandardanove-
mentsis illustratedin Figure12. In thiswork avatarshave beenanimatedusingsimpleanima-
tion sequencefor walking, runningandjumpingwhich arepre-definedrom capturedmotion
data. Theanimationsequencen theform of joint angle/axigotationsareapplieddirectlyto the
virtual modelfor aparticularindividual. Multiple virtual peoplemodelscanberunin real-time
with reasonablysmoothmovementon a400MHz Pentiumplatform.

Figure 12(a) shawvs a simple virtual catwalk scenewith several animatedvirtual people.
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(a) Reconstructedhodels:Photo;Joints;3D Model; 3D ColourModel; RunningAnimation

(b) Examplesf male/femalevirtual people
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(c) Modelsof the samepersonwith differentclothing

Figurell: Reconstructe@D texture mappedmodelsfor individual people



The articulatedstructureof the generichumanoidmodelis modifiedfor a particularindividual
by mappingthe 3D joint positionsusing the 2D-to-3D mappingalgorithm presentedn the
previous section. The animationparameterasedon joint angleinterpolationarethe sameas
for the genericmodel. Animation of movementssuchaswalking, runningandjumping using
acommonsetof parametersesultsin reasonablenovementof a particularindividual for VR
applications However, the animationis basedon arigid 3D modelwhich doesnotincorporate
changesn the body or clothing shapeduringmovement.This resultsin visible artifactsin the
humanoidanimation.

Figure12(b) shavs a sequencdrom the walking animationfor a particularindividual. As
the clothing texture is rigidly fixed to the segmentsof the genericmodelthe clothing moves
rigidly with the body partsresultingin visual artifactsas regions of the texture appearand
disappearThis canbe seenin the pelvisregion for the front views of Figure12(b). A second
visualartifactin theanimationoccursdueto the segmentbasedstructureof thegenericmodel.
Thereconstructioralgorithmmodifieseachsegmentin the bodyto approximatehe silhouette
shapefor a particularperson. Whenthe modelis animatedthe deformedsegmentsmay no
longerform a smoothsurfaceresultingin visible gapsnearthejoints. This canbe seenfor the
kneefrom the sideview of theanimationsequencef Figure12(b).

Thereconstructegbint structureand3D colourmodelsachieve realisticanimationof aper
sonsmovement. However, visual artifactsoccur dueto the genericmodel structureand the
simplicity of the animation.Greatermrealismcould be achiezed usinga moresophisticatedhu-
manoidmodelbasednaseamlesmeshwhichcanbedeformedn real-time[Kalra andMagnenaifl haln
Physics-basethodelscouldalsobe usedto achieve realisticdeformationof the skin andcloth-

ing. However, this may be prohibitively expensve for real-timeapplications.

5.3 Avatar Booth

A commerciaboothsystemdevelopedusingthe approactpresentedn this paperns illustrated
in Figure13. The boothusesa singlecameracapturesystemwith the personturningto present
the four front, backandsideviews. Manualinteractionis usedto identify key featurepoints
ontheface. The useof manuallyidentifiedfacefeaturepointsensureghatfacesarecorrectly
reconstructedvhenthesilhouetteis obscuredy the persongair. Whole-bodymodelsarethen

generatecdutomaticallyusingtheapproactpresentedh this paper A generichumanoidnodel
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(a) A simplecatwalk scenewith four models

(b) Frontandsideviews of the walking animation

Figurel2: Virtual peoplein avirtual catwalk sceneanimation
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Figure 13: Proto-type avatar booth to populate virtual worlds (courtesy AvatarMe Ltd.

WWW. a/atarme.com)

with a seamlessneshsurfaceis usedto give smoothanimationof the reconstructedirtual
personsshape.

The prototypebooth systemwas launchedat SIGGRAPH’99and hasrecentlybeenused
in alocation-base@ntertainmenapplicationto generatdens-of-thousandsf modelsof mem-
bersof the generalpublic of all ages sizes,shapesandappearanceResultsof this mass-user
generatiorof modelsof peoplehasdemonstratedhat the whole-bodymodellingtechniques
reliableandrobustto changesn shapesizeandclothing. The approactsuccessfullycaptures
modelswhich arerecognisableandcanbe realisticallyanimatedfor a wide variety of people.
The generatedrirtual peopleare immediatelyshownn in variousanimationsequencesuchas
dancing,skateboarding,andplaying basletball. Modelsarethensecurelyuploadedonto the

internetfor personalisein variousVR, entertainmenandgamesapplications.

6 Discussion

6.1 Assumptions

Themodel-basedavhole-bodyreconstructiorfrom silhouettesntroducedn this papermakesa

numberof underlyingassumptions:
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1. Thepersonis standingn anapproximatelyknown pose.
2. Thepersonis wearingclothingwhich allows the arm-pitsandcrotchto beidentified.

3. Thepersonshapecanbe approximatedy an affine transformof the generichumanoid

from two or moreorthogonaliews.

4. Theanatomicajoint structureof a personcanbe approximatedy anaffine transformof

thejoint structurefor the genericmodel.

5. Theestimatedshapeanformationis sufficiently accuratdo enableintegrationof the cap-

turedimagesinto asingletexturemap.

Thefirst two assumptiongresatisfiedoy constrainingthe clothing andposeof the person
captured.Theseassumptiongresatisfiedfor a wide rangeof peoplesize,shapeandclothing.
The resultsdemonstratehat the reconstructions insensitve to a wide variationin the initial
pose.If the constrainton clothingarenot satisfiedthe personshapeés correctlyreconstructed
but their estimatedoint positionsmay beincorrect.

Theresultsdemonstrat¢éhatthe approximatiorof thebody shapdrom the orthogonaliew
silhouettegyives a reasonablenodel of the body surface. This is the casefor all body parts
exceptthe head handsandfeet. For otherbody partsnon-uniformscalingof the genericmodel
shapegivesa goodapproximationof the shapeof a particularindividual dueto their inherent
symmetry Similarly, non-uniformscalingof the joint structuregivesa reasonabl@pproxima-
tion of the joint positions. The resultsdemonstratehat the approximateshapeis sufficiently
accurateo enableblendingof overlappingimagesfrom multiple views to obtaina singletex-
turemap. Texturemappingof amodelwith approximatelythesameshapeasaparticularperson
givesarealisticvirtual model.

An additionalassumptioimadein the singlecameracapturesystenusedin thiswork is that
the approximatentrinsic and extrinsic cameracalibrationenablessatishctoryreconstruction.
The shapeapproximationerror resultingfrom the intrinsic calibrationis discussedn section
6.2. Theextrinsic calibrationis determinedyy the personturning by to presentachview.
Thereconstructiorhasbeenfoundto beinsensitve to errorsin boththeintrinsic andextrinsic
calibration. No reductionin the visual quality of the reconstructeanodelhasbeenobsened

dueto errorsin thecalibration.
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6.2 ShapeApproximation Err or

Themodel-basedeconstructiorof 3D shapdrom silhouettegpresentedn sectiond.4is based
on the assumptiorthat the distanceto a point on a particularindividual  is approximately
equalto the distanceto the correspondingpoint on the genericmodel . This assumptions
usedto enableevaluationof the inverseprojectiongivenby equation5. In practicetheerrorin
thisdistancas theprincipalfactorcontributingto theerrorin theestimatiorof the3D silhouette
shapédor a particularperson.

Givenanestimateof the maximumerrorin the distancebetweerthe cameraandtheperson
we canestimatethe errorin the 3D silhouetteshape. This is illustratedin Figure 14(a). For
a pin-hole cameraalignedwith the world coordinatesystemwe have the relationships:

and . Now if we know that thenwe

canderive thefollowing relationship:

— — (11)

For the currentexperimentaketup asillustratedin Figure3, thedistancebetweerthe cam-
eraand personis approximately and the maximumerror in a personspositionis
. Fromequationll the resultingmaximumpercentagerrorin the estimated3D
silhouettewidth or heightis approximately3%. For atypical personswidth of 0.6mthe cor
respondingerrorin the estimatedpoint on the 3D silhouetteis andtheresulting
errorin the estimatedvidth of the personis

This level of accuray is adequatdor the proposedapplicationof capturinghumanmodels
to represenpeoplein virtual worlds and games. However, this accurag is not sufficient for
clothingapplicationsor anthropometrieneasuremenivherea maximumerrorof lessthan1%
(0.01m)is required.Currentlaserbasedvhole-bodymeasuremerdgystemsaremoreappropri-
atefor this applicationdomain.

The above analysisgivesan approximatemaximumerror for pointson the 3D modelsil-
houette. Thereconstructedurfaceshapeapproximationof a particularindividual is basedon
the shapeof the generichumanoidmodel. The shapeof the generichumanoidmodelis scaled
accordingto a linearaffine transformto fit the 3D silhouetteshapeof a particularindividual as

discussedn sectiond. A particularindividual with clothingmay exhibit large shapevariations
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Figurel4: Errorsin 3D silhouetteestimatiorandmodel-basedurfacereconstruction

which arenotcapturedn the orthogonaliew 3D silhouettesThereforeerrorswhich arelarger
thanthe maximumsilhouetteerror may occurparticularlyfor complex body partssuchasthe
headwith long hair. For approximatelysmoothsymmetricalbody partssuchasthe arms,legs
andtorsotransformingthe modelto fit the orthogonaVliew silhouetteswill give anapproxima-
tion error for the body surfacesimilar to the errorin the estimated3D silhouettes.Hence,for
smoothbody partswe canexpectthe maximumerrorto be of the sameorderof magnitudeas
theerrorin thesilhouetteapproximation.The surfaceapproximatiorerrorbasedn scalingthe
genericmodelis illustratedin Figure 14(b) and(c) for a smoothsurfaceshapeanda comple
shape.

A limited quantitatie evaluationof theaccurag of the 3D silhouetteandmodel-basegur

facereconstructiorhasbeenperformed.This evaluationwasperformedby directcomparisons
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of measurementsf the dimensionf a personwith the correspondinglimensionson the re-
constructed3D model. Resultsof this analysisindicatethatthe errorin the 3D silhouettedi-
mensiongs of the orderof for mostof the body excluding the face,handsandfeet.
Similarly, for smoothbody partssuchasthe arms,legs andtorsothe error in the estimated
surfacecanbe estimatedoy taking cross-sectionghroughthe reconstructeanode. From this
analysisit hasbeenfoundthatin generatthe erroris lessthan of therealbody shape
for smoothbody partswith approximatelythe sameshapeastheoriginal model. The sampleof
modelstakenfor this evaluationis limited to thoseillustratedin this paper Full evaluationof the
accurag of the reconstructiorprocesscould be achieved by comparisorof the reconstructed
modelswith measurementsf the samesubjectacquiredusingawhole-bodylasermeasurement
system. This hasnot beenperformeddueto the lack of accesgo sucha device. However, as
thefocusof the proposedpproachs noton measuremeniaf whole-bodyshapat is considered
thatthis analysiss nonessentiato validatethe currentapproachReconstructedhodelsshould

be evaluatedqualitatively in termsof visualappearance.

6.3 Computational Cost

The primary costin thereconstructioralgorithmis the computatiorof displacementfor mesh
verticeson the genericmodelto approximatehe silhouetteshapeof the captureddataimages.
This requiresfirst projectingeachmeshvertex on the genericmodelto the 2D imageplane
usingequationl. The projectionmatrix canbe pre-computedencethis operationrequiresl4
multiplication and 12 additionoperations.The next stageis to mapthe 2D vertex projection
from the modelto datasilhouette. The 2D-to-2D silhouettemappingis pre-computedas a
lookuptablewhich mapseachhorizontalsliceonthemodelsilhouetteto thecorrespondinglice
onthedatasilhouette. Thelookuptablecontainghe pre-computedhorizontalandverticalscale
factorsfor eachhorizontalslice. This lookuprequiresa singleoperationpervertex. Hence the
costof 2D-to-2Dmappingfor eachvertex is determinedy the costof implementingequation3
which requireswo multiplicationsandtwo additionoperationgpervertex. Finally, the 2D data
vertex positionis reprojectednto 3D spaceusing equation5. The inverseprojectionmatrix
is pre-computed.Evaluationof the inverseprojectionfor a singleview directionrequiresl6
multiplication and additionoperationger vertex. This sequencef operationds repeatedor

eachvertex in eachview direction. Hence the computationatomplexity of thereconstruction

37



algorithmis where is thenumberof meshverticies. The numbertotal of operations
per vertex for reconstructionfrom four views is 128 floating point multiplicationsand 120
additions.

The experimentalimplementatioron a 400MHz Pentiumll PC Platformrequiresapproxi-
mately3 minutesto performthe completereconstructiorirom imagecaptureto texturemapped
3D model.Thisis for agenerichumanoidnodelcontainingatotal of 10K meshverticies.This
processs completelyautomatiarequiringno userintervention. It is ervisagedhatthis compu-
tationtime couldbesignificantlyreducedvith furtheroptimisationof thesoftware. Commercial
developmentof this approacthasreducedhe reconstructiortime to lessthan15 secondsn a

similar platform.

7 Conclusions

A model-base@pproacthasbeenintroducedor automatiaeconstructiorof anarticulated3D
colour model of a particularpersonfrom a setof colourimages. Resultsdemonstratedhat
this approachachieses recognisablanodelsof individuals with a wide rangeof shape,size
andclothing. Thereconstructednodelrepresentshe 3D shapegcolourtexture andarticulation
structurerequiredfor animatingmovements.This approachenabledow-costcaptureof mod-
els of peoplein a VRML H-Anim avatarformat suitablefor populatingvirtual worlds. The

principal contrikbution of thiswork are:
Novel methodfor model-basedeconstructiorof shaperom silhouettes.
Whole-bodyreconstructiorof shapeandappearancéom multi-view images.
Captureof modelsfor clothedpeople.
Automaticreconstructiorof full bodyanimatednodels.

Theresultspresentedlemonstrat¢he feasibility of model-basedeconstructiorof realistic
representationsf individual peoplefrom setsof images. However, several issuescould be

addresseth futurework to achieve photo-realisti@nimatedmodels:

Facialfeaturepointlabellingfor accuratenodellingandanimationMortlock etal., 1997,

LeeandMagnenat-Thalmanr,99§.
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Captureof a personin multiple posedfor accuratereconstructiorof kinematicstructure
[Planlkersetal., 1999 KakadiarisandMetaxas,19983.

Seamlessleformablegenericmodelfor realisticanimation.
High-resolutionmageacquisitionfor improvedphoto-realism.
Synchronousmageacquisitionfrom multiple views to avoid movement.
Increasedchumberof views to reduceocclusion.

Multiple levels-of-detailto efficiently represenshape.

Furtherdevelopmentof this systemand integrationwith previous work on faceand body
modellingwill give incrementaimprovementsn the quality of thereconstructeanodels.The
silhouettebasedapproactfor mappinga generichumanoidmodelto a particularpersoncould
beusedto generatanimatednodelsfrom 3D whole-bodysurfacemeasurementscquiredrom
passve steregPlankersetal., 1999 or commercialaserstripescanners.

Theresultspresentedh this paperdemonstrat¢he potentialof alow-costwhole-bodysys-
tem for capturingrecognisable8D modelsof individual peoplefrom setsof colour images.
Currentmodelsof peoplearesuitablefor representingnindividualin asharedvirtual erviron-

ment,interactve gamesor generatinganimatedmagesequencefom pre-definednotion.
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*Figure 1: Overview of modelreconstructiorior anindividual person

Figure2: Generichumanoidmodelbasednthe VRML draft specification

Figure3: Imagecapturesetup

Figure4: Algorithm for featureextractionfrom asilhouettecontour for front andbackviews
Figure5:Silhouetteandfeatureextractionfor front andsideview silhouettedigure 6: 2D-to-
2D mappingbetweermodelanddatasilhouette

Figure7: 3D Displacemengestimationfrom multiple view 2D imagedisplacements

Figure8: 2D-to-3D mappingbetweemmodelanddatasilhouettefor orthogonaliews
Figure9:Cylindrical texture mappingof a point on a slicethroughthe 3D model

Figure10: Original imageandintegratedtexture mapsfor head shouldersaandtorso

*Figure 11: Reconstructe®D texture mappedmodelsfor individual peoplewith animated
movements

*Figure 12: Virtual peoplein avirtual catwalk sceneanimation
Figure13:Proto-typeavatarboothto populatevirtual worlds

(courtesyAvatarMeLtd. www.avatarme.com)

Figurel4: Errorsin 3D silhouetteestimatiorandmodel-basedurfacereconstruction

(* = Reproducen colour)
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