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Abstract

In this papera new techniqueis introducedfor automaticallybuilding recognisable

moving 3D modelsof individual people. A setof multi-view colour imagesof a person

arecapturedfrom thefront, sideandbackusingoneor morecameras.Model-basedrecon-

structionof shapefrom silhouettesis usedto transforma standard3D generichumanoid

model to approximatethe personsshapeandanatomicalstructure. Realisticappearance

is achieved by colour texture mappingfrom the multi-view images.Resultsdemonstrate

thereconstructionof a realistic3D facsimileof thepersonsuitablefor animationin a vir-

tual world. The systemis low-costandis reliablefor large variationsin shape,sizeand

clothing.This is thefirst approachto achieve realisticmodelcapturefor clothedpeopleand

automaticreconstructionof animatedmodels.A commercialsystembasedonthisapproach

hasrecentlybeenusedto capturethousandsof modelsof thegeneralpublic.
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1 Intr oduction

Thereis increasingdemandfor a low-costsystemto capturebothhumanshapeandappearance.

Potentialapplicationsfor sucha systemincludepopulationof virtual environments,communi-

cation,multi-mediagamesandclothing. This paperpresentsa techniquefor capturingrecog-

nisablemodelsof individualpeoplefor usein VR applications.For instanceeachparticipantin

amulti-uservirtual environmentcouldberepresentedto othersasan‘avatar’whichis arealistic

facsimileof thepersonsshape,sizeandappearance.Thekey requirementsfor building models

of individualsfor usein virtual worldsare:

� Realisticmodels

� Animatablemovements

� Low-cost(automatic)acquisition

Theserequirementscontrastwith previous objectives of whole-bodymeasurementsys-

temswhich wereprincipally designedto obtainaccuratemetric informationof humanshape.

Suchsystemstypically capturelow-resolutioncolour and have restrictionson surfaceprop-

ertieswhich result in no measurementsfor areasof dark coloursand hair. Currentwhole-

bodymeasurementsystemsarehighly expensiveandrequireexpertknowledgeto interpretthe

dataand build animatedmodels[Paquette,1996]. Thesesystemsare suitablefor capturing

measurementsof individual peoplefor clothing applicationsbut are not capableof captur-

ing recognisablemodelsfor VR or photo-realisticmodelsfor computeranimation. Recent

researchhas addressedreconstructingrealistic animatedface models[Akimoto et al., 1993,

EscherandMagnenat-Thalmann,1997,FuaandMiccio, 2000, LeeandMagnenat-Thalmann,1998]

andwhole-bodymodelsof kinematicstructure[Plankerset al., 1999, KakadiarisandMetaxas,1998a]

from capturedimages.Theobjective of this researchis to extendthis work to addressthere-

constructionof whole-bodymodelsof shapeandappearancefrom capturedimages.

In thispaperweintroduceatechniquefor building modelsof individualpeoplefrom asetof

four orthogonalview imagesusingstandardcameratechnology. Thereconstructionfrom multi-

pleorthogonalview imagesisanalogousto previousworkonfacialmodelling[Akimoto et al., 1993,

LeeandMagnenat-Thalmann,1998, Mortlock et al., 1997]. A majorfeatureof our approachis

thatwe canreconstructrecognisablecolourmodelsof peoplewho arefully clothed. Theaim
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is to captureaccurateappearancetogetherwith approximateshapeinformationandnot to ac-

curatelymeasurethe underlyingbody dimensions.The reconstructionalgorithm modifiesa

generichumanoidmodelto fit thesilhouetteshapeof aparticularindividualfrom multipleview

images. This approachfollows the ‘functional modelling’ paradigm[Terzopoulos,1994] of

modifying theshapeandappearanceof a genericmodelcontainingthekinematicstructureto

generatea modelwhich can be animated. This researchusesa genericmodelbasedon the

VRML HumanoidAnimation H-Anim[Roehl,1997] standard.The resultingmodelof a spe-

cific personis in a standardformat which canbe viewed in any VRML97 compliantinternet

browserto obtaina recognisablemoving virtual model(avatar)of a particularindividual. It is

envisagedthatthecommercialavailability of low-costwhole-bodycapturewill openupamass

market for personalisedplug-insto multimediaandgamespackageswith individualshaving a

personalsetof models.

2 PreviousWork

Capturingof humanshapeandappearancehasreceivedconsiderableinterestthroughouthistory.

This sectionattemptsto summarisethe principal achievementsof recentrelatedresearchin

reconstructingrealisticmodelsof peopleusingactive 3D surfacemeasurementssystemsand

passive2D images.Modellingfacialappearanceandexpressionhasbeenextensivelyaddressed

asthisis themostimportantattributefor person-to-personcommunication.Whole-bodycapture

initially addressedmeasurementssystemsfor appareldesignandergonomics. Only recently

havewhole-bodycapturesystemsbegunto addressmodellingof anindividualsappearanceand

characteristicgestures.

2.1 Object Modelling

Our approachintegratestwo areasof computervision research‘model-basedfitting’ and‘sil-

houettebasedshapereconstruction’to producea powerful new methodof ‘model-based3D

shapereconstruction’.This enablesreconstructionof the approximate3D shapeof a specific

personfrom a setof two or moreorthogonalview silhouetteimages.

Silhouettebasedreconstructionof 3D shapehasreceivedconsiderableinterestfor capturing

objectmodels[Szeliski,1990, NiemandWingebermuhle,1997,Fitzgibbonet al., 1998]. Re-
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cent researchhasresultedin the reconstructionof 3D volumetric modelsof moving objects

from sequencesof silhouetteimagescapturedusing multiple camerasfrom different views

[Moezziet al., 1997, KanadeandRander, 1997]. Niem [Niem andWingebermuhle,1997] has

demonstratedthat highly realisticobjectmodelscanbe capturedby taking a large numberof

imagesfrom differentviews of an objectagainsta uniform blue background.Cameraview-

pointandintrinsicparametersarecomputedfor eachimagebasedonastaticcalibrationpattern

within the scene. Fitzgibbonet al. [Fitzgibbonet al., 1998] have recentlydemonstratedsil-

houettebasedreconstructionusingauto-calibrationtechniquesbasedon trackingpointson the

objectsurfacewithout the needfor a staticcalibrationpattern. Combinationof the extracted

silhouetteimagesinto a 3D volumetric framework usingprojective geometryenablescoarse

approximationof theobjectsurfaceshape.Colour texturemappingof the approximateshape

modelachieveshighly realisticobjectmodelssuitablefor immersivevirtual environments.An

inherentlimitation of silhouettebasedapproachesis that concave surfaceshapescannot be

reconstructed.Thepassiveapproachto 3D shapereconstructiondoesnotachievethemetricac-

curacy of activemeasurementsystems.However, thepassiveapproachachievesa greaterlevel

of photo-realismin reconstructingfinesurfacedetail.

In this paperwe combinesilhouettebased3D shapereconstructionwith model-basedfit-

ting techniquesto obtainan approximationof the shapeof an individual person. The useof

a model-basedapproachallows reconstructionfrom a minimal setof two orthogonalimages

andenablesapproximationof concave surfaceshapes.Terzopoulos[Terzopouloset al., 1988]

introducedfitting of deformablemodelsto imagesilhouettesto recover shapeandnon-rigid

motion.Model-basedtechniqueshavebeenwidely usedfor fitting 3D measurementsof surface

shapeusingdeformablemeshes[Hilton andGoncalves,1995], parametricdeformablemodels

[McInerney andTerzopoulos,1996] andsuper-quadrics[LejeuneandFerrie,1996]. However,

model-basedshapefitting fails to accuratelymodelfine surfacedetail andis limited to there-

constructionof objectswith smoothsurfaces.No resultshave beendemonstratedfor accurate

reconstructionof highly complex objectswith largeshapevariationssuchasthehumanbody.

2.2 Head Modelling

Thereis a considerablebodyof literatureaddressingthegoalof realisticmodellingof thehead

andfaceof individual people.In modellinga particularpersonthe faceis themostimportant
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componentwhichmustbemodelledrealisticallyto achieveanacceptablerepresentation.Fully

automaticacquisitionof realisticanimated‘talking-head’modelsof individualpeopleremains

anopen-problem.Theprincipaldifficulty in fully automatedmodelacquisitionis theconsider-

ablevariability in shapeandappearancebetweenindividualsshapeandhair. Recentresearch

hasbegunto addresstheproblemof realisticmodellingof facialexpression.

Techniqueshavebeenpresented[Akimoto et al., 1993, FuaandMiccio, 2000, KuriharaandKiyoshi, 1990,

LeeandMagnenat-Thalmann,1998, Mortlock etal., 1997, SannierandMagnenatThalmann,1997]

whichusecaptured2D imagesto modify theshapeof a3D genericfacemodelto approximatea

particularindividual. Photogrammetrictechniquesareusedto estimatethe3D displacementof

pointson thesurfaceof a genericmodelfrom multiplecameraimages.Texturemappingof the

capturedimagesis thenusedto achievea recognisable3D facemodel.Facialfeaturesfrom the

capturedimagesareusedto registerthemwith corresponding3D pointson thegenericmodel.

Correctregistrationof featurepoints is requiredto ensureproperanimationof the resulting

model. Initial work [KuriharaandKiyoshi, 1990] manuallylabelledfeaturepointson several

view images.Automaticfeaturelabellingwith limited manualinterventionto correctmistakes

hasbeenachievedin recentwork [Mortlock et al., 1997, LeeandMagnenat-Thalmann,1998].

Thisapproachhasalsobeenextendedtomodelindividualfacialexpressions[Guenteret al., 1998,

Pighinet al., 1998]. Reconstructionof facialshapefrom two orthogonalview imageshasbeen

demonstratedusingsilhouettetemplatefitting [Akimoto et al., 1993]andfeaturepoint labelling

[Mortlock et al., 1997, LeeandMagnenat-Thalmann,1998]. The useof orthogonalview im-

agesis analogousto theapproachto whole-bodyreconstructionpresentedin this paper.

Reconstructionof animatedfacemodelsfor individualpeoplefrom dense3D surfacemea-

surementshasbeendemonstrated[EscherandMagnenat-Thalmann,1997, Leeet al., 1995, Terzopoulos,1994]

usingdatafrom active 3D rangesensors.A genericfacemodelis adaptedto the3D measure-

mentpoints to accuratelymodel the faceshapefor animation. Colour informationavailable

from therangesensoris mappedon to theface.This approachachieveshighly accuratemod-

elling of thefaceshapebut lowerqualityvisualappearancethanimagebasedtechniques.More

recentresearch[FuaandMiccio, 2000, Fua,1998] hasreconstructeddense3D measurements

from stereoimagesandvideo sequencesof the face. A least-squaressurfacefitting approach

is then usedto fit a genericfacemodel to the densedepthmap with constraintsfor feature

point locationandsilhouetteshape.Currentlyfeaturepointsarespecifiedmanually. This image
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basedapproachachieveshighly realisticfacemodelsof individual peoplesuitablefor anima-

tion. DeCarloand Metaxas[DeCarloandMetaxas,1996, DeCarloandMetaxas,1999] used

optical flow to fit constraineddeformablemodelsto video sequencesfor estimationof both

shapeandmovementof the face. Anthropometricconstraintshave beenintroducedto model

thevariationin headshapefor generatingsyntheticfacemodels[DeCarloet al., 1998]. Recent

work [BlanzandVetter, 1999] achievedphoto-realisticfacialreconstructionbasedonastatisti-

calmodelof thevariationin faceshapeandappearancederivedfrom adatabaseof captured3D

colourheadmodels.

Facemodellingtechniquesusingmultipleview imagesaresimilar to theapproachpresented

in this paperfor whole-bodymodelling. A differencein our approachis the useof silhouette

datato registerthe imageswith a genericmodelandestimatethe3D shape.Silhouetteshape

is usedto reliably locatefeaturepointson imagesof a clothedpersonwith large variationin

size,shapeandappearance.A currentlimitation of the automaticwhole-bodymodellingus-

ing silhouetteshapeis thereliability of facial reconstruction.Techniquesfor facialmodelling

[Blanz andVetter, 1999,FuaandMiccio, 2000, LeeandMagnenat-Thalmann,1998, Mortlock et al., 1997]

couldbeusedin conjunctionwith whole-bodyreconstructionto achieve improvedfacialmod-

elling. However, currentimagebasedtechniquesfor facemodellingrequirea full resolution

imageto enableautomaticfeaturelabelling.In addition,currentfacemodellingtechniquesmay

fail to reliably reconstructfaceshapeautomaticallyfor largevariationsin shapeandappearance

dueto hair, glassesandbeards.

2.3 Whole-body Modelling

Thereis considerableinterestin capturingmodelsof individualpeoplefor anthropometricstud-

ies, clothing design,humanfactorsanalysis,teleconferencing,andvirtual reality. A number

of systemshave beendevelopedfor measurementof humanshapeby active projection of

a light stripe or patternonto the subjectand triangulationof the imageto obtain dense3D

surfacemeasurements.Several ‘whole body’ measurementsystemsare now commercially

available basedon laserstripe triangulationincluding Cyberware, Hamamatsuand Vitronic,

for a recentreview see[Paquette,1996]. Systemsarecapableof capturingdense3D surface

measurementswith an accuracy of approximately2—3mmandcapturetimesof 10—20sec-

onds. However, suchdevicesare highly expensive and thereforeareonly available for spe-
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cialist anthropometricstudiessuchasmilitary clothing or large scalesurveys. Identification

of anatomicallandmarksfrom surfacemeasurementdatais a primarygoalof currentresearch

[Dekker etal., 1998, Geisenet al., 1997]. Theauthorsarenot awareof any reportedtechnique

for automaticallygeneratinganimatedwhole-bodymodelsfrom 3D scanneddata.A principal

limitation of currentwhole-bodymeasurementsystemsfor capturingrealisticmodelsof indi-

vidual peopleis thequality of thecapturedcolour information. Currentsystemsaredesigned

primarily for accuratemeasurementof surfaceshapeanddonot providephoto-realisticcolour.

Themodel-basedreconstructionalgorithmpresentedin thiswork addressesmodellingpeo-

ple from asetof colourimages.Previousresearchhasachievedreconstructionof the3D shape,

appearanceandmovementof a personfrom multi-view videosequencesusingreconstruction

from a forty camerastereosetup[KanadeandRander, 1997] and an eight camerasilhouette

system[Moezziet al., 1997]. Thesesystemsaddressthelong-termaimof non-invasivecapture

of 3D video. However, currentsystemsrequireexpensive hardwareanddo not addressrecon-

structionof a modelof a particularperson.Recentlya twelve cameramulti-view systemfor

whole-bodymeasurementwaspresented[Gu etal., 1998] which enablescaptureof the shape

of a particularpersonin a singlepose.Theshapeis reconstructedwithout theuseof a generic

humanoidmodelby fitting parametricsuper-quadricmodelsto the silhouetteimagefor each

view. This systemresultsin a modelof the 3D shapeof a particularindividual which is of

sufficientaccuracy to providedimensionalmeasurementsfor clothingdesign.

Modellingof humanshapeandkinematicstructurehasbeenaddressedfor capturedimages

sequences[Hilton et al., 1999,Plankerset al., 1999, KakadiarisandMetaxas,1998a, WingbermuhleandWeik, 1997].

A multiple poseapproachis introducedin [KakadiarisandMetaxas,1998a] for performinga

spatio-temporalanalysisof a capturedhumansilhouettesequenceto determinethe joint po-

sitionsand3D shapeof body parts. Multi-view imagesequencesareusedto animatea cus-

tomisedvirtual humanmodel[KakadiarisandMetaxas,1998b]. Resultsdemonstratedtheseg-

mentationof thebody into partsbasedon a sideview of thepersonperforminga pre-defined

sequenceof arm andleg movements.Reconstructionof modelsof body-partsusinga stereo

video to estimatethe3D surfaceshapehasbeendemonstrated[Plankerset al., 1999]. A least

squaresapproachis usedto simultaneouslyestimatethe shapeandkinematicstructure. Ini-

tial resultsdemonstratethe estimationof shapeand kinematicstructureof the arm from a

frontalimagesequence.Model-basedreconstructionof upper-bodyshapefromvideosequences
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[WingbermuhleandWeik, 1997]hasbeendemonstratedby fitting a simplegenerichumanoid

modelto thesilhouetteof aparticularpersonin eachimageframe.

Unlikepreviouswhole-bodymodellingtechniquestheapproachpresentedin thispaperaims

to reconstructarecognisablemodelof apersonsshapeandappearance.Thecapturedsilhouette

imagesof a personin a singleposeareusedto modify theshapeof a generichumanoidmodel

to approximatetheshapeof aparticularindividualandestimatetheirkinematicstructure.Tech-

niquesfor estimatingkinematicstructurefrom imagesequences[KakadiarisandMetaxas,1998a,

Plankerset al., 1999] couldbecombinedwith thecurrentapproachto accuratelyestimatejoint

positionsusingimagesof a personin multiple poses.This would significantlyimprove theac-

curacy of thereconstructedkinematicstructurefor largevariationsin shape,sizeandclothing.

3 Overview

An overview of the model-based3D humanshapereconstructionalgorithm is illustratedin

Figure1. A generic3D humanoidmodel is usedasthe basisfor reconstructionasshown in

Figure1(a). Four syntheticimagesaregeneratedfor orthogonalviews (front,left,right, back)

of themodelby projectionof thegenericmodelasillustratedin Figure1(b). To reconstructa

modelof a personfour orthogonalview imagesarecapturedwith thesubjectin approximately

the samepostureas the genericmodel. This is illustratedin Figure 1(c). We will refer to

capturedimagesof a particularpersonasthe ‘data images’andto imagesof the generic3D

modelasthe‘model images’.

Silhouetteextraction is performedon the model anddataimagesanda small set of key

featurepointsareextractedasillustratedin Figure1(d) and(e). Initial alignmentof thefeature

pointsbetweenthe modelanddataensuresthat separatefunctionalbody partsof the generic

model(arms,legsandhead)arecorrectlymappedto correspondingpartsof thecapturedimage

silhouettes.Correctcorrespondenceof body partsis requiredto achieve correctanimationof

thereconstructed3D modelof a particularperson.A 2D-to-2Dlinearaffine mappingbetween

themodelanddataimagesilhouettesis introducedto establisha densecorrespondencefor any

point inside the silhouette. This correspondencecanbe usedto map the colour information

from thedataimageontothemodelimageasillustratedin Figure1 (f).

The dense2D-to-2D mappingfor a single imageis usedto definethe shapedeformation
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of the3D modelin a planeorthogonalto theview direction. Applying this deformationto the

3D genericmodelachievesa 2D-to-3D linearmappingof the imagesilhouetteshapeonto the

shapeof the3D model. This model-based2D-to-3Dmappingis thecoreof the techniquefor

reconstructionof 3D modelsof people. Integratingshapedeformationinformationfrom two

or moreorthogonalviews givesthreeorthogonalcomponentsof 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 modelas illustratedin Figure

1(i). The resultingreconstructed3D modelprovidesa realistic representationof a particular

individual. The articulatedjoint structureof the genericfunctional model can then be used

to generatemovementsequencesfor a particularindividual in a virtual world. Walking and

jumpinganimationsderivedfrom motioncapturedataareillustratedin Figures1(h)and(j).

4 Model-basedavatar reconstruction

This sectionintroducesin detail eachstagein the reconstructionof an articulatedmodelof a

specificpersonfrom multi-view images.Thealgorithmautomaticallyreconstructsa modelof

theshapeandappearanceof aparticularindividualwithoutany userintervention.Thisapproach

addresseswhole-bodymodellingandusesthesamealgorithmfor all bodyparts.Thiscouldbe

combinedwith specificalgorithmsfor reconstructingtheface[Lee andMagnenat-Thalmann,1998,

Mortlock et al., 1997] to obtainrealisticanimatedfacemodels.

4.1 Generichuman model specification

Definitionof astandard3D humanoidmodelhasrecentlyreceivedconsiderableinterestfor both

efficientcoding[Koenen,1996] andanimationin virtual worlds[Roehl,1997]. In thiswork we

have adoptedthe draft specificationof the VRML HumanoidAnimation Working Group(H-

Anim) which definesa humanoidmodelstructurewhich canbe viewed usingany VRML97

compliantbrowser. A set of 3D humanoidmodelsbasedon the draft standardare publicly

availablefrom thehumanoidanimationwebsite [Roehl,1997]. Thegenerichumanoidmodel

usedin this work is shown in Figure2. TheH-Anim draft standarddefinesa hierarchicalartic-

ulatedjoint structureto representthedegrees-of-freedomof a humanoid.Thehumanoidshape
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(a) Generic model  (b) Model projection (c) Captured images

(d) Model silhouette (e) Captured image data silhouette

(f) Dence 2d  mapping of data image on model silhouette

(h) Animation of reconstructed 3D model

(i) Colour 3D model 

(g) 3D Model

(j) Animation of reconstructed 3D colour model

Figure1: Overview of modelreconstructionfor anindividualperson10



is modelledby attachingeithera 3D polygonalmeshsegmentto the joint for eachbody part

or a singleseamlesspolygonalmeshsurfacefor the whole-body. For examplethearticulated

structureof an arm canbe representedby threejoints shoulder-elbow-wrist andthe shapeby

segmentsattachedto eachjoint upper-arm-forearm-hand.The shapesegmentscanbe speci-

fied with multiple levels-of-detailto achieve both efficient andrealistichumanoidanimation.

Material propertiesandtexturemapscanbe attachedto eachbody segmentfor renderingthe

model.

Themodel-basedreconstructionalgorithmintroducedin this papercanuseany reasonable

generichumanoidbody asthe initial modelwhich is modifiedto approximatethe shapeand

textureof a particularperson.Thereconstructionalgorithmcanalsohandlemodelswith mul-

tiple levels-of-detailfor eachbody part. All reconstructionresultspresentedin this paperare

basedon a publicly availablehumanoidmodelwhich is compliantwith thedraft standardand

givesa reasonablecompromisebetweenrepresentationquality andanimationefficiency. The

joint structurefor thegenerichumanoidmodelconsistsof fifteenjoints asillustratedin Figure

2(a). Themodelshapeconsistsof fifteenbodysegmentswith a total of 10K meshverticesand

20K triangularpolygons.Therenderedsurfacemodelis shown in Figure2(b). TheVRML97

specificationallowsmovementanimationsbasedon interpolationof joint anglesto bespecified

independentof the humanoidgeometry. Figure2(c)and (d) show snap-shotsof runningand

jumpinganimations.

The following nomenclatureis usedin later sectionsto refer to the polygonalmodeland

associatedtexturemap. Throughoutthis work thenotation
��������	��
���
�� refersto a 3D vector

suchasa meshvertex. For eachbodypart thepolygonalmeshis specifiedasa list of ��� 3D

vertices,� ���������������
�����
�� �"!$#�%�'&)( , anda list of �+* polygons, �-,�. �/� ��$�0� ��21�� ���34�"!$#�5�6&)( . An imageor

texturemap2D coordinateis definedas
�78�9� 7	���:� where7 is theverticalcoordinateand � is the

horizontalcoordinatewith 7	���<;>=@?:�4A�B andtheorigin at thetop left-handcornerof theimage.

Texturemappingof animageontoapolygonalmeshis specifiedby a2D texturecoordinatefor

eachmeshvertex, � �7��C�D� 7��E��������!$# %�6&)( .
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(a)Joints (b)Surface (a)Run (b)Jump

Figure2: Generichumanoidmodelbasedon theVRML draft specification

4.2 Image capture,silhouetteand featureextraction

4.2.1 Image capture

An experimentalsystemhasbeensetupto capturewhole body imagesof an individual from

four orthogonalviews (front,left,back,right).Thefour view cameraconfigurationis illustrated

in Figure 3(a). Colour imagesare capturedusing a Sony DXC-930P 3CCD camerawithFHG�IKJLGNMHO
pictureelements.This givesa resolutionof approximatelyP ? J P ? pixels for the

subjectsface. Imagesaretaken againsta photo-reflective blue screenbackdropcalled‘True-

matte’ [Popkin,1997] which allows reliableforeground/backgroundseparationwith arbitrary

foregroundlighting andclothingcoloursincludingmostshadesof blue.Thesubjectstandsin a

standardposesimilar to thegenericmodelposeasshown in Figure5(a). Currentlyeachview

is takenwith a singlecamerawith thesubjectrotatingto presenttherequiredview to thecam-

era.Theuseof a singlecameramayresultin smallchangesof posebetweenviews but hasthe

advantageof identicalintrinsiccameraprojectionparameterfor eachview. Thecaptureprocess

resultsin asetof four dataimages,QSR�UT �VAHWXWYW P , for orthogonalviewsof aspecificperson.Only

two orthogonalviewsarerequiredto approximatethe3D shapeof aparticularperson.Theuse

of four views givesadditionalhigh-qualitytexture informationfor thefront, backandsidesof

thebody.

To modelthe imagecaptureprocesswe assumea pin-holecamerawithout lensdistortion.

Thecamera3D to 2D projectioncanbeexpressedin homogeneouscoordinatesas:

�7�Z@�[�]\^� ���Z_�]`]ab� ���Z (1)
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(a) Fourview cameraconfiguration(b) Frontview configuration

Figure3: Imagecapturesetup

Where
�7 Z � � 7	���)��cd� is a 2D point

�7e� ��7Cf�cg���:f�ch� in the cameraimage plane and�� Z �i�j�	��
C��
k�4A�� is a 3D point
��l�m���	��
���
�� in world coordinatesexpressedin homogeneous

form. \ is the4x3 cameraprojectionmatrix which canbedecomposedinto a 3x3 cameracal-

ibrationmatrix ` (intrinsic parameters)anda Euclideanrigid bodytransformin 3D spacean�
(extrinsic parameters)representingtheview transformfor the T *6o camerain world coordinates.

Theindividualmatriceshave thefollowing form:

` �
pqqqqq
r

s-t ? u t ?? s � u � ?? ? A ?
v@wwwww
x

an�y� pq
rdz � �, ��?�{ A

v w
x

Where z � is a 3x3 rotationmatrix,
�, � a 3x1 translationvectorand

�? a 3x1 vectorof zero’s.

Thecameracalibrationparameters� s-t � s � � arethefocal lengthsand ��u t ��u � � theimageorigin.

4.2.2 CameraCalibration

The capturesystemusesa singleCCD camerato captureall four views of a personwith the

subjectturningbetweenviews. Figure3(b) illustratesthecameraprojectionprocessfor asingle
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view. Theuseof a singlecameraavoidstherequirementfor accuratemulti-cameracalibration

to registerimagesfrom differentviews.

Intrinsic cameracalibrationis basedon estimationof the cameraparametersfrom direct

measurementof the field-of-view for a planeorthogonalto the view direction. From the size

of the horizontalandvertical field-of-view at a distanceof threemetersfrom the camerawe

estimatethecamerafocallengthsin imagepixelsas:
s-t �|�~}4� , TE�"�S�6�_T ��} ��� J�� �6� *6���4�����S*6���~� ������.����� .E* � �����6�~o"� ��� o�* �FHG�I[�� ��AHA-� P and

s � �]�)u�� T 
Hu�� , �S�'��T ��} ��� J � �6� *6���4�����S*6���~� ������.��o���. �'� �0��*6���'�~o�� ��� o�* � GNM�O8�(�  ¡ ��A-? PHP . This givesan

approximateestimateof thecamerafocal length. As all views of a personaretaken with the

samecamerathis estimateis sufficient for view integrationandaccuratecameracalibrationis

not necessary. Theimageorigin is takenasthecenterof the imagewhich in pixel coordinates

is ��u t ��u � �¢�D��� F�M � ON£ A-�
Thereis no calibrationfor extrinsic cameraparameters.The personis assumedto rotate

approximately
£ ?H¤ betweenfront, left, backandright views. Extrinsicparametersan� aretaken

asorthogonalrigid-bodytransformsof thecameracenterat a distanceof threemetersfrom the

origin of theworld coordinatesystemasillustratedin Figure3(a).

The approximatecalibratedcameramodel \^�¥� `]an� is usedto generatea set of four

syntheticimagesof thegenerichumanoidmodel, Q~¦� T �§AHWXWYW P . This is achievedby projection

of eachvertex
���� onthegenericmodelto its correspondingimagecoordinates

�7�� usingequation

1.

A four-cameracapturesystemcould be usedto captureall views simultaneously. This

wouldhave theadvantageof avoidingmovementof thepersonbetweenviews. A multi-camera

systemwould requireaccuratecameracalibrationto enableview integrationandconsiderably

morespaceto setup.

4.2.3 Silhouetteextraction

Silhouetteextractionaims to constructthe chainof imagepixels which lie on the boundary

betweenthe imageof the personand the background. A standardchroma-key techniqueis

usedto identify backgroundpixels basedon the percentageof blue in eachpixel. Given an

imagepixel with red,greenandblue colour components� ����¨���©2� the percentageblue is ��ª �A-?N? J � ©2f_���¬«8¨­«®©2��� . A constantchroma-key threshold(50%)is usedtogetherwith anintensity

threshold( ¯ © ¯±° A G ? ) to reliably generatea binary imagewith eachpixel labelledas either
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foregroundor background.An exampleof an extractedbinary silhouetteimageis shown in

Figure5(b).

The silhouettecurve, ² R� , for eachcapturedimage, Q R� , is extractedby following an 8-

connectedchainof pixels on the borderof the foregroundimageof a person.We denotethe

silhouetteby thechainof �´³ 8-connectedadjacentpixel coordinates²+R� � � �7~1-! #)µ1�&)( which is

specifiedin counter-clockwiseorderwith-respect-tothe imageview direction. An exampleof

an extractedsilhouettechain is shown in Figure5(c). A similar processis performedon the

syntheticimagesQ ¦� of the genericmodelusinga binary thresholdto obtaina setof model

silhouettecurves, ² ¦� .

4.2.4 Feature extraction

Theobjective of featureextractionis to establishthecorrectcorrespondencebetweenthecap-

tureddataandsyntheticmodel imagesfor body partssuchasthe arms,legs, headandtorso.

Correctcorrespondenceis essentialfor realisticanimationof thereconstructedmodelof a per-

sonbasedon thearticulatedjoint structureof thegenericmodel. We thereforerequirerobust

extractionof a setof featurepointsfor a wide rangeof changesin bodyshape,sizeandcloth-

ing. To achieve this we constrainthe personto standapproximatelyin a pre-specifiedpose

andwearclothingwhich allows both thearm pits andcrotchto be visible suchasa shirt and

trousers.Giventheseassumptionsanalgorithmhasbeendevelopedfor reliableextractionand

localisationof asetof featuresbasedon ourknowledgeof thesilhouettecontourstructure.

Thealgorithmfor extractingfeaturepointsis presentedin Figure4. Initially thealgorithm

traversesthesilhouettecontour² � to locatefiveextremumpoints,
�7 � ( �~� ¡ , onthecontour. These

correspondto thehead,handsandfeetasillustratedin Figure5(c).Theextremapointscanbe

reliably extractedfor all silhouettesbut their locationvariessignificantlydue to variation in

shapeandpose. Therefore,the extremaareusedto identify five key featurepoints,
�7�¶2( � ¶�¡ ,

which canbeaccuratelylocatedevenwith largechangesin shapeandpose.Thefeaturepoints

correspondto thecrotch,arm-pitsandshouldersasshown in Figure5(d).

This proceduregivesreliableextractionof a setof key featurepointsfor a wide rangeof

peopleshape,size, clothing and hair-styles. It hasbeenfound that other potential features

pointssuchasthe neckcannotbe reliably localisedassmall changesin shapecanresult in a

largevariationin position.Resultingin apoorqualitycorrespondencebetweenthecapturedand
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genericmodelimages.Thesetof extractedfeaturesaresufficient to accuratelyalign themajor

body partsfor a capturedimagesilhouette(head,torso,arms,legs) with thoseof the generic

modelimage.A similarprocedureis appliedfor thesideviews to identify thetip of thenoseas

theleft or right extremumon thehead.Otherbodypartssuchasthefingerscannotbereliably

identifiedwith theimageresolutionusedaseachfingeris lessthanthreepixelsacross.Higher

resolutionimagesmaypermitcorrespondencesto beestablishedbetweenadditionalbodyparts.

4.2.5 Poseestimation

Poseestimationidentifiestheangleof thearmsandlegsfor asetof capturedimagesof aspecific

person.This informationis usedto adjusttheposeof thegenericmodelto thatof a particular

individual. Theposeof thearms,legsandheadareestimatedby computingtheprincipalaxis

for thecontourpointscorrespondingto eachof thesecomponents.If thesetof contourpoints

for a particularbodypartis ² �C� � �7~1-! �1�& . thentheprincipalaxisis givenby:

�7 ��· �'�¸� A� �b¹ �b«ºA-�
�»1�& . �7 �1n¹ � A� ��¹ �b«>A��

�»1�& . �7)�¼� � (2)

The angleof the principal axis with the vertical gives the approximateposeof the body

parallel to the imageplane. The body part poseis usedin the mappingto correctfor small

variationsbetweenthegenericmodelandthecapturedimagesetfor aparticularindividual.

4.3 2D-to-2D SilhouetteMapping

Theobjective of mappingbetweenthegenerichumanoidmodelandthecapturedimagesis to

establisha densecorrespondencefor mappingeachmodelpart. Densecorrespondenceestab-

lishesauniqueone-to-onemappingbetweenany point,
�7 ¦ , insidethegenericmodelsilhouette

anda point on thesamebodypart,
�7 R , insidethecapturedimagesilhouette.This correspon-

denceis usedto modify theshapeof thegenerichumanoidmodelto approximatetheshapeof

a particularindividual. For exampleto achieve realisticarm movementfor the reconstructed

modelof an individual it is necessaryto mapthe projectionof the arm on the genericmodel

imageto thecorrespondingarmon thecapturedimage.

Body-partcorrespondenceis establishedusingthefeaturepoints, 7C¶�( � ¶�¡ , on thesilhouette

contoursof the genericmodeland the captureddataimages. Thesefeaturescanbe usedto

establisha correctcorrespondencefor eachpart of the humanbody. Basedon the five key

16



1. Find theextremumpoints ½ � ( �~� ¡ :
(a) Find the extremumpoint on the top of the head,½ � ( , asthe contourpoint with minimum

verticalcoordinate,½ :½ � (­¾À¿ÂÁ�Ã	Ä�Å ½ 1-Æ #)µ1�&)(�Ç and È � (É¾ È 1
(b) Find the extremumpoint on the left, Ê½ � � , andright, Ê½ � ¡ , handsasthe contourpointswith

minimumandmaximumhorizontalcoordinate,È :È � � ¾U¿ÂÁ�Ã	Ä�Å È 14Æ #�µ1�&)(�Ç and ½ � � ¾ ½ 1
½ � ¡Ë¾À¿ÂÌ$Í¬Ä�Å È 1-Æ #)µ1�&)(�Ç and ½ � ¡¸¾ ½ 1

(c) Evaluatethecentroidof thesilhouettecontour:Ê½:Î ¾ (# µ+Ï #)µ1�&)( Ê½)Ð Á Ç .
(d) Find the extremumpointson the left, Ê½ � � , andright, Ê½ ��Ñ , feet asthe contourpointswith

maximumverticalcoordinate,½ , eithersideof thecentroidshorizontalcoordinate,È4Î :½ � � ¾À¿ÂÌ$Í¬Ä�Å ½ 14Æ #�µ1�&)(�Ç and È � � ¾ È 1bÒ È-Î½ ��Ñ ¾À¿ÂÌ$Í¬Ä�Å ½ 14Æ # µ1�&)(�Ç and È ��Ñ ¾ È 1bÓ È-Î
2. Find thefeaturepoints ½ ¶�( � ¶�¡ :

(a) Locatethekey featurepointscorrespondingto thecrotch, Ê½ ¶�( , andtheleft, Ê½ ¶ � , andright,Ê½ ¶ � , arm-pitsasthecontourpointswith minimumverticalcoordinate,½ , whicharebetween

thecorrespondinghandandfeetextremumpoints:

crotch ½ ¶�( ¾U¿ÂÁ Ã	Ä�Å ½ 14Æ ��Ñ1�& � � Ç and È ¶�( ¾ È 1
left-armpit ½ ¶ � ¾À¿ÂÁ�Ã	Ä�Å ½ 1 Æ � �1�& � � Ç and È ¶ � ¾ È 1
right-armpit ½ ¶ � ¾U¿ÂÁ�Ã	Ä�Å ½ 1 Æ � ¡1�& ��Ñ Ç and È ¶ � ¾ È 1

(b) Locatefeaturepointson the left, Ê½ ¶ Ñ , andright, Ê½ ¶�¡ , shoulderswith the samehorizontal

coordinate,È , asthearm-pitfeatures½ ¶ � and ½ ¶ � :
left-shoulder½ ¶ Ñ ¾U¿ÂÁ�Ã	Ä�Å ½ 1-Æ � �1�& � ( Ç and È ¶ Ñ ¾ È ¶ �
right-shoulder½ ¶�¡ ¾U¿ÂÁ�Ã	Ä�Å ½ 14Æ � (1�& � ¡ Ç and È ¶�¡ ¾ È ¶ �

Figure4: Algorithm for featureextractionfrom asilhouettecontour² � for front andbackviews
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Figure5: Silhouetteandfeatureextractionfor front andsideview silhouettes

points the humanmodel is separatedinto seven functionalpartsas illustratedin Figure6(a):

head(1);shoulders(2);left-arm(3); right-arm(4);torso(5);left leg(6); right leg(7). Separating

the silhouetteimagesinto body-partallows a densemappingto be establishedindependently

for pointsinsideeachbody-partsilhouette.

A uniqueone-to-onecorrespondencebetweenpoints insidethe modelanddatasetsfor a

particularbody-partis establishedby a 2D linearmappingbasedon therelative dimensionsof

the silhouette.This is equivalentto a 2D affine transformin the imageplane(rotation,scale,

shearandtranslation).The mappingbetweencorrespondingpointsinsidethe silhouettefor a

particularbodypartis givenasfollows in homogeneouscoordinates:

�7 Z R �]Ô �7 Z ¦ (3)

ÔÕ�
pqqqqq
r

� t � t �m, t� � t � � ,��? ? A
v@wwwww
x

Thecomponents� representtherotation,shearandscalebetweenthepartsand , translation

betweenbodyparts.If thePrincipalaxisof thebodypartsarealigned � t � � � � t �|? and � t , � �
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representthehorizontalandverticalscalefactorsrespectively. Theverticalscalefactor, � t , and

translation,, t , for aparticularbodypartcanbecomputedfrom theverticallimits, =Ö7 � � � ��7 ����· B .
Similarly the horizontalscalefactor, � � andtranslation,�� aregiven by the horizontallimits,=Ö� � � � ��� ����· B , for ahorizontalslice � 7®� � u�� � , � throughthesilhouettecontour. Theverticaland

horizontalscalefactorsandtranslationsaregivenby:

� t � 7 R����· ¹ 7 R� � �7 ¦����· ¹ 7 ¦� � �, t � ¹±� t 7 ¦� � � «×7 R� � �� � � 7C�Ø� � R�­��· � 7C� ¹ � R� � � ��7[�� ¦�­��· � 7C� ¹ � ¦� � � ��7[�,�� � 7C�Ø� ¹±� � ��7[��� ¦� � � � 7C�¬«×� R� � � ��7C�
This mappingenablesus to evaluatea uniqueone-to-onecorrespondenceof pointsinside

thedatasilhouette
�7 R for any point insidethemodelsilhouette

�7 ¦ . Thisallows2D information

suchasthecolourfrom thecapturedmodelto bemappedto thesilhouetteof thegenericmodel

asillustratedin Figure1 (f). Themappingachievesanexactcorrespondenceatthefeaturepoints

andacontinuousmappingelsewhereincludingacrossboundariesbetweendifferentbodyparts.

Thechangein position Ù �7 betweenmodelanddatasilhouetteis givenby:

�7 R � �7 ¦ « Ù �7 (4)

This 2D changein positionin theimageplanefor a particularview canbeusedto estimate

thechangein positionof a3D point orthogonalto theview direction.

4.4 2D-to-3D ShapeMapping fr om Orthogonal Views

Theobjectiveof the2D-to-3Dmappingis to combinethedense2D-to-2Dmappinginformation,Ù �7�� , from multiple views, T �9AH�4WYWXWY� P to estimatethe3D displacement,Ù �� of a point
�� on the

surfaceof the3D model. We first outline thetheoryfor 2D-to-3Dinverseprojectionandthen

presenttheapplicationof this to our model-basedreconstruction.

4.4.1 2D-to-3D InverseProjection

A point in the2D cameraimageplanecorrespondsto an infinite ray in 3D space.Therefore,

inverting the cameraprojectionequation1 gives the equationof a line in 3D space. From
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Figure6: 2D-to-2Dmappingbetweenmodelanddatasilhouette

equation1 theinverseprojectionin homogeneouscoordinatesfor the T *6o view directionis:

���Z R � ���Z ¦ « Ù ���Ú� Û���� �� R ��\ � (� � �7�Z ¦� «ÝÜ �7�Z��j�
� Û���� �� R ��a � (� ` � ( � �7 Z ¦� « Ù �7 Z �j� (5)

where Û�� is a scalefactorequalto the orthogonaldistanceof the 3D point from the camera:Û_��� �� R �h� ¯X¯ z � �� R « �, � ¯Þ¯ . Theestimated3D displacementcomponentÙ ��� is orthogonalto the

cameraview direction
��C� . Theinversecameracalibrationandtransformmatricesaregivenby:

` � ( �
pqqqqqqqq
r

(¶�ß ? ¹ � ß¶0ß? (¶ % ¹ � %¶ %? ? A? ? ?

v@wwwwwwww
x

a � (� � pq
r z � (� ¹ z � (� �, ��?�{ A

v@w
x

Thusthe3D point on themodelin realcoordinates
�� R is on the3D line representedby:
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�� R � �� ¦ « Ù ����¬�]Û_��� �� R � z � (� ` � ( � �7 ¦� « Ù �7��j� ¹ z � (� �, � (6)

Equation6 definesthe relationshipbetweena line throughthe real 3D point,
�� R , andthe

estimated2D displacementfor the Ù �7 in the imageplanefor the correspondingpoint on the

genericmodel
�� ¦ . As the real 3D point,

�� R , is unknown we mustestimatethe scalefactorÛ_��� �� R � in orderto estimatethe3D displacement,Ù �� , orthogonalto thecameraview direction.

4.4.2 Singleview 3D displacement

The2D-to-2Dmappingfor the T *6o view givesanestimateof thedisplacementof a 3D point
��

betweentheprojectionof thegenericmodel
�7 ¦� andtheprojectionof thesurfaceof a realper-

son
�7 R� . This2D imageplanedisplacement,Ù �7�� , definedby equation4, canbeusedto estimate

the3D displacementcomponent,Ù ����Ë�Ú� Ù ����� Ù 
���� Ù 
�� � , of theprojected3D point,
�� , on the

genericmodelorthogonalto the T *6o imageview direction. This is achieved by estimatingthe

inverseprojectionof thedisplacementof the2D point Ù �7�� in thecameraimage. The inverse

projectioncanbeestimateduniquelyfrom our knowledgeof thedistanceto thecorresponding

3D point,
�� ¦ , on the genericmodel. This approximatesthe unknown distanceto the corre-

sponding3D point,
�� R , on thecapturedpersonwhichwewantto estimate.Fromequation6 we

obtaintheapproximate3D displacementas:

Ù ���� � Û_��� �� ¦ � z � (� ` � ( � �7 ¦� « Ù �7���� ¹ z � (� �, � ¹ �� ¦ (7)

wherewe have approximatedthe distancealongthe ray by the distanceto the corresponding

point on the genericmodel: Û���� �� R � � Û_��� �� ¦ �Â� ¯X¯ z � �� R « �, � ¯Þ¯ . The distanceto the generic

modelis a reasonableapproximationasthedistancebetweenthecameraandperson,� � �NàK� ,
is large relative to the differencein 3D surfaceposition, � � ?kWYA4àK� , betweenthe modeland

person.Section6.2presentsananalysisof theerrorsin thereconstructedmodelbasedon this

assumption.

Estimationof the 3D displacementcomponentorthogonalto the view direction is illus-

tratedin Figure7(a). A singleview image Q~R� givesanapproximationof thecomponentof 3D

displacementÙ ���� of a known 3D point
�� ¦ on the genericmodelorthogonalto the T *6o view

direction
����¢��� � · ���Cá$���C��� suchthat ����� Ù ����¢�§? . For examplefor thefront imagetheview

direction,
��[âã����?:��?k�4A�� , is alignedwith thez-axisof theworld-coordinatesystemconsequently
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thedisplacementof an imagepoint Ù �7�âh�Ú� Ù 7)â4� Ù �$â"� givesanapproximationof the3D dis-

placementorthogonalto theview directionÙ ��)âã��� Ù �)â-� Ù 
Nâ4��?�� . Similarlyaleft sideview with

view direction
��¬(ä����AH��?k��?�� givesanestimateof the3D displacementÙ ��C(å��� ?k� Ù 
�(2� Ù 
�(�� .

Applying the estimateddisplacementcomponentto eachvertex on the 3D genericmodel

resultsin anaffine transformof the3D modelorthogonalto theview direction.Applicationof

the2D-to-3Dmappingfor asingleview is illustratedin Figure8(a).Reprojectingthemodified

model resultsin a silhouettewhich approximatesthe capturedsilhouetteshape.The surface

shapefor 3D pointswhoseprojectionis inside the silhouetteis a 2D affine transformof the

shapeof thegenericmodel.

4.4.3 Multi-view 3D displacement

Combiningthe estimateddisplacementcomponentsfrom two or moreorthogonalviews of a

point
�� we obtainan estimateof the3D displacementÙ �� , asillustratedin Figure7(b). Only

two orthogonalviews arerequiredto estimateall threecomponentsof thedisplacementwhere

eachview givesestimatesof two of the threecomponents.To obtainan estimateof the 3D

displacementfrom two or moreviews we caneithertake estimatesof eachdisplacementcom-

ponentfrom a singleview or combinetheestimates.Displacementcomponentsfrom multiple

viewscanbecombinedby averagingto estimatethe3D displacement:

Ù ��®�
pqqqqq
r

(#�æ Ï # æ�'&_â Ù ���(#�ç Ï # ç�6&_â Ù 
��(#�è Ï # è�6&_â Ù 
��
v@wwwww
x (8)

where�+· , � á and � � arethenumberof displacementestimatesin aparticulardirection.Com-

biningdisplacementcomponentsfrom multipleviewsaveragesoutany misalignmentor change

in shapeof the2D silhouettesfor differentviews. Thisgivesanestimateof the3D displacementÙ �� of apointon thegenericmodel
�� ¦ . Theestimateddisplacementis usedto approximatethe

3D shapeof aspecificperson:

�� R � �� ¦ « Ù �� (9)

The genericmodelshapeis modifiedby estimatingthe 3D displacementÙ ��É� ���1�� for each

vertex
��21 . Themodelvertex position,

��21 , is projectedto the2D imageplaneusingthecamera
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Figure7: 3D Displacementestimationfrom multiple view 2D imagedisplacements

modelequation1 to obtain the 2D coordinates
�7 ¦� � ��21�� . This point is thenmappedto a cor-

respondingpoint on the captureddataimage
�7 R� � ��21�� usingequation3. The 2D displacementÙ �7���� ���12� is thenusedto estimatethecorresponding3D displacementcomponentorthogonalto

theview direction Ù ������ ��212� from equation5. The3D displacementcomponentsfrom eachview

arethencombinedusingequation8 to estimatethe3d displacementÙ ���� ��212� for avertex on the

model.

Applying the estimatedvertex displacementto all verticeson thegenericmodelresultsin

a modified model which approximatesthe shapeof a specificperson. The 2D-to-3D shape

mappingfor two orthogonalviews is illustratedin Figure8(b). Themodified3D modelfor a

particularindividual will producesilhouetteimageswith approximatelythesameshapeasthe

capturedimagesilhouettesfor eachview direction. Pointsthatdo not projectto thesilhouette

boundaryaresubjectto a lineartransformbasedon thepositionof thecorrespondingpoint on

the3D model. For examplecon-cavities on thegenerichumanoidmodelarescaledaccording

to the2D affinemappingto producecon-cavities in thefinal model.Theresultingmodified3D

modelshapeis a first orderlinearapproximationof theshapeof a particularpersonbasedon

the local surfaceshapeinformationrepresentedin the3D generichumanoidmodel. Thesame

processis appliedto estimatethe 3D joint positionsof a particularindividual from the joint

positionsin thegenericmodel.
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4.5 Colour texturemapping

The2D-to-2Dmappingfor a singleview enablesthecolourtextureof thecaptureddataimage

to bemappedonto theprojectedmodelimageasillustratedin Figure1(f). For all points,
�7 ¦ ,

insidetheprojectedgenericmodelweknow thecorrespondingpointonthecaptureddataimage�7 R . To texturemapthe3D modelwe projecteachvertex
�� ¦� to obtainthe imagecoordinates�7 ¦� andfrom the2D-to-2Dmappingobtainthecorrespondingdataimagecoordinates

�7 R� .

Theproblemis thento obtainasingletexturemapfor eachbodypartby integratingthefour

view images.Integrationof multipleview imagesto obtainasingletexturemaphaspreviously

beenaddressedfor face[Akimoto et al., 1993, Mortlock etal., 1997, LeeandMagnenat-Thalmann,1998]

andobject[Niem andWingebermuhle,1997,SannierandMagnenatThalmann,1997] modelling

by back-projectingto a singlecylindrical texturemap. This assumesthat themodelgeometry

is known accuratelysuchthat correspondingpointsfrom differentimagesprojectto thesame

point on themodelandconsequentlybackprojectto thesamepoint on thecylindrical texture

map. In our casethis assumptionis not valid asthemodelgeometryis not known accurately

andtheimagecorrespondencesbetweenviews areunknown. However, we have foundthatus-

ing theapproximategeometricshapeinformationfrom thereconstructedmodel,togetherwith

the mappingfor eachview onto the genericmodel,we canachieve visually realisticmodels

usingacylindrical texturemappingapproach.Themappinginformationfor eachbodypartap-

proximatelyalignsthemulti-view images.Textureblendingis performedto achieve a smooth

transitionfor overlappingimageswhicharenotpreciselyaligned.

Cylindrical texturemappingis usedasfor themajority of bodyparts(arms,legsandtorso)

it resultsin a uniqueone-to-one(injective) projectionfrom the model surfaceto the texture

map. Theresultingcylindrical texturecanthenbestoredin a 2D imageformat. However, for

regionsof complex geometry, suchastheearsandhair, multiple pointson the modelsurface

mayprojectto thesamepoint on thecylinder. This preventsa uniquetexturecoordinatebeing

derived for eachpoint on the modelandmay result in visual artifactsin the texture mapped

model.In this work we usea cylindrical texturemapfor all bodyparts.Thecylindrical texture

coordinates
�� �´�i�������"�k��� for a vertex on the reconstructeddatamodel

�� R� �m�j� R� ��
 R� ��
 R� � is

evaluatedas:

�� �C�9�����E�"�k�j�¢�D� , � � � (	� ��
 R�×¹×� ������ R� ¹×� · ��
 ��
 R� � (10)
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Wherethemodelcenteris givenby thecenterof thesilhouetteslicesfor thefront andside

view as: � · � ��� ����· ¹ � � � � ��f O
and � � � � 
 �­��· ¹ 
 � � � ��f O

. The cylindrical mappingfor a

horizontalslicethroughthemodelis illustratedin Figure9. Thismappingis usedto evaluatea

cylindrical texturecoordinate
�� � for all meshverticieson the

�� R� on thereconstructedmodel.

Thisenablesusto mapthecolourinformationfrom thecapturedimagesinto thecylindrical

textureimage.For eachmeshvertex
�� R� we have a cylindrical texturecoordinate

�� � andimage

coordinatein two orthogonalview images
�7 R� . Therefore,for eachtrianglewe canmapthe

colour information from the capturedimagesto the cylindrical texture map. As in previous

work [Mortlock etal., 1997] barycentriccoordinatesof points inside the triangleareusedto

mapthecapturedimagecolour for pointsinsidethetriangleto pixelsin thecylindrical texture

map.

Mappingfrom capturedimageto cylindrical coordinatesresultsin overlappingregionsbe-

tweenorthogonalview images.To obtaina smoothtransitionbetweenoverlappingtexturesa

rampweighting function is usedto integratecolour information. For examplein cylindrical

coordinatesthefront imagemapsin therange ��
 � � � 
��� andtheleft image =@?:���¬B . To integratethe

views we mapcolourvaluesfrom thefront view only for � � 
Ñ � ¡ 
Ñ � andfrom left view only for� ¡ 
( � ��� 
( � � . In theregion � � 
( � � � 
Ñ � we integratethe front
��-¶ andleft

�� � colourvaluesaccordingto

therampweightingfunction:
��¥�Ú��A ¹ cd� ��4¶b« c �� � where c varieslinearly in therange =@?k�4A�B

over theinterval and
�� � � ����¨���©2� is thered,green,bluecomponentcolourvector. This simple

26



Figure10: Original imageandintegratedtexturemapsfor head,shouldersandtorso

linear integrationalgorithmhasbeenfoundto producereasonableresultsandthereforea more

sophisticatedblendingalgorithmhasnotbeenused.

This approachgeneratesa singlecylindrical texturemapfor eachbodypartby integrating

informationfrom thefour views. Figure10showsexamplesof integratedtexturemapsobtained

for several body parts. All four views areintegratedfor the headandshouldertexture maps.

For thetorsoonly thefront andbackimagesareusedasthesidesarenot visible resultingin a

discontinuityin theimagetexture.

5 Results

The experimentalsystemfor whole-bodymodellingpresentedin this paperhasbeenusedto

capturemodelsof approximatelytwenty individualswearinga varietyof clothing. Imagesare

capturedusinga singlecamerawith the personturning to presenttheir front, left, backand

right sides.Theresultspresentedin thissectionshow modelsgeneratedautomaticallyfrom the

capturedimageswithout any manualinterventionusingtheapproachintroducedin section4.
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5.1 Whole-body modelling

The model-basedreconstructionalgorithmhasbeenusedto capturemodelsof approximately

twenty individualswearinga variety of clothing. Subjectswereconstrainedto wearclothing

suchastrousersandshirt which allows the locationof thearmpits andcrotchto bevisible in

thefront view. Thesilhouetteextractionandfeaturepoint identificationalgorithmspresentedin

section4 wereappliedto automaticallyidentify thefivekey points.Thefeaturepointextraction

algorithmwasfoundto givevalid featurepoint labellingfor all capturedimages.This includes

peoplewith a wide variety of clothing including baggyshirts and skirts which obscurethe

physicallocationof thecrotchandarm-pits.Thefeaturepointsenablethebodyto besegmented

into sevenparts. Themodel-basedreconstructionfrom silhouettesis appliedto all bodyparts

exceptthehandsandfeet.Handsandfeetaremodelledby scalingthecorrespondingpartof the

genericmodelasthereis insufficient informationon the silhouetteimagesto identify feature

points.

Reconstructed3D modelsfor threeindividualsareshown in Figure5.1(a). The left-hand

columnshows the original front and left sidecolour photos. The secondcolumnshows the

estimatedjoint positionsandreconstructedmodel front view silhouette. from the front view.

Theremainingcolumnsshow the3D modelwith andwithout textureanda singleframefrom

a runninganimation.Theseresultsdemonstratethat the automaticreconstructiongeneratesa

recognisable3D facsimileof therealperson.Thereprojectedsilhouetteshapeof thepersonfor

the four views matchesthesilhouetteshapeof thecapturedimage. It shouldbenotedthat the

silhouetteshapefor thehandsandfeetdoesnot matchastheseareonly scaledversionsof the

genericmodelhandsandfeet.

Thereconstructed3D whole-bodyshapebasedon thesilhouettedatagivesa goodapproxi-

mationof theshapefor aparticularindividual. Someartifactscanbeseenin theshapebetween

the arm-handandleg-foot. This is dueto to poor segmentationof the feet from the legs and

handsasno featurepointsareavailable.The3D shapeapproximationis of sufficient accuracy

to givearecognisablemodelwhentexturemappedwith theimagecolourinformation.Thejoint

positionsestimatedfrom thesilhouetteshapegiveanapproximationof theanatomicalstructure

of a person. Provide the clothing doesnot obscurethe true crotchandarm-pit locationsthe

estimatedjoint positionsaresufficiently accurateto enablerealisticanimation.

Furtherexamplesof reconstructedmodelsfor maleand femalesubjectsare presentedin
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Figure5.1(b). Notethatoneof thesubjectsis wearinga long skirt which violatestheassump-

tion that the crotchpoint is visible. In this situationa goodmodelof the personsshapeand

appearanceis generated.However, thejoint positionsareincorrectandresultin aninvalid ani-

mationasthebody-partcorrespondencebetweenthegenericmodelandpersonarenotcorrect.

Anatomicalconstraintscould be usedto give improved estimatesof the joint position in this

situation. Figure5.1(c)shows reconstructionsfor thesamepersonwearingdifferentclothing.

This exampledemonstratesthat the approachcan be usedto generatea set of modelsfor a

particularindividualsuitablefor multiplevirtual world applications(business,sports,leisure).

Theseresultsdemonstratethe feasibility of obtainingrealistic whole-bodymodelsfrom

setsof capturedimages.The quality of the final texturemapped3D modelsis limited by the

resolutionof thecapturedimages.Thecurrentresolutionissufficientfor realisticapproximation

whenviewing thewholebodybut not for close-upsof individual partssuchastheface.High-

resolutionimagesof individual body partswould allow reconstructionof realisticmodelsfor

close-upviews.

Currentlytheprincipallimitation of thereconstructionfrom silhouettesis thequalityof the

facemodelsgenerated.Dueto theabsenceof featurepoint labellingon thefacethealignment

with thegenericmodelis inaccurate.Thismayresultin bumpsin thefaceshapeanddistortion

of thefaceshapein thepresenceof longhairwhichobscuresthesidesof theface.Previousfea-

turebasedapproachesto facemodelling[Lee andMagnenat-Thalmann,1998, Mortlock etal., 1997]

couldbeusedto improvefacemodellingif full resolutionfaceimageswerecaptured.However,

currenttechniquesfor facemodellingmayalsofail to automaticallyreconstructfaceshapein

thepresenceof hair andglasses.

5.2 Animation

Animationof thereconstructed3D modelsfor particularindividualsperformingstandardmove-

mentsis illustratedin Figure12. In this work avatarshave beenanimatedusingsimpleanima-

tion sequencesfor walking, runningandjumpingwhich arepre-definedfrom capturedmotion

data.Theanimationsequencein theform of joint angle/axisrotationsareapplieddirectly to the

virtual modelfor aparticularindividual. Multiple virtual peoplemodelscanberun in real-time

with reasonablysmoothmovementona400MHzPentiumplatform.

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

(b) Examplesof male/femalevirtual people

(c) Modelsof thesamepersonwith differentclothing

Figure11: Reconstructed3D texturemappedmodelsfor individualpeople
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Thearticulatedstructureof thegenerichumanoidmodelis modifiedfor a particularindividual

by mappingthe 3D joint positionsusing the 2D-to-3D mappingalgorithm presentedin the

previoussection.Theanimationparametersbasedon joint angleinterpolationarethesameas

for thegenericmodel. Animationof movementssuchaswalking, runningandjumpingusing

a commonsetof parametersresultsin reasonablemovementsof a particularindividual for VR

applications.However, theanimationis basedon a rigid 3D modelwhich doesnot incorporate

changesin thebodyor clothingshapeduringmovement.This resultsin visible artifactsin the

humanoidanimation.

Figure12(b)shows a sequencefrom thewalking animationfor a particularindividual. As

the clothing texture is rigidly fixed to the segmentsof the genericmodel the clothing moves

rigidly with the body partsresultingin visual artifactsas regions of the texture appearand

disappear. This canbeseenin thepelvis region for thefront views of Figure12(b). A second

visualartifactin theanimationoccursdueto thesegmentbasedstructureof thegenericmodel.

Thereconstructionalgorithmmodifieseachsegmentin thebodyto approximatethesilhouette

shapefor a particularperson. When the model is animatedthe deformedsegmentsmay no

longerform a smoothsurfaceresultingin visible gapsnearthejoints. This canbeseenfor the

kneefrom thesideview of theanimationsequenceof Figure12(b).

Thereconstructedjoint structureand3D colourmodelsachieverealisticanimationof aper-

sonsmovement. However, visual artifactsoccurdue to the genericmodel structureand the

simplicity of theanimation.Greaterrealismcouldbeachievedusinga moresophisticatedhu-

manoidmodelbasedonaseamlessmeshwhichcanbedeformedin real-time[Kalra andMagnenatThalmann,1998].

Physics-basedmodelscouldalsobeusedto achieverealisticdeformationof theskinandcloth-

ing. However, this maybeprohibitively expensive for real-timeapplications.

5.3 Avatar Booth

A commercialboothsystemdevelopedusingtheapproachpresentedin this paperis illustrated

in Figure13. Theboothusesa singlecameracapturesystemwith thepersonturningto present

the four front, backandsideviews. Manual interactionis usedto identify key featurepoints

on theface.Theuseof manuallyidentifiedfacefeaturepointsensuresthat facesarecorrectly

reconstructedwhenthesilhouetteis obscuredby thepersonshair. Whole-bodymodelsarethen

generatedautomaticallyusingtheapproachpresentedin thispaper. A generichumanoidmodel
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(a) A simplecatwalk scenewith four models

(b) Frontandsideviewsof thewalkinganimation

Figure12: Virtual peoplein a virtual catwalk sceneanimation
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Figure 13: Proto-type avatar booth to populate virtual worlds (courtesy AvatarMe Ltd.

www.avatarme.com)

with a seamlessmeshsurfaceis usedto give smoothanimationof the reconstructedvirtual

personsshape.

The prototypeboothsystemwas launchedat SIGGRAPH’99andhasrecentlybeenused

in a location-basedentertainmentapplicationto generatetens-of-thousandsof modelsof mem-

bersof thegeneralpublic of all ages,sizes,shapesandappearance.Resultsof this mass-user

generationof modelsof peoplehasdemonstratedthat thewhole-bodymodellingtechniqueis

reliableandrobust to changesin shape,sizeandclothing. Theapproachsuccessfullycaptures

modelswhich arerecognisableandcanberealisticallyanimatedfor a wide varietyof people.

The generatedvirtual peopleare immediatelyshown in variousanimationsequencessuchas

dancing,skateboarding,andplaying basketball. Modelsarethensecurelyuploadedonto the

internetfor personalusein variousVR, entertainmentandgamesapplications.

6 Discussion

6.1 Assumptions

Themodel-basedwhole-bodyreconstructionfrom silhouettesintroducedin this papermakesa

numberof underlyingassumptions:
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1. Thepersonis standingin anapproximatelyknown pose.

2. Thepersonis wearingclothingwhich allows thearm-pitsandcrotchto beidentified.

3. Thepersonsshapecanbeapproximatedby anaffine transformof thegenerichumanoid

from two or moreorthogonalviews.

4. Theanatomicaljoint structureof apersoncanbeapproximatedby anaffine transformof

thejoint structurefor thegenericmodel.

5. Theestimatedshapeinformationis sufficiently accurateto enableintegrationof thecap-

turedimagesinto asingletexturemap.

Thefirst two assumptionsaresatisfiedby constrainingtheclothingandposeof theperson

captured.Theseassumptionsaresatisfiedfor a wide rangeof peoplesize,shapeandclothing.

The resultsdemonstratethat the reconstructionis insensitive to a wide variationin the initial

pose.If theconstraintsonclothingarenotsatisfiedthepersonsshapeis correctlyreconstructed

but theirestimatedjoint positionsmaybeincorrect.

Theresultsdemonstratethattheapproximationof thebodyshapefrom theorthogonalview

silhouettesgivesa reasonablemodelof the body surface. This is the casefor all body parts

exceptthehead,handsandfeet.For otherbodypartsnon-uniformscalingof thegenericmodel

shapegivesa goodapproximationof theshapeof a particularindividual dueto their inherent

symmetry. Similarly, non-uniformscalingof the joint structuregivesa reasonableapproxima-

tion of the joint positions. The resultsdemonstratethat the approximateshapeis sufficiently

accurateto enableblendingof overlappingimagesfrom multiple views to obtaina singletex-

turemap.Texturemappingof amodelwith approximatelythesameshapeasaparticularperson

givesa realisticvirtual model.

An additionalassumptionmadein thesinglecameracapturesystemusedin thiswork is that

the approximateintrinsic andextrinsic cameracalibrationenablessatisfactoryreconstruction.

The shapeapproximationerror resultingfrom the intrinsic calibrationis discussedin section

6.2. Theextrinsic calibrationis determinedby thepersonturningby
£ ?N¤ to presenteachview.

Thereconstructionhasbeenfoundto beinsensitive to errorsin boththeintrinsic andextrinsic

calibration. No reductionin the visual quality of the reconstructedmodelhasbeenobserved

dueto errorsin thecalibration.
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6.2 ShapeApproximation Err or

Themodel-basedreconstructionof 3D shapefrom silhouettespresentedin section4.4 is based

on the assumptionthat the distanceto a point on a particularindividual 
 R is approximately

equalto thedistanceto thecorrespondingpoint on thegenericmodel 
 ¦ . This assumptionis

usedto enableevaluationof theinverseprojectiongivenby equation5. In practicetheerror in

thisdistanceis theprincipalfactorcontributingto theerrorin theestimationof the3D silhouette

shapefor aparticularperson.

Givenanestimateof themaximumerrorin thedistancebetweenthecameraandtheperson

we canestimatethe error in the 3D silhouetteshape.This is illustratedin Figure14(a). For

a pin-holecameraalignedwith the world coordinatesystemwe have the relationships:
s-t �� ¦ fN
 ¦ �D� R fN
 R and

s � ��
 ¦ fN
 ¦ ��
 R fN
 R . Now if we know that 
 R �9
 ¦���� � thenwe

canderive thefollowing relationship:

� · � � �
 ¦ � ¦ � á´� � á
 ¦ 
 ¦ (11)

For thecurrentexperimentalsetup,asillustratedin Figure3, thedistancebetweenthecam-

eraandpersonis approximately
 ¦ �/�Nà and the maximumerror in a personsposition is� ��� � ?kWYA4à . Fromequation11 the resultingmaximumpercentageerror in theestimated3D

silhouettewidth or heightis approximately3%. For a typical personswidth of 0.6mthecor-

respondingerror in theestimatedpoint on the3D silhouetteis � · � � ?:W�?kA�à andtheresulting

errorin theestimatedwidth of thepersonis � ?kW�? O à .

This level of accuracy is adequatefor theproposedapplicationof capturinghumanmodels

to representpeoplein virtual worlds andgames.However, this accuracy is not sufficient for

clothingapplicationsor anthropometricmeasurementwherea maximumerrorof lessthan1%

(0.01m)is required.Currentlaserbasedwhole-bodymeasurementsystemsaremoreappropri-

atefor this applicationdomain.

The above analysisgivesan approximatemaximumerror for pointson the 3D modelsil-

houette.Thereconstructedsurfaceshapeapproximationof a particularindividual is basedon

theshapeof thegenerichumanoidmodel.Theshapeof thegenerichumanoidmodelis scaled

accordingto a linearaffine transformto fit the3D silhouetteshapeof a particularindividualas

discussedin section4. A particularindividualwith clothingmayexhibit largeshapevariations
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Figure14: Errorsin 3D silhouetteestimationandmodel-basedsurfacereconstruction

whicharenotcapturedin theorthogonalview 3D silhouettes.Thereforeerrorswhicharelarger

thanthemaximumsilhouetteerrormayoccurparticularlyfor complex bodypartssuchasthe

headwith long hair. For approximatelysmoothsymmetricalbodypartssuchasthearms,legs

andtorsotransformingthemodelto fit theorthogonalview silhouetteswill giveanapproxima-

tion error for thebodysurfacesimilar to theerror in theestimated3D silhouettes.Hence,for

smoothbodypartswe canexpectthemaximumerror to beof thesameorderof magnitudeas

theerrorin thesilhouetteapproximation.Thesurfaceapproximationerrorbasedonscalingthe

genericmodelis illustratedin Figure14(b)and(c) for a smoothsurfaceshapeanda complex

shape.

A limited quantitativeevaluationof theaccuracy of the3D silhouetteandmodel-basedsur-

facereconstructionhasbeenperformed.This evaluationwasperformedby directcomparisons
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of measurementsof thedimensionsof a personwith thecorrespondingdimensionson there-

constructed3D model. Resultsof this analysisindicatethat the error in the 3D silhouettedi-

mensionsis of the orderof �LKNMOKNPRQ for mostof the body excluding the face,handsandfeet.

Similarly, for smoothbody partssuchas the arms,legs and torso the error in the estimated

surfacecanbe estimatedby taking cross-sectionsthroughthe reconstructedmode. From this

analysisit hasbeenfoundthat in generaltheerror is lessthan �SKTMUK�VWQ of therealbodyshape

for smoothbodypartswith approximatelythesameshapeastheoriginalmodel.Thesampleof

modelstakenfor thisevaluationis limited to thoseillustratedin thispaper. Full evaluationof the

accuracy of the reconstructionprocesscould be achieved by comparisonof the reconstructed

modelswith measurementsof thesamesubjectacquiredusingawhole-bodylasermeasurement

system.This hasnot beenperformeddueto the lack of accessto sucha device. However, as

thefocusof theproposedapproachis notonmeasurementof whole-bodyshapeit is considered

thatthisanalysisis nonessentialto validatethecurrentapproach.Reconstructedmodelsshould

beevaluatedqualitatively in termsof visualappearance.

6.3 Computational Cost

Theprimarycostin thereconstructionalgorithmis thecomputationof displacementsfor mesh

verticeson thegenericmodelto approximatethesilhouetteshapeof thecaptureddataimages.

This requiresfirst projectingeachmeshvertex on the genericmodel to the 2D imageplane

usingequation1. Theprojectionmatrix canbepre-computedhencethis operationrequires14

multiplication and12 additionoperations.The next stageis to mapthe 2D vertex projection

from the model to datasilhouette. The 2D-to-2D silhouettemappingis pre-computedas a

lookuptablewhichmapseachhorizontalsliceonthemodelsilhouetteto thecorrespondingslice

on thedatasilhouette.Thelookuptablecontainsthepre-computedhorizontalandverticalscale

factorsfor eachhorizontalslice.This lookuprequiresasingleoperationpervertex. Hence,the

costof 2D-to-2Dmappingfor eachvertex is determinedby thecostof implementingequation3

which requirestwo multiplicationsandtwo additionoperationspervertex. Finally, the2D data

vertex position is reprojectedinto 3D spaceusingequation5. The inverseprojectionmatrix

is pre-computed.Evaluationof the inverseprojectionfor a singleview directionrequires16

multiplicationandadditionoperationspervertex. This sequenceof operationsis repeatedfor

eachvertex in eachview direction.Hence,thecomputationalcomplexity of thereconstruction
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algorithmis XZY\[L]_^ where [S] is thenumberof meshverticies.Thenumbertotal of operations

per vertex for reconstructionfrom four views is 128 floating point multiplicationsand 120

additions.

Theexperimentalimplementationon a 400MHz PentiumIIPC Platformrequiresapproxi-

mately3 minutesto performthecompletereconstructionfrom imagecaptureto texturemapped

3D model.This is for agenerichumanoidmodelcontaininga totalof 10K meshverticies.This

processis completelyautomaticrequiringnouserintervention.It is envisagedthatthis compu-

tationtimecouldbesignificantlyreducedwith furtheroptimisationof thesoftware.Commercial

developmentof this approachhasreducedthereconstructiontime to lessthan15 secondson a

similar platform.

7 Conclusions

A model-basedapproachhasbeenintroducedfor automaticreconstructionof anarticulated3D

colour modelof a particularpersonfrom a setof colour images. Resultsdemonstratedthat

this approachachieves recognisablemodelsof individuals with a wide rangeof shape,size

andclothing. Thereconstructedmodelrepresentsthe3D shape,colourtextureandarticulation

structurerequiredfor animatingmovements.This approachenableslow-costcaptureof mod-

els of peoplein a VRML H-Anim avatar format suitablefor populatingvirtual worlds. The

principalcontributionof this work are:` Novel methodfor model-basedreconstructionof shapefrom silhouettes.` Whole-bodyreconstructionof shapeandappearancefrom multi-view images.` Captureof modelsfor clothedpeople.` Automaticreconstructionof full bodyanimatedmodels.

Theresultspresenteddemonstratethefeasibility of model-basedreconstructionof realistic

representationsof individual peoplefrom setsof images. However, several issuescould be

addressedin futurework to achievephoto-realisticanimatedmodels:` Facialfeaturepointlabellingfor accuratemodellingandanimation[Mortlock et al., 1997,

LeeandMagnenat-Thalmann,1998].
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` Captureof a personin multiple posesfor accuratereconstructionof kinematicstructure

[Plankerset al., 1999, KakadiarisandMetaxas,1998a].` Seamlessdeformablegenericmodelfor realisticanimation.` High-resolutionimageacquisitionfor improvedphoto-realism.` Synchronousimageacquisitionfrom multiple viewsto avoid movement.` Increasednumberof views to reduceocclusion.` Multiple levels-of-detailto efficiently representshape.

Furtherdevelopmentof this systemandintegrationwith previous work on faceandbody

modellingwill give incrementalimprovementsin thequality of thereconstructedmodels.The

silhouettebasedapproachfor mappinga generichumanoidmodelto a particularpersoncould

beusedto generateanimatedmodelsfrom 3D whole-bodysurfacemeasurementsacquiredfrom

passivestereo[Plankersetal., 1999] or commerciallaser-stripescanners.

Theresultspresentedin this paperdemonstratethepotentialof a low-costwhole-bodysys-

tem for capturingrecognisable3D modelsof individual peoplefrom setsof colour images.

Currentmodelsof peoplearesuitablefor representinganindividual in asharedvirtual environ-

ment,interactivegamesor generatinganimatedimagesequencesfrom pre-definedmotion.
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*Figure1: Overview of modelreconstructionfor anindividualperson

Figure2: Generichumanoidmodelbasedon theVRML draft specification

Figure3: Imagecapturesetup

Figure4: Algorithm for featureextractionfrom asilhouettecontouregf for front andbackviews

Figure5:Silhouetteandfeatureextractionfor front andsideview silhouettesFigure6: 2D-to-

2D mappingbetweenmodelanddatasilhouette

Figure7: 3D Displacementestimationfrom multipleview 2D imagedisplacements

Figure8: 2D-to-3Dmappingbetweenmodelanddatasilhouettefor orthogonalviews

Figure9:Cylindrical texturemappingof apoint onaslicethroughthe3D model

Figure10: Original imageandintegratedtexturemapsfor head,shouldersandtorso

*Figure 11: Reconstructed3D texture mappedmodelsfor individual peoplewith animated

movements

*Figure12: Virtual peoplein a virtual catwalk sceneanimation

Figure13:Proto-typeavatarboothto populatevirtual worlds

(courtesyAvatarMeLtd. www.avatarme.com)

Figure14: Errorsin 3D silhouetteestimationandmodel-basedsurfacereconstruction

(* = Reproducein colour)
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