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Abstract

In this papera new techniqueis introducedfor auto-
matically building recagnisablemoving 3D modelsof in-
dividual people Realisticmodellingof peopleis essential
for advancednultimediaaugmentedeality andimmesive
virtual reality. Currentsystemgor whole-bodymodelcap-
ture are basednactive3D sensingo measue theshapeof
thebodysurface Sut systemsre prohibitively expensive
and do not enablecapture of high-quality photo-ealistic
colour Thisresultsin geometricallyaccurate but unreal-
istic humanmodels.Thegoal of thisreseach is to achieve
automatidow-costmodellingof peoplesuitablefor person-
alisedavatais to populatevirtual worlds.

A model-base@dpproadc is presentedor automaticre-
constructionof recanisable avatais from a set of low-
costcolourimagesof a persontakenfrom four orthogonal
views. A generic3D humanmodelrepresentsoththe hu-
man shapeand kinematicjoint structue. The shapeof a
speci ¢ personis captured by mapping2D silhouettein-
formationfromthe orthogonalview colourimagesontothe
generic3D model. Colour texture mappingis achievedby
projectingthe setof images onto the deformed3D model.
Thisresultsin the captue of a recaynisable3D facsimileof
anindividual personsuitablefor articulatedmovemenin a
virtual world. Thesystems low-cost,requiressingle-shot
captue, is reliable for large variationsin shapeand size
andcancopewith clothingof modeate complexity.

Keywords: Avatar Virtual Human, Whole-bodyModel-
ling, HumanoidAnimation, Virtual Reality VRML, Vision
Techniques3D Reconstruction
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1. Intr oduction

Thereis increasinglemandor alow-costsystento cap-
ture both humanshapeandappearancePotentialapplica-
tionsfor sucha systemincludepopulationof virtual ervir-
onmentscommunicationmulti-mediagamesandclothing.
This paperpresents techniquefor capturingrecognisable
modelsof individual peoplefor usein VR applications For
instanceeachparticipanin amulti-uservirtual environment
couldberepresentetb othersasan avatar' whichis areal-
istic facsimileof the personsshape,size and appearance.
Thekey requirementsor building modelsof individualsfor
usein virtual worldsare:

Realisticappearance
Animatablemovements
Low-cost(automaticlcquisition

Theserequirementgontrastwith previous objectvesof
whole-bodymeasuremergystemswhich were principally
designedo obtain accuratemetric information of human
shape. Suchsystemgypically capturelow-resolutioncol-
our andhave restrictionson surfacepropertiesvhich result
in no measurementer areaf darkcoloursandhair. Cur
rentwhole-bodymeasuremergystemsare highly expens-
ive andrequireexpertknowledgeto interpretthe dataand
build animatednodels[13]. Thesesystemsaresuitablefor
capturingmeasurementsf individual peoplefor clothing
applicationsbut are not capableof capturingrecognisable
modelsfor VR or photo-realistianodelsfor computeran-
imation. Recentresearclthasaddressedeconstructingeal-
istic animatedfacemodels[1, 3, 10, 14] andwhole-body
modelsof kinematicstructurel4, 6] from capturedmages.
The objectie of this researchs to extendthis work to ad-
dresghereconstructiomf whole-bodymodelsof shapeand
appearancfrom capturedmages.

In this papemwe introducea techniqueor automatically



building modelsof individual peoplefrom a setof four or-
thogonalview imagesusing standardcameratechnology
The reconstructiorfrom multiple orthogonalview images
is analogouso previouswork onfacialmodelling[1, 2, 10].
A majorfeatureof our approachs thatwe canreconstruct
recognisableolourmodelsof peoplewhoarefully clothed.
Theaimis to captureaccurateppearanctogethemwith ap-
proximateshapanformationandnotto accuratelyneasure
theunderlyingbodydimensionsThiswork generatesod-
els in the VRML-2 HumanoidAnimations[15] standard
which canbe viewedin ary VRML-2 compliantbrowser
It is ervisagedthatthe commercialavailability of low-cost
whole-bodycapturewill openup amassmarketfor person-
alisedplug-insto multimediaandgamegackages.

Thereis a considerabléodyof literatureaddressinghe
goalof realisticmodellingof theheadandfaceof individual
people.Techniquehiave beenpresentedil, 9, 10, 2, 14, 16]
which use captured2D imagesto modify the shapeof a
3D genericface model to approximatea particularindi-
vidual. Photogrammetri¢echniquesare usedto estimate
the 3D displacemenbf pointson the surfaceof a generic
modelfrom multiple cameraimages. Texture mappingof
the capturedimagesis then usedto achieve a recognis-
able3D facemodel.Reconstructiomf animatedacemod-
elsfrom dense3D surfacemeasurementsasbeendemon-
strated[3, 11, 17]. Facemodellingtechniquesisingmul-
tipleimagesaresimilarto theapproactpresentedh thispa-
perfor whole-bodymodelling.A differencen ourapproach
istheuseof silhouettedatato registertheimageswith agen-
eric modeland estimatethe 3D shape. Techniquedor fa-
cialmodelling[2, 10, 14] couldbeusedin conjunctionwith
whole-bodyreconstructiono achiezeimprovedfacialmod-
elling. However, currentimagebasedtechniquedor face
modelling requirea full resolutionimageto enableauto-
maticfeaturelabelling. In addition,currentfacemodelling
techniquesnayfail to reliably reconstrucfaceshapeauto-
matically for large variationsin shapeandappearancdue
to hair, glassesindbeards.

Recentresearchhasaddressedhe imagebasedrecon-
structionof whole-bodyshapeandappearanc&éom setsof
imaged4, 5, 6, 7, 12]. Reconstructiomf coarse3D shape
andappearancef a moving persorfrom multi-view video
sequencebasbeendemonstratefi7, 12]. Modelling of hu-
manshapeandkinematicstructurehasbeenaddressedor
capturedmagessequenceft, 6]. Unlike previouswhole-
body modellingtechniqueghe approachpresentedn this
paperaims to reconstructa recognisablenodel of a per
sonsshapeand appearance.The capturedsilhouetteim-
agesof a personin a single poseare usedto modify the
shapeof a generichumanoidmodelto obtainan estimate
of the kinematicstructure. Techniquedor estimatingkin-
ematicstructurel4, 6] could be combinedwith the current
approacho accuratelyestimatgoint positionsusingimages

of a personin multiple poses.This would signi cantly im-
provetheaccurag of thereconstructe#inematicstructure
for largevariationsin shapesizeandclothing.

2.Overview

An overview of themodel-base@D humarshapeaecon-
structionalgorithmis illustratedin Figurel. A generic3D
humanoidmodelis usedasthe basisfor reconstructioras
shawvn in Figurel1(a). Four syntheticimagesaregenerated
for orthogonaviews (front,left,right,back)of themodelby
projectionof thegeneriomodelasillustratedin Figurel1(b).
To reconstructa model of a personfour orthogonalview
imagesare capturedwith the subjectin approximatelythe
samepostureas the genericmodel. This is illustratedin
Figurel(c). We will referto capturedmagesof aparticular
persorasthe dataimages'andto imagesof thegeneric3D
modelasthe "'modelimages'.

Silhouetteaxtractionis performedonthemodelanddata
imagesanda small setof key featurepointsare extracted
asillustratedin Figurel(d)and(e). Initial alignmentof the
featurepointsbetweerthemodelanddataensureshatsep-
aratefunctionalbody partsof thegenericmodel(arms,legs
and head)are correctly mappedto correspondingartsof
the capturedmagesilhouettes.Correctcorrespondencef
body partsis requiredto achiese correctanimationof the
reconstructe@D modelof aparticularperson A 2D-to-2D
linearaf ne mappingbetweerthemodelanddataimagesil-
houettess introducedto establisha densecorrespondence
for ary pointinsidethesilhouette.This correspondencean
be usedto mapthe colourinformationfrom the dataimage
ontothemodelimageasillustratedin Figurel (f).

Thedense2D-to-2D mappingfor a singleimageis used
to de ne the shapedeformationof the 3D modelin aplane
orthogonalto the view direction. Applying this deforma-
tion to the 3D genericmodel achieves a 2D-to-3D linear
mappingof the image silhouetteshapeonto the shapeof
the 3D model. This model-base@D-to-3D mappingis the
coreof thetechniqueor reconstructiorof 3D humanmod-
els. Integrating shapedeformationinformation from two
or more orthogonalviews givesthreeorthogonalcompon-
entsof shapedeformation. Applying this deformationto
the genericmodelwe canapproximatehe shapeof a par
ticular individual asillustratedin Figure1(g). Combining
the 3D shapewith the 2D-to-2D mappingof the colourin-
formationwe canobtaina colourtexturemapped3D model
asillustratedin Figure 1(i). The resultingreconstructed
3D model providesa realistic representationf a particu-
lar individual. The articulatedoint structureof the generic
functional model canthenbe usedto generateanovement
sequencefor a particularindividual in a virtual world as
illustratedin Figuresl(h) and(j).
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Figure 1. Overview of model reconstruction for an individual person



3. Model-basedavatar reconstruction
3.1 Generichuman model speci cation

De nition of a standard3D humanoidmodel hasre-
centlyreceved considerablénterestfor bothef cient cod-
ing [8] and animationin virtual worlds [15]. In this
work we have adoptedhe draft speci cationof the VRML
Humanoid Animation Working Group (H-Anim) which
de nes a humanoidmodel structurewhich canbe viewed
usingary VRML-2 compliantbrowser A setof 3D hu-
manoid modelsbasedon the draft standardare publicly
availablefrom the humanoidanimationweb site[15]. The
generichumanoidnodelusedin thiswork is shavn in Fig-
ure2. TheH-Anim draft standardle nesahierarchicalar
ticulatedjoint structureto representhedegrees-of-freedom
of a humanoid. The humanoidshapeis modelledby at-
tachingeithera 3D polygonalmeshsegmentto the joint
for eachbody part or a single polygonalmeshsurfacefor
thewhole-body For examplethearticulatedstructureof an
armcanberepresenteldy threegjoints shoulderelbow-wrist
andtheshapéby segmentsattachedo eachjoint upperarm-
forearm-hand.The shapesggmentscan be speci ed with
multiple levels-of-detailto achieve both ef cient andreal-
istic humanoidanimation. Material propertiesandtexture
mapscan be attachedo eachbody segmentfor rendering
themodel.

Themodel-basedeconstructioralgorithmintroducedn
this papercanuseary reasonablgenerichumanoidbody
asthe initial modelwhich is modi ed to approximatethe
shapeandtexture of aparticularperson.Thereconstruction
algorithmcanalso handlemodelswith multiple levels-of-
detailfor eachbodypart. All reconstructiomesultspresen-
tedin this paperarebasedn apublicly availablehumanoid
modelwhichis compliantwith the draft standardandgives
a reasonablecompromisebetweenrepresentatiorquality
andanimationef ciency. Thejoint structurefor thegeneric
humanoidmodelconsistsof fteen joints asillustratedin
Figure2(a). Themodelshapeconsistof fteen bodyseg-
mentswith atotal of 10K meshverticesand20K triangular
polygons. The renderedsuriacemodelis shovn in Figure
2(b). The VRML-2 speci cationallows movementanima-
tions basedon interpolationof joint anglesto be speci ed
independentf the humanoidgeometry

The following nomenclaturés usedin later sectionsto
refer to the polygonalmodel and associatedexture map.
Throughoutthis work the notation refers
to a 3D vector such as a meshvertex. For eachbody
part the polygonal meshis speci ed as a list of 3D
vertices, , anda list of polygons,

. An imageor texture map 2D co-
ordinateis de ned as where istheverticalco-
ordinateand isthehorizontalcoordinatewith

(a)Joints (b)Surface

Figure 2. Generic VRML H-Anim humanoid

andtheorigin atthetop left-handcornerof theimage.Tex-
ture mappingof animageonto a polygonalmeshis spe-
cied by a 2D texture coordinatefor each meshverte,

3.2 Image capture and feature extraction

3.2.1 Imagecapture

An experimentalsystemhasbeensetupto capturewhole
body imagesof an individual from four orthogonalviews
(front,left,back,right).The four view cameracon guration
is illustratedin Figure 3(a). Colourimagesare captured
usinga Sory DXC-930P 3CCD camerawith
pictureelements.This givesa resolutionof approximately
pixelsfor thesubjectdace.Imagesaretakenagainst

a photo-re ective blue screernbackdropwhich allows reli-
ableforeground/backgpund separatiomwith arbitraryfore-
groundlighting andmostblue clothing. The subjectstands
in a standardposesimilar to the genericmodel poseas
shawvn in Figure5(a). Currently eachview is taken with
a singlecamerawith the subjectrotatingto presenthere-
quiredview to the camera.The useof a singlecameramay
resultin small changeof posebetweenviews but hasthe
adwantageof identicalintrinsiccamergrojectionparameter
for eachview. The captureprocesgesultsin a setof four
dataimages, , for orthogonaviews of aspeci ¢
person.

To modelthe imagecaptureprocesswe assumea pin-
hole camerawithout lensdistortion. The camera3D to 2D
projectioncanbeexpresseih homogeneousoordinatess:

(1)

Where is a 2D point in
the cameramageplaneand is a 3D point
in world coordinatesxpressedn homogen-

eousform. is the 4x3 cameraprojectionmatrix which
canbedecomposeihto a3x3cameraalibrationmatrix
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Figure 3. Image capture setup

a 3x4 orthographigrojectionmatrix from 3D to 2D

anda Euclideanrigid body transformin 3D space rep-
resentingheview transformfor the  cameran world co-
ordinatesTheindividualmatriceshave thefollowing form:

Where isa3x3rotationmatrixand a3xl1translation
vector The cameracalibrationparameters arethe
focallengthsand theimageoriginand a3xlvec-
tor of zero's. Cameracalibrationis basedon direct estim-
ation of the cameraparametergérom the size and position
of the capturedview planerelative to the distancefrom the
camerdforinstance ———giving -).
Figure 3(b) illustratesthe cameraprojectionprocessor a
singleview. The calibratedcameramodelis usedto gener
atea setof four syntheticimagesof the generichumanoid
model, . Thisis achievedby projectionof each
vertex  on the genericmodelto its correspondingmage
coordinates usingequationl.

3.2.2 Silhouetteextraction

Silhouetteextractionaimsto constructthe chainof image
pixelswhich lie on the boundarybetweerthe imageof the
personandthe background.A standarcchroma-lkey tech-
nigueis usedto identify backgroundpixels basedon the
percentagef blue in eachpixel. Given an image pixel

with red, greenand blue colour components the
percentagdlue is . A con-
stantchroma-ley threshold(50%)is usedtogethemwith an
intensity threshold( ) to reliably generatea bin-

ary imagewith eachpixel labelledas eitherforegroundor

background.An exampleof an extractedbinary silhouette
imageis shavn in Figure5(b).

Thesilhouettecurve, , for eachcapturedmage, ,
is extractedby following an8-connecteahainof pixelson
the borderof the foregroundimageof a person.We denote
thesilhouetteby thechainof ~ 8-connecteddjacenpixel
coordinates which is speci edin counter
clockwiseorderwith-respect-tahe imageview direction.
An exampleof an extractedsilhouettechainis shavn in
Figure5(c). A similar processs performedonthesynthetic
images  of thegenericmodelusingabinarythresholdo
obtaina setof modelsilhouettecurves,

3.2.3 Feature extraction

The objective of featureextractionis to establishthe cor-

rect correspondenceetweenthe captureddata and syn-
thetic modelimagesfor body partssuchasthe arms,legs,

headandtorso.Correctcorrespondends essentiator real-
istic animationof thereconstructedhodelof apersorbased
on the articulatedjoint structureof the genericmodel. We

thereforerequirerobustextractionof a setof featurepoints
for awide rangeof changesn body shape sizeandcloth-

ing. To achieve this we constrainthe personto standap-
proximatelyin apre-speci edposeandwearclothingwhich

allows both the arm pits andcrotchto be visible suchasa
shirt andtrousers. Given theseassumptionsn algorithm
hasbeendevelopedfor reliable extractionandlocalisation
of asetof featuredasedn our knowledgeof thesilhouette
contourstructure.

Thealgorithmfor extractingfeaturepointsfrom thefront
or backsilhouettecontour , is presentedn Fig-
ured. Initially thealgorithmtraverseghesilhouettecontour

to locate ve extremumpoints, , onthe contour
Thesecorrespondo the head,handsandfeetasillustrated
in Figure5(c).The extremapointscanbereliably extracted
for all silhouettesout their locationvariessigni cantly due
to variationin shapeandpose. Therefore the extremaare
usedto identify ve key featurepoints, , Which can
be accuratelfocatedevenwith large changesn shapeand
pose.Thefeaturepointscorrespondo the crotch,arm-pits
andshouldersasshowvn in Figure5(d).



This proceduregivesreliable extraction of a setof key
featurepointsfor awide rangeof peopleshapesize,cloth-
ing and hair-styles. It hasbeenfound that other potential
featurespoints suchas the neck cannotbe reliably local-
ised as small changesn shapecanresultin a large vari-
ationin position. Resultingin a poor quality correspond-
encebetweerthe capturedandgenericmodelimages.The
setof extractedfeaturesare sufcient to accuratelyalign
themajorbodypartsfor a capturedmagesilhouette(head,
torso,arms legs)with thoseof thegenericmodelimage.A
similar procedurds appliedfor the side views to identify
thetip of thenoseastheleft or right extremumonthehead.
Otherbodypartssuchasthe ngers cannotbereliablyiden-
tied with theimageresolutionusedaseach nger is less
thanthreepixelsacrossHigherresolutionmagesmayper
mit correspondence® be establishedetweenadditional
bodyparts.

3.2.4 Poseestimation

Poseestimationidenti es the angle of the armsand legs
for a setof capturedmagesof a speci ¢ person. Thisin-
formationis usedto adjustthe poseof thegenericmodelto
thatof a particularindividual. The poseof the arms,legs
andheadareestimatedy computingthe principalaxis for
the contourpointscorrespondingo eachof thesecompon-
ents.If thesetof contourpointsfor aparticularbodypartis
thentheprincipalaxisis givenby:

(2)

Theangleof theprincipalaxiswith theverticalgivesthe
approximateposeof the body parallelto theimageplane.
The body part poseis usedin the mappingto correctfor
smallvariationshetweerthegeneriomodelandthecaptured
imagesetfor a particularindividual.

3.3 2D-to-2D Silhouette Mapping

Theobjective of mappingbetweerthegenerichumanoid
modelandthe capturedmagesis to establisha densecor-
respondencéor mappingeachmodel part. Densecorres-
pondencestablisheauniqueone-to-onenappingoetween
ary point, , inside the genericmodel silhouetteand a
pointonthesamebodypart, ,insidethecapturedmage
silhouette This correspondends usedto modify theshape
of the generichumanoidmodelto approximatethe shape
of a particularindividual. For exampleto achieve realistic
armmovemenftor thereconstructednodelof anindividual
it is necessaryo mapthe projectionof thearmonthegen-
eric modelimageto thecorrespondingrmon the captured
image.

1. Findtheextremumpoints

(a) Find the extremumpointon thetop of the head,
asthecontourpointwith minimumverticalcoordinate,

and

(b) Find the extremumpoint on the left, , andright,
, handsas the contourpointswith minimum and
maximumhorizontalcoordinate, :
and

and
(c) Evaluatethecentroidof thesilhouettecontour:

(d) Find the extremumpointson the left, , andright,
, feetasthe contourpointswith maximumvertical
coordinate, , eitherside of the centroidshorizontal
coordinate,
and

and
2. Findthefeaturepoints

(a) Locate the key feature points correspondingo the
crotch, ,andtheleft, , andright, , arm-pits
asthe contourpointswith minimumvertical coordin-
ate, , which arebetweerthe correspondingpandand
feetextremumpoints:

crotch and
left-armpit and
right-armpit and

(b) Locatefeaturepointson the left, , andright, ,
shoulderswith the samehorizontalcoordinate, , as
thearm-pitfeatures  and
left-shoulder and
right-shoulder and

Figure 4. Algorithm for feature extraction
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Figure 5. Silhouette and feature extraction



Body-partcorrespondencis establishedisingthe fea-
ture points, , on the silhouettecontoursof the gen-
eric model and the captureddataimages. Thesefeatures
canbe usedto establisha correctcorrespondenctr each
part of the humanbody Basedon the ve key points
the humanmodelis separatednto seven functionalparts:
head;shouldersjeft-arm; right-arm; torso; left-leg; right-
leg. Separatinghe silhouettemagesinto body-partallows
a densemappingto beestablishedndependentlyor points
insideeachbody-partsilhouette.

A unigueone-to-onecorrespondendeetweernpointsin-
side the model and datasetsfor a particularbody-partis
establishedy a 2D linear mappingbasedon the relative
dimension®f thesilhouette Thisis equivalentto an2D af-

ne transformin the imageplane(rotation,scale,sheand
translation). The mappingbetweencorrespondingpoints
inside the silhouettefor a particularbody partis given as
followsin homogeneousoordinates:

3)

Thecomponents representherotation,sheamandscale
betweerthe partsand translationbetweerbody parts. If
thePrincipalaxisof thebodypartsarealigned

and representhe horizontal and vertical scale
factorsrespectrely. Theverticalscalefactor , andtrans-
lation, , for a particularbody partcanbe computedrom
the vertical limits, . Similarly the horizontal
scalefactor  andtranslation aregivenbythehorizontal
limits, , for a horizontalslice
throughthe silhouettecontour The verticalandhorizontal
scalefactorsandtranslationsaregivenby:

This mappingenablesus to evaluatea unique one-to-
onecorrespondencef pointsinsidethe datasilhouette
for any pointinsidethe modelsilhouette . This allows
2D informationsuchasthe colourfrom the capturednodel
to be mappedo the silhouetteof the genericmodelasil-
lustratedin Figurel (f). The mappingachie/esan exact
correspondencat thefeaturepointsanda continuousnap-
ping elsavhereincludingacrossoundariebetweerdiffer-

entbody parts. Thechangen position  betweermodel

anddatasilhouettes givenby:

(4)

This 2D changen positionin theimageplanefor a par
ticular view canbe usedto estimatethe changen position
of a3D pointorthogonato theview direction.

3.4. 2D-to-3D Mapping from Orthogonal Views

Theobjective of the2D-to-3Dmappings to combinethe
dense2D-to-2D mappinginformation, , from multiple
views, to estimatethe 3D displacement,  of
apoint onthesurfaceof the3D model.

3.4.1 Singleview 3D displacement

The 2D-to-2D mappingfor the  view givesan estimate
of thedisplacemenof a3D point betweerthe projection
of the genericmodel andthe projectionof the surface
of arealperson . The 2D imageplanedisplacement,
, de ned by equatiord, canbe usedto estimatehe 3D
displacementomponent, , of the
projected3D point, , onthe genericmodelorthogonalto
the  imageview direction. This is achiezed by estim-
ating the inverseprojectionof the displacemenbf the 2D
point in the cameramage. Theinverseprojectioncan
be estimateduniquelyfrom our knowledgeof the distance
to the correspondin@D point, , onthe genericmodel.
This approximateshe unknownn distanceo thecorrespond-
ing 3D point, , onthecapturedpersorwhich we wantto
estimate.Thedistanceto the genericmodelis areasonable
approximatiorasthe distancebetweerthe cameraandper
son, ,islargerelativeto thedifferencen 3D surface
position, , betweerthemodelandperson.
Estimationof the 3D displacementomponentortho-
gonalto the view directionis illustratedin gure 6(a). A
singleview image  givesanapproximatiorof the com-
ponentof 3D displacement  of a known 3D point
on the genericmodelorthogonatlto the  view direction
suchthat . For example
for thefrontimagetheview directionnormal
consequentlyhe displacemenbf an image point
givesan approximationof the 3D displacement
of the correspondingoint . Sim-
ilarly a left side view with view normal
gives an estimateof the corresponding3D displacement

A pointin the 2D cameraimage plane correspond$o
anin nite ray in 3D space. Therefore,inverting the cam-
eraprojectionequationl givesthe equationof aline in 3D
space.Fromequationl we obtaintheinverseprojectionin
homogeneousoordinategor view direction :



()

Where s a scalefactorequalto the orthogonaldis-
tanceof the 3D point from the camera.The estimated3D
displacementomponent is orthogonalto the camera
view direction . Theinversecameracalibrationandtrans-
form matricesaregivenby:

Thusthe 3D point on the modelin real coordinates
isonthe 3D line representedy:

(6)

Thedistanceo thetrue 3D point on a speci ¢ personis
approximatedby the distanceto thecorrespondingpointon
thegenericnodel.Fora3D point  in world coordinates
thedistancdothe cameracentrewith cameraransform

givesthescalefactor . Equation
6 givesanapproximatiorof the 3D displacementompon-
ent orthogonato theview direction . This
3D displacementomponentanbe evaluatedfor each3D
vertex onthegenericmodel.

Applying thedisplacementomponento eachvertex on
the 3D genericmodelresultsin an afne transformof the
3D modelorthogonalto the view direction. Reprojecting
themodi ed modelresultsin a silhouettewhich approxim-
atesthe capturedsilhouetteshape. The surface shapefor
3D pointswhoseprojectionis insidethe silhouetteis a 2D
af ne transformof the shapeof thegenericmodel.

3.4.2 Multi-view 3D displacement

Combiningthe estimateddisplacementomponentfrom
two or more orthogonalviews of a point we obtainan
estimateof the 3D displacement Estimationof the
3D displacemenby combiningcomponentsrom multiple
views is illustratedin Figure6(b). Displacementompon-
entsfrom multiple views canbe combinedby averagingto
estimatehe 3D displacement:

— (7)

Where are the numberof displacement
estimatesn a particulardirection. This givesan estimate
of the3D displacement  of apointonthegenericmodel

. Theestimatedlisplacemerit usedto approximatehe
3D shapeof aspeci c person:

(8)

The genericmodel shapeis modi ed by estimatingthe
3D displacement for eachvertex . The model
vertex position, , is projectedo the2D imageplaneusing
the cameramodelequationl to obtainthe 2D coordinates

. Thispointis thenmappedo acorrespondingoint
on the captureddataimage usingequation3. The
2D displacement is thenusedto estimatethe cor-
responding3D displacementomponenbrthogonalto the
view direction from equations. The 3D displace-
mentcomponentérom eachview arethencombinedusing
equation? to estimatethe 3D displacement for a
vertex onthemodel.

Applying the estimatedvertex displacemento all ver
tices on the genericmodel resultsin a modi ed model
which approximategshe shapeof a speci ¢ person. The
modi ed 3D modelfor a particularindividual will produce
silhouettémageswith approximatelythesameshapeasthe
capturedmagesilhouettedor eachview direction. Points
thatdo not projectto the silhouetteboundaryaresubjectto
alineartransformbasedon the positionof the correspond-
ing point on the 3D model. For examplecon-caities on
thegenerichumanoidnodelarescaledaccordingo the2D
afne mappingto producecon-caities in the nal model.
Theresultingmodi ed 3D modelshapeés a rst orderlin-
earapproximatiorof the shapeof a particularpersorbased
onthelocal surfaceshapenformationrepresenteth the3D
generichumanoidmodel.

3.5 Colour texture mapping

The2D-to-2Dmappingfor asingleview enableghecol-
ourtextureof thecapturediataimageto bemappedntothe
projectedmodelimageasillustratedin Figure1(f). For all
points, ,insidetheprojectedgyenericnodelwe know the
correspondingointonthecapturediataimage . Totex-
turemapthe 3D modelwe projecteachvertex to obtain
theimagecoordinates  andfrom the 2D-to-2Dmapping
obtainthe correspondinglataimagecoordinates . The
2D datacoordinatevalueis thenthe texture coordinatefor
themodi ed 3D modelvertex,

For eachbody-partwe obtaina singlecylindrical texture
mapby backprojectingandintegratingthefour overlapping
imagesasin previouswork on facemodelling[1, 10, 16].
Integration of the texture mapis basedon the approxim-
ate 3D shapeinformationfor the reconstructeanodel. As
thereconstructedhodelis only anapproximatiorof the 3D
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Figure 6. 3D Displacement estimation

shapeof a particularpersonbasedon the orthogonalview
silhouetteoutlinesthe overlappingimagesdo not exactly
correspond.However, the approximateshapeinformation
hasbeenfoundto besufcient to obtainareasonabléteg-
ratedtexture mapby blendingoverlappingregionsbetween
thefront, sidesandback. In addition,for somepartsof the
bodynoimageinformationis availablefrom the sideviews
dueto occlusionsuchasthetorsoresultingin ajumpin the
texturemap. Figure7 shavs examplesof integratedtexture
mapsobtainedfor several body parts. All four views are
integratedfor the headandshouldertexture maps. For the
torsoonly the front andbackimagesare usedasthe sides
arenotvisible resultingin a discontinuityin theimagetex-
ture.

4. Results

Themodel-basedeconstructiomlgorithmhasbeenused
to capture models of approximatelytwenty individuals
wearinga variety of clothing. Subjectswere constrained
to wearclothingsuchastrousersaandshirtwhich allows the
locationof thearm pits andcrotchto bevisible in thefront
view. Having captureda setof imagesthe reconstruction
algorithmwasappliedto automaticallybuild a modelof a
particularindividual without ary manualintervention. The
model-basedeconstructiorfrom silhouettess appliedto
all bodypartsexceptthe handsandfeet. Handsandfeetare
modelledby scalingthe correspondingart of the generic
modelasthereis insufcient informationon the silhouette

Figure 7. Integrated texture maps

imagedo identify featurepoints.

Reconstructed3D models for three individuals are
shavnin Figure8. Theleft-handcolumnFigure8(a)shavs
theoriginal colourphotocapturedrom thefront
view. ColumnsFigure8(b) and(c) shav thereconstructed
3D modelrenderecandcolourtexture mapped.Theseres-
ultsdemonstratéhattheautomatiaeconstructiomenerates
arecognisabl8D facsimileof the real person. Somearti-
factscanbeseenin theshapenearthefeetdueto poorseg-
mentatiorof thefeetfrom thelegsin thefrontview. The3D
shapeapproximationis of sufcient accurag to give are-
cognisablenodelwhentexturemappedvith theimagecol-
our information. Furtherexamplesof reconstructeenod-
elsfor maleandfemalesubjectsarepresentedn Figure9.
Currentlytheprincipallimitation of thereconstructiofirom
silhouettess the quality of thefacemodelsgeneratedThe
absenceof featurepoint labelling resultsin misalignment
of the faceimagewith the genericmodel. Previousfeature
basedapproacheto facemodelling[2, 10] couldbeusedto
improve facemodellingif full resolutionfaceimageswere
captured.However, currenttechniquedor facemodelling
may alsofail to automaticallyreconstructaceshapen the
presencef hair andglasses.Figure 10 showvs reconstruc-
tionsfor the samepersonwearingdifferentclothing. This
exampledemonstratethattheapproaclttanbeusedo gen-
eratesetof modelsfor a particularindividual suitablefor
multiplevirtualworld applicationgbusiness,sports,leisure).

Animationof thereconstructe@D modelsfor particular
individualsperformingstandardnovementss illustratedin
Figure8(d). Figurellshavsasimplevirtual catwalk scene
with severalanimatedvirtual people.Thearticulatedstruc-
tureof thegenerichumanoidnodelis modi ed for apartic-
ularindividual by mappingthe 3D joint positionsusingthe
2D-to-3Dmappingalgorithmpresentedh the previoussec-
tion. Theanimationparameterdasedon joint angleinter
polationarethe sameasfor the genericmodel. Animation



of movementssuchaswalking, running and jumping us-
ing acommonsetof parametersesultsin reasonablenove-
mentsof a particularindividual for VR applications.Cur-
rently the VRML animationis basedon a rigid 3D model
resultingin visible artifacts.A moresophisticatedeamless
humanoidmodelwhich incorporateskin andclothing de-
formationsis requiredto realistically animatemovements
of peoplewith awide varietyof clothing.

5. Conclusions

A model-base@pproacthasbeenintroducedfor auto-
matic reconstructiorof an articulated3D colour model of
a particularpersonfrom a set of colourimages. Results
demonstratethatthisapproactachievesrecognisablenod-
elsof individualswith awide rangeof shapesizeandcloth-
ing. Thereconstructednodelrepresentshe 3D shapecol-
our texture and articulationstructurerequiredfor animat-
ing movements.This approactenabledow-costcaptureof
modelsof peoplein a VRML H-Anim avatarformat suit-
ablefor populatingvirtual worlds.

The results presenteddemonstratethe feasibility of
model-basedeconstructiorof realistic representationsf
individual peoplefrom setsof images However, severalis-
suesshouldbe addresseth futurework to improve on the
currentsystem:

Facial featurepoint labelling for accuratenodellingand
animation[2, 10].

Captureof a personin multiple posedor accurateecon-
structionof kinematicstructurd4, 6].

High-resolutionimage acquisitionfor improved photo-
realism.

Synchronousmage acquisitionfrom multiple views to
avoid movement.

Increasechumberof viewsto reduceocclusion.

Multiple levels-of-detaifor ef cient shapeaepresention.

Seamles¥RML modelfor improvedanimationquality.

Furtherdevelopmenbf this systemandintegrationwith
previous work on face and body modelling will give in-
crementalimprovementsin the quality of the reconstruc-
tedmodels.Theresultspresentedh this paperdemonstrate
thepotentialof alow-costwhole-bodysystenfor capturing
recognisabl8D modelsof individual peoplefrom setsof
colourimages.
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(a) Photo (b) 3D Model (c) 3D ColourModel (d) Running

Figure 8. Reconstructed 3D texture mapped models for individual people with animated movements



Figure 9. Examples of reconstructed virtual people

Figure 10. Models reconstructed for the same person with diff erent clothing

Figure 11. Virtual people in a virtual catwalk scene animation



