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Abstract
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In this papera new techniqueis introducedfor auto-
matically building recognisablemoving 3D modelsof in-
dividual people. Realisticmodellingof peopleis essential
for advancedmultimedia,augmentedrealityandimmersive
virtual reality. Currentsystemsfor whole-bodymodelcap-
turearebasedonactive3D sensingto measuretheshapeof
thebodysurface. Such systemsare prohibitivelyexpensive
and do not enablecapture of high-quality photo-realistic
colour. This resultsin geometricallyaccurate but unreal-
istic humanmodels.Thegoal of this research is to achieve
automaticlow-costmodellingof peoplesuitablefor person-
alisedavatars to populatevirtual worlds.

A model-basedapproach is presentedfor automaticre-
constructionof recognisableavatars from a set of low-
costcolour imagesof a persontakenfromfour orthogonal
views. A generic3D humanmodelrepresentsboth thehu-
manshapeand kinematicjoint structure. Theshapeof a
speci�c person is captured by mapping2D silhouettein-
formationfromtheorthogonalview colour imagesontothe
generic3D model. Colour texture mappingis achievedby
projectingthe setof imagesonto the deformed3D model.
Thisresultsin thecaptureof a recognisable3D facsimileof
anindividualpersonsuitablefor articulatedmovementin a
virtual world. Thesystemis low-cost,requiressingle-shot
capture, is reliable for large variations in shapeand size
andcancopewith clothingof moderatecomplexity.

Keywords: Avatar, Virtual Human,Whole-bodyModel-
ling, HumanoidAnimation,Virtual Reality, VRML, Vision
Techniques,3D Reconstruction
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1. Intr oduction

Thereis increasingdemandfor alow-costsystemto cap-
turebothhumanshapeandappearance.Potentialapplica-
tionsfor sucha systemincludepopulationof virtual envir-
onments,communication,multi-mediagamesandclothing.
This paperpresentsa techniquefor capturingrecognisable
modelsof individualpeoplefor usein VR applications.For
instanceeachparticipantin amulti-uservirtualenvironment
couldberepresentedto othersasan`avatar'whichis areal-
istic facsimileof the personsshape,size andappearance.
Thekey requirementsfor buildingmodelsof individualsfor
usein virtual worldsare:

� Realisticappearance
� Animatablemovements
� Low-cost(automatic)acquisition

Theserequirementscontrastwith previousobjectivesof
whole-bodymeasurementsystemswhich wereprincipally
designedto obtain accuratemetric informationof human
shape.Suchsystemstypically capturelow-resolutioncol-
ourandhave restrictionson surfacepropertieswhich result
in nomeasurementsfor areasof darkcoloursandhair. Cur-
rent whole-bodymeasurementsystemsarehighly expens-
ive andrequireexpert knowledgeto interpretthe dataand
build animatedmodels[13]. Thesesystemsaresuitablefor
capturingmeasurementsof individual peoplefor clothing
applicationsbut arenot capableof capturingrecognisable
modelsfor VR or photo-realisticmodelsfor computeran-
imation.Recentresearchhasaddressedreconstructingreal-
istic animatedfacemodels[1, 3, 10, 14] andwhole-body
modelsof kinematicstructure[4, 6] from capturedimages.
Theobjective of this researchis to extendthis work to ad-
dressthereconstructionof whole-bodymodelsof shapeand
appearancefrom capturedimages.

In this paperwe introducea techniquefor automatically



building modelsof individual peoplefrom a setof four or-
thogonalview imagesusing standardcameratechnology.
The reconstructionfrom multiple orthogonalview images
is analogousto previouswork onfacialmodelling[1, 2, 10].
A majorfeatureof our approachis thatwe canreconstruct
recognisablecolourmodelsof peoplewhoarefully clothed.
Theaimis to captureaccurateappearancetogetherwith ap-
proximateshapeinformationandnot to accuratelymeasure
theunderlyingbodydimensions.Thiswork generatesmod-
els in the VRML-2 HumanoidAnimations[15] standard
which canbe viewed in any VRML-2 compliantbrowser.
It is envisagedthat thecommercialavailability of low-cost
whole-bodycapturewill openupamassmarketfor person-
alisedplug-insto multimediaandgamespackages.

Thereis a considerablebodyof literatureaddressingthe
goalof realisticmodellingof theheadandfaceof individual
people.Techniqueshavebeenpresented[1, 9, 10, 2,14, 16]
which usecaptured2D imagesto modify the shapeof a
3D genericface model to approximatea particular indi-
vidual. Photogrammetrictechniquesareusedto estimate
the 3D displacementof pointson the surfaceof a generic
modelfrom multiple cameraimages. Texture mappingof
the capturedimagesis then usedto achieve a recognis-
able3D facemodel.Reconstructionof animatedfacemod-
els from dense3D surfacemeasurementshasbeendemon-
strated[3, 11, 17]. Facemodellingtechniquesusingmul-
tiple imagesaresimilarto theapproachpresentedin thispa-
perfor whole-bodymodelling.A differencein ourapproach
is theuseof silhouettedatato registertheimageswith agen-
eric modelandestimatethe 3D shape.Techniquesfor fa-
cial modelling[2, 10, 14] couldbeusedin conjunctionwith
whole-bodyreconstructionto achieveimprovedfacialmod-
elling. However, currentimagebasedtechniquesfor face
modelling requirea full resolutionimageto enableauto-
maticfeaturelabelling. In addition,currentfacemodelling
techniquesmayfail to reliably reconstructfaceshapeauto-
matically for largevariationsin shapeandappearancedue
to hair, glassesandbeards.

Recentresearchhasaddressedthe imagebasedrecon-
structionof whole-bodyshapeandappearancefrom setsof
images[4, 5, 6, 7, 12]. Reconstructionof coarse3D shape
andappearanceof a moving personfrom multi-view video
sequenceshasbeendemonstrated[7, 12]. Modellingof hu-
manshapeandkinematicstructurehasbeenaddressedfor
capturedimagessequences[4, 6]. Unlike previouswhole-
body modellingtechniquesthe approachpresentedin this
paperaims to reconstructa recognisablemodel of a per-
sonsshapeand appearance.The capturedsilhouetteim-
agesof a personin a single poseare usedto modify the
shapeof a generichumanoidmodel to obtainan estimate
of the kinematicstructure.Techniquesfor estimatingkin-
ematicstructure[4, 6] couldbecombinedwith thecurrent
approachtoaccuratelyestimatejoint positionsusingimages

of a personin multiple poses.This would signi�cantly im-
provetheaccuracy of thereconstructedkinematicstructure
for largevariationsin shape,sizeandclothing.

2. Overview

An overview of themodel-based3D humanshaperecon-
structionalgorithmis illustratedin Figure1. A generic3D
humanoidmodel is usedasthe basisfor reconstructionas
shown in Figure1(a). Four syntheticimagesaregenerated
for orthogonalviews(front,left,right,back)of themodelby
projectionof thegenericmodelasillustratedin Figure1(b).
To reconstructa model of a personfour orthogonalview
imagesarecapturedwith the subjectin approximatelythe
samepostureas the genericmodel. This is illustratedin
Figure1(c). Wewill referto capturedimagesof aparticular
personasthe`dataimages'andto imagesof thegeneric3D
modelasthe`modelimages'.

Silhouetteextractionis performedonthemodelanddata
imagesanda small setof key featurepointsareextracted
asillustratedin Figure1(d)and(e). Initial alignmentof the
featurepointsbetweenthemodelanddataensuresthatsep-
aratefunctionalbodypartsof thegenericmodel(arms,legs
andhead)arecorrectlymappedto correspondingpartsof
thecapturedimagesilhouettes.Correctcorrespondenceof
body partsis requiredto achieve correctanimationof the
reconstructed3D modelof aparticularperson.A 2D-to-2D
linearaf�ne mappingbetweenthemodelanddataimagesil-
houettesis introducedto establisha densecorrespondence
for any point insidethesilhouette.Thiscorrespondencecan
beusedto mapthecolourinformationfrom thedataimage
ontothemodelimageasillustratedin Figure1 (f).

Thedense2D-to-2Dmappingfor a singleimageis used
to de�ne theshapedeformationof the3D modelin a plane
orthogonalto the view direction. Applying this deforma-
tion to the 3D genericmodel achieves a 2D-to-3D linear
mappingof the imagesilhouetteshapeonto the shapeof
the3D model.This model-based2D-to-3Dmappingis the
coreof thetechniquefor reconstructionof 3D humanmod-
els. Integratingshapedeformationinformation from two
or moreorthogonalviews givesthreeorthogonalcompon-
entsof shapedeformation. Applying this deformationto
thegenericmodelwe canapproximatethe shapeof a par-
ticular individual asillustratedin Figure1(g). Combining
the3D shapewith the2D-to-2Dmappingof thecolour in-
formationwecanobtainacolourtexturemapped3D model
as illustrated in Figure 1(i). The resultingreconstructed
3D modelprovidesa realistic representationof a particu-
lar individual. Thearticulatedjoint structureof thegeneric
functionalmodelcan thenbe usedto generatemovement
sequencesfor a particularindividual in a virtual world as
illustratedin Figures1(h)and(j).



(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

Figure 1. Overview of model reconstruction for an individual person



3. Model-basedavatar reconstruction

3.1. Generichuman modelspeci�cation

De�nition of a standard3D humanoidmodel has re-
centlyreceivedconsiderableinterestfor bothef�cient cod-
ing [8] and animation in virtual worlds [15]. In this
work we have adoptedthedraft speci�cationof theVRML
Humanoid Animation Working Group (H-Anim) which
de�nes a humanoidmodelstructurewhich canbe viewed
usingany VRML-2 compliantbrowser. A set of 3D hu-
manoid modelsbasedon the draft standardare publicly
availablefrom thehumanoidanimationwebsite [15]. The
generichumanoidmodelusedin thiswork is shown in Fig-
ure2. TheH-Anim draft standardde�nesa hierarchicalar-
ticulatedjoint structureto representthedegrees-of-freedom
of a humanoid. The humanoidshapeis modelledby at-
tachingeither a 3D polygonalmeshsegmentto the joint
for eachbody part or a singlepolygonalmeshsurfacefor
thewhole-body. For examplethearticulatedstructureof an
armcanberepresentedby threejointsshoulder-elbow-wrist
andtheshapeby segmentsattachedtoeachjoint upper-arm-
forearm-hand.The shapesegmentscanbe speci�ed with
multiple levels-of-detailto achieve both ef�cient andreal-
istic humanoidanimation. Material propertiesandtexture
mapscanbe attachedto eachbody segmentfor rendering
themodel.

Themodel-basedreconstructionalgorithmintroducedin
this papercanuseany reasonablegenerichumanoidbody
asthe initial modelwhich is modi�ed to approximatethe
shapeandtextureof aparticularperson.Thereconstruction
algorithmcanalsohandlemodelswith multiple levels-of-
detailfor eachbodypart.All reconstructionresultspresen-
tedin thispaperarebasedonapublicly availablehumanoid
modelwhich is compliantwith thedraft standardandgives
a reasonablecompromisebetweenrepresentationquality
andanimationef�ciency. Thejoint structurefor thegeneric
humanoidmodelconsistsof �fteen joints as illustratedin
Figure2(a). Themodelshapeconsistsof �fteen bodyseg-
mentswith a totalof 10K meshverticesand20K triangular
polygons.The renderedsurfacemodelis shown in Figure
2(b). TheVRML-2 speci�cationallows movementanima-
tionsbasedon interpolationof joint anglesto be speci�ed
independentof thehumanoidgeometry.

The following nomenclatureis usedin later sectionsto
refer to the polygonalmodel and associatedtexture map.
Throughoutthis work the notation

�

���������
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��
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to a 3D vector such as a meshvertex. For eachbody
part the polygonalmeshis speci�ed as a list of ��� 3D
vertices,�
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�$#&% . An imageor texture map2D co-
ordinateis de�ned as
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ordinateand � is thehorizontalcoordinatewith 1&���7698 :;�=<?>

(a)Joints (b)Surface

Figure 2. Generic VRML H­Anim humanoid

andtheorigin at thetop left-handcornerof theimage.Tex-
ture mappingof an imageonto a polygonalmeshis spe-
ci�ed by a 2D texture coordinatefor eachmeshvertex,

�

�

1 � �@��1 � ��� � 
��  &!

�A#&% .

3.2. Imagecaptureand 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). Colour imagesare captured
using a Sony DXC-930P3CCD camerawith B.C.DFEGC.HJI

pictureelements.This givesa resolutionof approximately
K

:

E

K

: pixelsfor thesubjectsface.Imagesaretakenagainst
a photo-re�ective blue screenbackdropwhich allows reli-
ableforeground/backgroundseparationwith arbitraryfore-
groundlighting andmostblueclothing. Thesubjectstands
in a standardposesimilar to the genericmodel poseas
shown in Figure5(a). Currentlyeachview is taken with
a singlecamerawith thesubjectrotatingto presentthere-
quiredview to thecamera.Theuseof a singlecameramay
resultin small changesof posebetweenviews but hasthe
advantageof identicalintrinsiccameraprojectionparameter
for eachview. The captureprocessresultsin a setof four
dataimages,L�M

�ON

�P<�Q$QAQ

K

, for orthogonalviewsof aspeci�c
person.

To model the imagecaptureprocesswe assumea pin-
holecamerawithout lensdistortion. Thecamera3D to 2D
projectioncanbeexpressedin homogeneouscoordinatesas:
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Where
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 is a 2D point
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 in
thecameraimageplaneand
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 is a 3D point
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�d�e���f��	��
��
 in world coordinatesexpressedin homogen-
eousform. Sg� is the 4x3 cameraprojectionmatrix which
canbedecomposedintoa3x3cameracalibrationmatrix V ,
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Figure 3. Image capture setup

a 3x4 orthographicprojectionmatrix from 3D to 2D S
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anda Euclideanrigid body transformin 3D space
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Where



� is a3x3rotationmatrixand
�

)

� a3x1translation
vector. Thecameracalibrationparameters�

�
�

�

�

�


 arethe
focal lengthsand ���
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 theimageorigin and
�

: a3x1vec-
tor of zero's. Cameracalibrationis basedon directestim-
ation of the cameraparametersfrom the sizeandposition
of thecapturedview planerelative to thedistancefrom the
camera(for instance

�
�

�

�

�����

Z

�����

Z='

�����

���

'��! #"

� giving
�

�

�

�

�%$

%

& ).
Figure3(b) illustratesthe cameraprojectionprocessfor a
singleview. Thecalibratedcameramodelis usedto gener-
atea setof four syntheticimagesof thegenerichumanoid
model,L('

�

N

� <.QAQAQ

K

. This is achievedby projectionof each
vertex ��� on the genericmodelto its correspondingimage
coordinates1�� usingequation1.

3.2.2 Silhouetteextraction

Silhouetteextractionaimsto constructthe chainof image
pixelswhich lie on theboundarybetweentheimageof the
personandthe background.A standardchroma-key tech-
nique is usedto identify backgroundpixels basedon the
percentageof blue in eachpixel. Given an imagepixel
with red, greenand blue colour components��)b�+*���, 
 the
percentageblue is -/.

�,<=: :

E

�0,?`;��)213*415,?
 
 . A con-
stantchroma-key threshold(50%) is usedtogetherwith an
intensity threshold( 6

,

687

<

C

: ) to reliably generatea bin-
ary imagewith eachpixel labelledaseitherforegroundor
background.An exampleof anextractedbinarysilhouette
imageis shown in Figure5(b).

Thesilhouettecurve, 9 M

� , for eachcapturedimage,L5M

� ,
is extractedby following an8-connectedchainof pixelson
theborderof theforegroundimageof a person.We denote
thesilhouetteby thechainof �2: 8-connectedadjacentpixel
coordinates9aM

�

�

�

�

1;-��  <;

- #&% which is speci�ed in counter-
clockwiseorderwith-respect-tothe imageview direction.
An exampleof an extractedsilhouettechain is shown in
Figure5(c). A similarprocessis performedonthesynthetic
imagesL('

� of thegenericmodelusingabinarythresholdto
obtaina setof modelsilhouettecurves, 9

'

� .

3.2.3 Featureextraction

The objective of featureextractionis to establishthe cor-
rect correspondencebetweenthe captureddata and syn-
theticmodelimagesfor bodypartssuchasthearms,legs,
headandtorso.Correctcorrespondenceis essentialfor real-
istic animationof thereconstructedmodelof apersonbased
on thearticulatedjoint structureof thegenericmodel. We
thereforerequirerobustextractionof a setof featurepoints
for a wide rangeof changesin bodyshape,sizeandcloth-
ing. To achieve this we constrainthe personto standap-
proximatelyin apre-speci�edposeandwearclothingwhich
allows both thearmpits andcrotchto bevisible suchasa
shirt and trousers. Given theseassumptionsan algorithm
hasbeendevelopedfor reliableextractionandlocalisation
of asetof featuresbasedonourknowledgeof thesilhouette
contourstructure.

Thealgorithmfor extractingfeaturepointsfromthefront
or backsilhouettecontour, 9

� �

N

�@<��>= , is presentedin Fig-
ure4. Initially thealgorithmtraversesthesilhouettecontour

9

� to locate� ve extremumpoints,
�

1?��%A@B��C , on thecontour.
Thesecorrespondto thehead,handsandfeetasillustrated
in Figure5(c).Theextremapointscanbereliablyextracted
for all silhouettesbut their locationvariessigni�cantly due
to variationin shapeandpose.Therefore,theextremaare
usedto identify � ve key featurepoints,

�

1ED
%A@

D
C , which can

beaccuratelylocatedevenwith largechangesin shapeand
pose.Thefeaturepointscorrespondto thecrotch,arm-pits
andshouldersasshown in Figure5(d).



This proceduregivesreliableextractionof a setof key
featurepointsfor a wide rangeof peopleshape,size,cloth-
ing andhair-styles. It hasbeenfound that otherpotential
featurespointssuchas the neck cannotbe reliably local-
ised as small changesin shapecan result in a large vari-
ation in position. Resultingin a poor quality correspond-
encebetweenthecapturedandgenericmodelimages.The
set of extractedfeaturesare suf�cient to accuratelyalign
themajorbodypartsfor a capturedimagesilhouette(head,
torso,arms,legs)with thoseof thegenericmodelimage.A
similar procedureis appliedfor the sideviews to identify
thetip of thenoseastheleft or right extremumonthehead.
Otherbodypartssuchasthe�ngers cannotbereliablyiden-
ti�ed with the imageresolutionusedaseach�nger is less
thanthreepixelsacross.Higherresolutionimagesmayper-
mit correspondencesto be establishedbetweenadditional
bodyparts.

3.2.4 Poseestimation

Poseestimationidenti�es the angleof the armsand legs
for a setof capturedimagesof a speci�c person.This in-
formationis usedto adjusttheposeof thegenericmodelto
that of a particularindividual. The poseof the arms,legs
andheadareestimatedby computingtheprincipalaxisfor
thecontourpointscorrespondingto eachof thesecompon-
ents.If thesetof contourpointsfor aparticularbodypartis

9

�Y�

�

�

1
-

�

�

-
#

+

thentheprincipalaxisis givenby:

�

1

���

��� �

<

����� ) 1G<b


�

�

-
#

+

�

1

�

-

� �

<

����� ) 1W<�


�

�

-
#

+

�

1 �c


�

(2)

Theangleof theprincipalaxiswith theverticalgivesthe
approximateposeof the body parallel to the imageplane.
The body part poseis usedin the mappingto correctfor
smallvariationsbetweenthegenericmodelandthecaptured
imagesetfor aparticularindividual.

3.3. 2D­to­2DSilhouetteMapping

Theobjectiveof mappingbetweenthegenerichumanoid
modelandthecapturedimagesis to establisha densecor-
respondencefor mappingeachmodelpart. Densecorres-
pondenceestablishesauniqueone-to-onemappingbetween
any point,

�

1

' , inside the genericmodelsilhouetteand a
pointon thesamebodypart,

�

1

M , insidethecapturedimage
silhouette.Thiscorrespondenceis usedto modify theshape
of the generichumanoidmodel to approximatethe shape
of a particularindividual. For exampleto achieve realistic
armmovementfor thereconstructedmodelof anindividual
it is necessaryto maptheprojectionof thearmon thegen-
ericmodelimageto thecorrespondingarmon thecaptured
image.

1. Find theextremumpoints �	��
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2. Find thefeaturepoints �,@ 
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Figure 4. Algorithm for feature extraction
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Figure 5. Silhouette and feature extraction



Body-partcorrespondenceis establishedusingthe fea-
turepoints, 1 D %A@ D C , on the silhouettecontoursof the gen-
eric model and the captureddataimages. Thesefeatures
canbeusedto establisha correctcorrespondencefor each
part of the humanbody. Basedon the � ve key points
the humanmodel is separatedinto seven functionalparts:
head;shoulders;left-arm; right-arm; torso; left-leg; right-
leg. Separatingthesilhouetteimagesinto body-partallows
a densemappingto beestablishedindependentlyfor points
insideeachbody-partsilhouette.

A uniqueone-to-onecorrespondencebetweenpointsin-
side the model and datasetsfor a particularbody-partis
establishedby a 2D linear mappingbasedon the relative
dimensionsof thesilhouette.This is equivalentto an2D af-
�ne transformin the imageplane(rotation,scale,shearand
translation). The mappingbetweencorrespondingpoints
insidethe silhouettefor a particularbody part is given as
followsin homogeneouscoordinates:
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Thecomponents� representtherotation,shearandscale
betweenthe partsand ) translationbetweenbodyparts. If
thePrincipalaxisof thebodypartsarealigned�
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factorsrespectively. Theverticalscalefactor, �
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, for a particularbodypartcanbecomputedfrom
the vertical limits, 8 1�� �
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throughthesilhouettecontour. Theverticalandhorizontal
scalefactorsandtranslationsaregivenby:
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This mappingenablesus to evaluatea uniqueone-to-
onecorrespondenceof pointsinsidethedatasilhouette

�

1

M

for any point insidethemodelsilhouette
�

1

'

. This allows
2D informationsuchasthecolourfrom thecapturedmodel
to be mappedto the silhouetteof the genericmodelas il-
lustratedin Figure1 (f). The mappingachievesan exact
correspondenceat thefeaturepointsandacontinuousmap-
pingelsewhereincludingacrossboundariesbetweendiffer-

entbodyparts.Thechangein position 	

�

1 betweenmodel
anddatasilhouetteis givenby:

�

1

M

�

�

1

'

1

	

�

1 (4)

This 2D changein positionin theimageplanefor a par-
ticular view canbeusedto estimatethechangein position
of a3D pointorthogonalto theview direction.

3.4. 2D­to­3DMapping fr om Orthogonal Views

Theobjectiveof the2D-to-3Dmappingis tocombinethe
dense2D-to-2Dmappinginformation, 	

�

1f� , from multiple
views, N

� <.�?QAQAQ$�

K

to estimatethe3D displacement,	
�

� of
apoint

�

� on thesurfaceof the3D model.

3.4.1 Singleview 3D displacement

The 2D-to-2Dmappingfor the N

'�Z view givesan estimate
of thedisplacementof a 3D point

�

� betweentheprojection
of thegenericmodel

�

1

'

� andtheprojectionof thesurface
of a real person

�

1

M

� . The 2D imageplanedisplacement,
	

�

1�� , de�ned by equation4, canbeusedto estimatethe3D
displacementcomponent,	

�

���a� �

	

�U� �

	

	�� �

	

�b�c
 , of the
projected3D point,

�

� , on the genericmodelorthogonalto
the N

'�Z imageview direction. This is achieved by estim-
ating the inverseprojectionof the displacementof the 2D
point 	

�

1 � in thecameraimage.Theinverseprojectioncan
beestimateduniquelyfrom our knowledgeof thedistance
to the corresponding3D point,

�

�

' , on thegenericmodel.
Thisapproximatestheunknowndistanceto thecorrespond-
ing 3D point,

�

�

M , on thecapturedpersonwhichwewantto
estimate.Thedistanceto thegenericmodelis a reasonable
approximationasthedistancebetweenthecameraandper-
son, �

$

=�
 
 , is largerelativeto thedifferencein 3D surface
position, �

$

:5Q <�
2
 , betweenthemodelandperson.
Estimationof the 3D displacementcomponentortho-

gonal to the view directionis illustratedin �gure 6(a). A
singleview image L5M

� givesanapproximationof thecom-
ponentof 3D displacement	

�

��� of a known 3D point
�

�

'

on the genericmodelorthogonalto the N

'�Z view direction
�

�f� ���
�

�

�����J������
 suchthat �"� �

	

�

��� �e: . For example
for thefront imagetheview directionnormal
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���^� ��:;�
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consequentlythe displacementof an imagepoint 	

�

1�� �

�

	

1&�

	

��
 givesan approximationof the 3D displacement
of the correspondingpoint 	

�

�
�

� �

	

�
�

�
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��: 
 . Sim-
ilarly a left side view with view normal
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�
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� ��<��
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gives an estimateof the corresponding3D displacement
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 .
A point in the 2D cameraimageplanecorrespondsto

an in�nite ray in 3D space.Therefore,inverting the cam-
eraprojectionequation1 givestheequationof a line in 3D
space.Fromequation1 we obtaintheinverseprojectionin
homogeneouscoordinatesfor view direction N :
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Where �

� is a scalefactorequalto the orthogonaldis-
tanceof the 3D point from thecamera.Theestimated3D
displacementcomponent	

� � is orthogonalto the camera
view direction

�

� � . Theinversecameracalibrationandtrans-
form matricesaregivenby:
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Thusthe3D point on themodelin real coordinates
�

�

M

is on the3D line representedby:
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Thedistanceto thetrue3D point on a speci�c personis
approximatedby thedistanceto thecorrespondingpointon
thegenericmodel.For a3D point

�

�

' in world coordinates
thedistanceto the N

'�Z cameracentrewith cameratransform
[

� givesthescalefactor
�

�
�

�

�

'
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�

6�6 . Equation
6 givesanapproximationof the3D displacementcompon-
ent 	

�

�
� orthogonalto theview direction�

�
�

	

�

�
�

�W: . This
3D displacementcomponentcanbeevaluatedfor each3D
vertex

�

�b- on thegenericmodel.
Applying thedisplacementcomponentto eachvertex on

the 3D genericmodelresultsin an af�ne transformof the
3D modelorthogonalto the view direction. Reprojecting
themodi�ed modelresultsin a silhouettewhichapproxim-
atesthe capturedsilhouetteshape. The surfaceshapefor
3D pointswhoseprojectionis insidethesilhouetteis a 2D
af�ne transformof theshapeof thegenericmodel.

3.4.2 Multi-view 3D displacement

Combiningthe estimateddisplacementcomponentsfrom
two or more orthogonalviews of a point

�

� we obtainan
estimateof the 3D displacement	

�

� . Estimationof the
3D displacementby combiningcomponentsfrom multiple
views is illustratedin Figure6(b). Displacementcompon-
entsfrom multiple views canbecombinedby averagingto
estimatethe3D displacement:
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Where ���

�

�

�
� ���

�

� are the numberof displacement
estimatesin a particulardirection. This givesan estimate
of the3D displacement	

�

� of apointon thegenericmodel
�

�

' . Theestimateddisplacementis usedto approximatethe
3D shapeof aspeci�c person:
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The genericmodelshapeis modi�ed by estimatingthe
3D displacement	

�

�Y�

�

� - 
 for eachvertex
�

� - . The model
vertex position,

�

�*- , is projectedto the2D imageplaneusing
thecameramodelequation1 to obtainthe2D coordinates

�

1

'

�

�

�

��-*
 . Thispointis thenmappedtoacorrespondingpoint
on the captureddataimage

�

1

M

�

�

�

��-b
 usingequation3. The
2D displacement	

�

1 � �

�

��-�
 is thenusedto estimatethecor-
responding3D displacementcomponentorthogonalto the
view direction 	

�

���
�

�

� - 
 from equation5. The3D displace-
mentcomponentsfrom eachview arethencombinedusing
equation7 to estimatethe 3D displacement	

�

�"�

�

� - 
 for a
vertex onthemodel.

Applying the estimatedvertex displacementto all ver-
tices on the genericmodel results in a modi�ed model
which approximatesthe shapeof a speci�c person. The
modi�ed 3D modelfor a particularindividualwill produce
silhouetteimageswith approximatelythesameshapeasthe
capturedimagesilhouettesfor eachview direction. Points
thatdo not projectto thesilhouetteboundaryaresubjectto
a linear transformbasedon thepositionof thecorrespond-
ing point on the 3D model. For examplecon-cavities on
thegenerichumanoidmodelarescaledaccordingto the2D
af�ne mappingto producecon-cavities in the �nal model.
Theresultingmodi�ed 3D modelshapeis a �rst orderlin-
earapproximationof theshapeof a particularpersonbased
onthelocalsurfaceshapeinformationrepresentedin the3D
generichumanoidmodel.

3.5. Colour texture mapping

The2D-to-2Dmappingfor asingleview enablesthecol-
ourtextureof thecaptureddataimagetobemappedontothe
projectedmodelimageasillustratedin Figure1(f). For all
points,

�

1

' , insidetheprojectedgenericmodelweknow the
correspondingpointonthecaptureddataimage

�

1

M . To tex-
turemapthe3D modelweprojecteachvertex

�

�

'

� to obtain
theimagecoordinates

�

1

'

� andfrom the2D-to-2Dmapping
obtainthe correspondingdataimagecoordinates

�

1

M

� . The
2D datacoordinatevalueis thenthe texturecoordinatefor
themodi�ed 3D modelvertex,

�

�

M

� .
For eachbody-partweobtainasinglecylindrical texture

mapby backprojectingandintegratingthefouroverlapping
imagesasin previouswork on facemodelling[1, 10, 16].
Integrationof the texture map is basedon the approxim-
ate3D shapeinformationfor the reconstructedmodel. As
thereconstructedmodelis only anapproximationof the3D
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Figure 6. 3D Displacement estimation

shapeof a particularpersonbasedon the orthogonalview
silhouetteoutlinesthe overlappingimagesdo not exactly
correspond.However, the approximateshapeinformation
hasbeenfoundto besuf�cient to obtaina reasonableinteg-
ratedtexturemapby blendingoverlappingregionsbetween
thefront, sidesandback. In addition,for somepartsof the
bodyno imageinformationis availablefrom thesideviews
dueto occlusionsuchasthetorsoresultingin a jump in the
texturemap.Figure7 showsexamplesof integratedtexture
mapsobtainedfor several body parts. All four views are
integratedfor theheadandshouldertexturemaps.For the
torsoonly the front andbackimagesareusedasthe sides
arenot visible resultingin a discontinuityin theimagetex-
ture.

4. Results

Themodel-basedreconstructionalgorithmhasbeenused
to capture models of approximatelytwenty individuals
wearinga variety of clothing. Subjectswere constrained
to wearclothingsuchastrousersandshirtwhichallowsthe
locationof thearmpits andcrotchto bevisible in thefront
view. Having captureda setof imagesthe reconstruction
algorithmwasappliedto automaticallybuild a modelof a
particularindividual without any manualintervention.The
model-basedreconstructionfrom silhouettesis appliedto
all bodypartsexceptthehandsandfeet.Handsandfeetare
modelledby scalingthe correspondingpart of the generic
modelasthereis insuf�cient informationon thesilhouette

Figure 7. Integrated texture maps

imagesto identify featurepoints.
Reconstructed3D models for three individuals are

shown in Figure8. Theleft-handcolumnFigure8(a)shows
theoriginal B.C.D E7C.HJI colourphotocapturedfrom thefront
view. ColumnsFigure8(b) and(c) show thereconstructed
3D modelrenderedandcolourtexturemapped.Theseres-
ultsdemonstratethattheautomaticreconstructiongenerates
a recognisable3D facsimileof the realperson.Somearti-
factscanbeseenin theshapenearthefeetdueto poorseg-
mentationof thefeetfromthelegsin thefront view. The3D
shapeapproximationis of suf�cient accuracy to give a re-
cognisablemodelwhentexturemappedwith theimagecol-
our information. Furtherexamplesof reconstructedmod-
els for maleandfemalesubjectsarepresentedin Figure9.
Currentlytheprincipallimitationof thereconstructionfrom
silhouettesis thequality of thefacemodelsgenerated.The
absenceof featurepoint labelling resultsin misalignment
of thefaceimagewith thegenericmodel.Previousfeature
basedapproachesto facemodelling[2, 10] couldbeusedto
improve facemodellingif full resolutionfaceimageswere
captured.However, currenttechniquesfor facemodelling
mayalsofail to automaticallyreconstructfaceshapein the
presenceof hair andglasses.Figure10 shows reconstruc-
tions for thesamepersonwearingdifferentclothing. This
exampledemonstratesthattheapproachcanbeusedto gen-
eratesetof modelsfor a particularindividual suitablefor
multiplevirtualworldapplications(business,sports,leisure).

Animationof thereconstructed3D modelsfor particular
individualsperformingstandardmovementsis illustratedin
Figure8(d). Figure11showsasimplevirtual catwalk scene
with severalanimatedvirtual people.Thearticulatedstruc-
tureof thegenerichumanoidmodelis modi�ed for apartic-
ular individualby mappingthe3D joint positionsusingthe
2D-to-3Dmappingalgorithmpresentedin theprevioussec-
tion. Theanimationparametersbasedon joint angleinter-
polationarethesameasfor thegenericmodel. Animation



of movementssuchas walking, runningand jumping us-
ing acommonsetof parametersresultsin reasonablemove-
mentsof a particularindividual for VR applications.Cur-
rently the VRML animationis basedon a rigid 3D model
resultingin visibleartifacts.A moresophisticatedseamless
humanoidmodelwhich incorporatesskin andclothingde-
formationsis requiredto realisticallyanimatemovements
of peoplewith a widevarietyof clothing.

5. Conclusions

A model-basedapproachhasbeenintroducedfor auto-
matic reconstructionof an articulated3D colour modelof
a particularpersonfrom a set of colour images. Results
demonstratedthatthisapproachachievesrecognisablemod-
elsof individualswith awiderangeof shape,sizeandcloth-
ing. Thereconstructedmodelrepresentsthe3D shape,col-
our texture and articulationstructurerequiredfor animat-
ing movements.This approachenableslow-costcaptureof
modelsof peoplein a VRML H-Anim avatarformat suit-
ablefor populatingvirtual worlds.

The results presenteddemonstratethe feasibility of
model-basedreconstructionof realistic representationsof
individualpeoplefrom setsof images.However, severalis-
suesshouldbeaddressedin futurework to improve on the
currentsystem:

� Facial featurepoint labelling for accuratemodellingand
animation[2, 10].

� Captureof a personin multiple posesfor accuraterecon-
structionof kinematicstructure[4, 6].

� High-resolutionimageacquisitionfor improved photo-
realism.

� Synchronousimageacquisitionfrom multiple views to
avoid movement.

� Increasednumberof viewsto reduceocclusion.
� Multiple levels-of-detailfor ef�cient shaperepresention.
� SeamlessVRML modelfor improvedanimationquality.

Furtherdevelopmentof this systemandintegrationwith
previous work on faceand body modelling will give in-
crementalimprovementsin the quality of the reconstruc-
tedmodels.Theresultspresentedin thispaperdemonstrate
thepotentialof a low-costwhole-bodysystemfor capturing
recognisable3D 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 vir tual people

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

Figure 11. Vir tual people in a vir tual catwalk scene animation


