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Abstract

Thispaperpresentsa framework to reconstructa scene
capturedin multiplecamera viewsbasedon a prior model
of the scenegeometry. The framework is applied to the
capture of animatedmodelsof people. A multiple camera
studio is usedto simultaneouslycapture a moving person
from multiple viewpoints. A humanoidcomputergraphics
modelis animatedto match the poseat each time frame.
Constrainedoptimisationis thenusedto recover themulti-
pleview correspondencefromsilhouette, stereoandfeature
cues,updatingthegeometryandappearanceof themodel.

Thekey contributionof thispaperis a model-basedcom-
putervisionframework for thereconstructionof shapeand
appearancefrom multiple views. This is comparedto cur-
rent model-free approaches for multiple view scenecap-
ture. The techniquedemonstratesimproved scenerecon-
structionin thepresenceof visualambiguitiesandprovides
the meansto capture a dynamicscenewith a consistent
modelthat is instrumentedwith an animationstructure to
edit thescenedynamicsor to synthesisenew content.

1. Intr oduction

The challengeof achieving computergeneratedscenes
that are visually indistinguishablefrom the real world is
leadingto an increasinguseof real-world observationsto
createandanimatemodelsin computergraphics. This is
demonstratedby thewide spreaduseof 3D scanningtech-
niquesto reconstructdetailedcharactermodelsfrom clay
maquettesand the useof marker basedmotion captureto
producebelievablemovementin characteranimation. An
exciting new areaof researchlies in capturingdynamic3D
modelsfrom realworld eventsusingmultiplecameras.This
hasthepotentialto allow for the rapidcreationof 3D con-
tent with the visual realismof conventionalvideo, unen-
cumberedby therestrictedcaptureenvironmentof 3D scan-
ning systemsandthe invasive useof markersrequiredfor
motiontracking.

Three-dimensionalproductionfrommultipleview video,
or 3D video,was�rst popularisedby Kanadeet. al. [9, 15]
who coinedthe term “VirtualizedReality”. Conventional
videoprovidesonly a 2D view of a scenein a linear form
de�ned by a director. Presentinganevent in 3D allows vi-
sualisationin thesameway asvirtual reality, providing an
immersive 3D experience. Systemsfor multiple view re-
constructionhavebeendeveloped[9, 14, 21] andappliedto
reconstructsequencesof moving people.Thesetechniques
makenoassumptionson thestructureof thecapturedscene
and producea new scenemodel for eachframe of a se-
quence.Theadvantageof this approachis that thereareno
restrictionson the dynamiccontentof the scene.The dis-
advantageis thatthestructureof thesceneis not consistent
overtimeandreconstructionis not robustto visualambigu-
ities. Inconsistenciesin themodelsat differenttime frames
becomeapparentwhenviewedasa sequence.Thereis also
no consistentstructureto edit or reusethedynamiccontent
limiting thetechniquesto replayingthecapturedevent.

In this paperwe introducemodel-basedreconstruction
of peopleusinga genericmodelof humanshapeandkine-
maticstructure.Thisapproachenablesanatomicallycorrect
estimationof whole-bodyshapeand imposesa consistent
structurefor sequencesof reconstructedmodelsof amoving
person. The model-basedapproachprovidesprior knowl-
edgeof humanshapeto overcomevisualambiguitiesinher-
entin multipleview reconstruction.Reconstructionof mod-
elswith a commonunderlyingstructureprovidestemporal
correspondencebetweenmodelsfor a dynamicsequence.
Theuseof a modelanimationstructureallows for reuseof
capturedmodelsto synthesisenew dynamiceventsor the
editingof thedynamiccontentof a capturedsequence.

A novel model-basedreconstructionalgorithmis intro-
ducedto optimisethetriangulatedsurfacemeshof ageneric
humanoidmodelto simultaneouslymatchstereo,silhouette,
andfeaturedataacrossmultiple views. Stereocorrespon-
denceis usedto optimisesurfaceshapeto sub-pixel accu-
racy for recoveryof colourtexture.Theshapeof themodel
isusedtoconstrainthesearchfor stereocorrespondencein a
coarse-to-�neframework thatenablesshaperecovery from



noisystereodata. Multiple shapecuesareincorporatedin
theframework to complementthestereodatawhichcanfail
in regionsof poor imagetextureandocclusionboundaries.
Thesurfacemeshis treatedasashapeconstrainedsurfaceto
regulariseoptimisationandpreserve thesurfaceparameter-
isationwith respectto kinematicstructure.Preservationof
surfaceparameterisationis importantfor subsequentanima-
tion usingtheprede�nedkinematicstructureof themodel.
A shapeconstraintis presentedfor an arbitrary triangu-
lar mesh,a commonrepresentationusedto modelsurface
shapein computergraphics. The resultingsurfacemodel
is optimisedto sub-pixel accuracy andconstrainedby the
generichumanoidshapewherevisualambiguitiesarisebe-
tweenmultiplecameraviews.

2. RelatedWork

Acquisition of visually realistic modelsof objectsand
scenesfrom imageshas been a long standingproblem
in computervision and computergraphics. This hasre-
sultedin formulationof theprojective geometryfor recon-
structionof shapefrom multiple view imagesof unknown
scenes.Commontechniquesfor shapereconstructionin-
clude: voxel carving from imagesilhouettesto obtain the
maximalboundingvolumeor visualhull for a givensetof
segmentedforegroundimages[11]; photo-consistency be-
tweenviewswhichreconstructsthemaximalvolumeinside
the visual hull which is consistentwith the observed im-
agecolouror photohull [18, 10]; andmultiple view stereo
[9, 15] wherelocal surfaceappearanceis usedto estimate
correspondencebetweenviews.

Previous researchhas achieved reconstructionof 3D
shape,appearanceandmovementof apersonfrom multiple
view videosequencesusingimagesilhouettes[14], photo-
consistency [21] and stereo[9]. Thesetechniquesrecon-
structa sequenceof independentsurfacerepresentationsof
apersonwhicharethentexturedto achieverealisticappear-
ance. However, dueto the inherentvisual ambiguitysuch
techniquesmayfail to accuratelyreconstructcomplex self-
occludingobjectswith areasof limited surfacetexturesuch
aspeople.Object-centredandmodel-basedtechniqueshave
beenintroducedto overcomevisualambiguitiesby making
useof approximatescenegeometryto constrainreconstruc-
tion.

Object-centredsurfacereconstructionwasintroducedby
FuaandLeclerc[5] in whichaninitial surfacemodelis de-
rived from stereodataandthenoptimisedto matchstereo
andshadingcuesbetweenimages,accountingfor geomet-
ric distortionsandocclusionsbetweenviews. Vedulaet. al.
[22] proposeda model-enhancedstereosystemwherean
initial reconstructedscenemodelis usedto re�ne thesearch
rangefor stereocorrespondenceto improvestereomatches
for reconstruction.FaugerasandKeriven[4] presentavolu-

metricreconstructiontechniqueposedin a level-setframe-
work wherethe estimatedscenegeometryfrom theevolv-
ing surfaceof thelevel-setis usedto accountfor geometric
distortionsand occlusionsbetweencameraviews. These
techniquesmake useof reconstructedgeometryto improve
theestimationof imagecorrespondence.However they re-
mainsusceptibleto problemssuchaslack of imagetexture
thatmakescorrespondenceambiguous.

Model-basedtechniquesuse prior knowledge of the
scenegeometryto constrainshaperecovery in thepresence
of visualambiguitiesandcanreducethein�uence of noisy,
sparseor outlier datain shapeestimation.Debevecet. al.
[2] describea model-basedstereosystem,in which manu-
ally de�ned planarsectionsof architecturalscenesareused
to recover densegeometricdetail from stereo.Kakadiaris
andMetaxas[8] infer a segmentedbody model for a per-
son from the deformingcontourof imagesilhouettesand
construct3D shapeof body partsfrom orthogonalviews.
Hilton et. al. [7] presentmodel-basedshapefrom silhouette
to recoverwhole-bodymodelsof people.PlankersandFua
[16] adoptamodelconsistingof implicit volumeprimitives
to recover thegrossupper-bodyshapeandposefrom both
stereoandsilhouettedata.

In thispaperamodel-basedtechniquefor reconstruction
is introducedthat recoversthe shapeof a whole-bodyan-
imatedhumanmodel. The model-basedframework inte-
gratesshapeinformationfrom silhouette,stereoandfeature
cuesacrossmultipleviewsandusesprior knowledgeof hu-
manshapein the modelto constrainshaperecovery. This
new model-basedapproachprovidesthe integrationof dif-
ferentvisual cuesin a coarse-to-�neoptimisationwith the
useof a novel local shapeconstraintfor arbitrarytriangular
surfacemeshes.This is the �rst exampleof a model-based
framework integratingmultiple visualcuesfor whole-body
humanmodellingin anarbitrarypose.

3. Model-BasedReconstruction

The model-basedapproachto scenereconstructionin-
troducedin this papertakesa genericanimatedhumanoid
model and matchesit to available shape,appearanceand
featuredata. The genericmodel is �rst registeredwith
the imagesusinga sparsesetof manuallyde�ned feature
points. Theshapeof themodelis thenoptimisedto match
the imagesin a coarse-to-�ne,model-basedframework, in
which the modelshapeis usedto constrainandregularise
themultipleview reconstructionprocess.Themodelis then
texturedto generatea �nal representationthatmatchesthe
shapeandappearancein themultipleview images.

Thegenericmodelusedin this work consistsof a single
seamlessmeshde�ning thesurfaceshapeof thebody, con-
nectedto askeletonstructurefor animation.Themeshcon-
tains8000polygonsandtheskeleton17 articulatedjoints,



providing thegrossshapeandposeof thehumanbody. A
singletexturemapis generatedfor the genericmodelpro-
viding anintuitive representationof appearancethatcanbe
easilyedited.A vertex weightingschemeis usedfor model
animation.

3.1. Data acquisition

A multiple camerastudiois usedfor dataacquisition.A
backdropis usedfor foregroundsegmentationanddiffuse
light sourcesareusedto provide an even ambientlighting
environment. The studio contains9 cameras,8 of which
form 4 stereopairsthat arepositionedto give 360o cover-
ageof thesubjectat thecentreof thestudiowith 1 camera
placedoverheadto increasethe intersectionanglebetween
views for shapefrom silhouette.Oneadditionalcamerais
also placedto provide a viewpoint for comparisonand is
not usedin reconstructionor texturerecovery. Sony DXC-
9100P3-CCD colour camerasare used,providing PAL-
resolutionprogressive scanimages.Intrinsic andextrinsic
cameraparametersarecalibratedusingtheCameraCalibra-
tion Toolboxfor Matlabfrom MRL-Intel [1].

3.2. Model Registration

Thegenericmodelis alignedwith thesubjectin thestu-
dio usinga manualinterface. A user�rst de�nes a setof
featurepoints consistingof skeletonjoints andmeshver-
ticeson themodel.Thecorrespondingimagelocationsare
then selectedon the capturedimagesand the 3D feature
locationsare reconstructedfrom the multiple views. The
skeletonposeanddimensionsare�nally updatedto register
themodelwith thefeatures,aligningthemodelwith theim-
ages.Featurepointsaretypically speci�edat thearticulated
joints andthefacialde�nition pointssuchastheeyes,ears,
noseandmouth.

The alignmentprocessis performedin a least-squares
frameworkwidely usedin humanposeestimation[19]. The
genericmodelis parameterisedwith 6 degreesof freedom
(DOF) for global position andorientation,9 DOF for the
skeletalbone-lengths,with left andright-sidesconstrained
to be symmetric,and 25 DOF for the articulationof the
skeletal joints [19]. Thesemodel parameters,� , areesti-
matedto minimizethesquarederrorbetweenthemodelfea-
tures,x f (� ), and the reconstructedmanuallyde�ned fea-
turelocations,of .

argmin�
X

f

kof � x f (� )k2 (1)

Theproblemis non-linear, requiringcloseinitial values
for convergenceto thecorrectsolution[19]. Theposeof the
modelis thereforeinitialisedusingananalyticalsolutionfor
thepositionandorientationof thetrunkgiventhelocations

of thehip andshoulderjoints,andananalyticalsolutionfor
the limb rotationsgiventhreejoint locationson eachlimb,
suchasthehip, kneeandankle.Themodelparametersare
thenoptimisedusinganiterative bound-constrainedsolver,
allowing for inclusionof constraintson joint rotationsand
bone-lengths[19].

3.3. Multiple View ShapeReconstruction

Oncethe genericmodelis alignedto matchthesubject
in thestudio,theshapeof themodelis optimisedto satisfy
theappearancein eachof thecapturedimages.Theobjec-
tive function for optimisationis formulatedwith threedata
terms,thecostof �tting to silhouettedataEV , �tting stereo
dataES and �tting the featuresEF , and a regularisation
term ER acrossthe surfaceof the modelgovernedby the
factor � . The function is discretizedat the verticesof the
mesh,xv , andenergy minimizationis performedusinggra-
dient descent.The deformationof themodelmeshis then
givenby:

E = EV + ES + EF + �E R (2)

dxv

dt
= �

dE
dxv

= �
�

dEV

dxv
+

dES

dxv
+

dEF

dxv
+ �

dER

dxv

�

(3)
Each data �tting term in the objective function is de-

�ned in termsof a squared3D error betweenthe vertex
location and the correspondingreconstructedvertex posi-
tion from the data,giving a least-squaressolution in data
�tting. Gradient-descentoptimisation is performedin a
model-basedcoarseto �ne fashion. Optimisationstartsat
thecoarsestresolutioncorrespondingto theinitial expected
errorin theshapeof themodel,andvertex positionsarere-
constructedfor thestereo,silhouetteandfeaturedataup to
theexpectederrorin theshape.Themodelverticesarethen
deformedby gradient-descentto matchthedata.Optimisa-
tion anddatareconstructionis thenscheduledto progressto
�ner levelsof resolution,and�nishes at the reconstruction
accuracy of the cameras.The advantageof this coarse-to-
�ne model-basedapproachis that the reconstructedvertex
locationsareiteratively updatedasthe modeldeforms,al-
lowing the reconstructedvertex positionsto converge to a
solutionin thepresenceof noisydataandincorrectmatches.

3.3.1. Model-basedstereo

Stereomatchingis usedbetweencameraimagesto provide
theshapedatathatalignstheappearancein theimages.The
stereoenergy term is de�ned asthesquarederror between
a vertex andthe reconstructedlocationobtainedby stereo
matchingbetweenadjacentcamerasin thestudio.A model-
basedapproachto stereois adoptedin which the shapeof
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Figure 1. Stereomatchingbetweena key view for a ver-
tex andadjacentcameras,showing thesearchregion along
eachepipolarline in adjacentviews.

themodelis usedto constrainthesearchrangefor matches
betweencameras.

For eachmeshvertex we �rst determinethe key view
with thegreatestsurfacevisibility accordingto thecamera
with theclosestviewpoint to thedirectionof thevertex nor-
mal. We then recover the disparity in eachcameraadja-
cent to the key view that forms a stereopair asillustrated
in Figure1. Herewe make the simplifying assumptionof
a fronto-parallelsurface at eachvertex and match along
epipolarlines in recti�ed cameraimages[6]. The search
rangealongan epipolarline is de�ned by theexpecteder-
ror in thepositionof themodelvertex, andthesearchrange
perpendicularto an epipolar line is de�ned by the maxi-
mumreprojectionaccuracy of the cameras.We usea nor-
malisedcross-correlationmatchingscoreto allow for a lin-
earchangein intensitybetweenimageswith non-lambertian
surfacesor inexactintensitymatchedcameras.

For eachvertex we obtain a reconstructed3D position
from thedisparityin eachcamerac thatformsa stereopair
with the key view. We de�ne our stereomatchingenergy
termat eachvertex asthesquarederrorbetweenthevertex
positionandeachof thereconstructed3D positionszv;c as
follows:

ES =
X

v

1
nc

v

n c
v � 1X

c=0

kzv;c � xv k2 (4)

dES

dxv
= �

1
nc

v

n c
v � 1X

c=0

�
zv;c � xv

�
(5)

It is importantto accountfor occlusionin stereomatch-
ing to remove unfeasiblematchesbetweenoccludedre-
gions. Stereomatchingis thereforeonly performedbe-
tweencameraimagesin whichavertex is unoccluded.Here

we usethe visibility algorithmintroducedby Debevec et.
al. to determinevertex visibility [3]. Hardware acceler-
atedOpenGLrenderingis usedto renderthemodelto each
cameraview with meshpolygonscolourcodedfor identi�-
cation.A vertex is thende�ned asvisible in a cameraview
if it is unoccludedby therenderedpolygonat theprojected
locationin thecamera.

3.3.2. Shapefr om silhouette

Thevisual-hullgivesa robustshapeestimate,complement-
ing the stereodatathat canbe noisy whereimagetexture
is lacking or wherethereis a signi�cant distortion in ap-
pearancebetweenimages.Herewe useavolumetricvoxel-
carvingtechniqueto generatethevisual-hull from theseg-
mentedimagesilhouettes.The capturevolumeis divided
into a discreteset of voxel elementsat a 1cm resolution.
All voxels that project outsidethe foregroundsilhouettes
arethencarved,leaving thevisual-hull. Thesurfacevoxels
areextractedasthesetof foregroundelementswith oneor
morefacesconnectedto a backgroundvoxel.

The visual-hull data �tting term EV is de�ned as the
squarederror betweeneachvertex positionandtheclosest
surfaceelementon thevisualhull y

v
.

EV =
X

v

ky
v

� xv k2 (6)

dEV

dxv
= �

�
y

v
� xv

�
(7)

3.3.3. Surfacefeaturematching

In modelregistration,exactfeaturelocationsarede�ned for
the model. In �tting we seekto satisfy theseconstraints
on the shapeof the model. The feature�tting term EF is
de�ned as the squarederror betweeneachvertex position
andthefeaturecorrespondencefor thevertex, ov .

EF =
X

v

kov � xv k2 (8)

dEF

dxv
= � (ov � xv ) (9)

Herewe usesparsedatainterpolationwith radial basis
functionsto generatethe 3D error term, (ov � xv ), at the
verticeswhereno featurecorrespondencef is de�ned. The
interpolatederror term is given by Equation10 using the
the3D thin-platesplinefunction f (x) = kx � x f k3. The
interpolationincludesanexplicit af�ne basisR; t to account
for any globalerror terms.Theparameters� f areobtained
by thesolutionto thelinearsystemgivenin Equation11, in
termsof theknown errortermsat thede�ned featurepoints,
underanadditionalsetof constraintsthatremovetheaf�ne
contribution from theradialbasisfunctions,Equation12.
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Figure 2. Local parameterizationof triangleverticesin
termsof barycentriccoordinatesandheightin theframede-
�ned by theverticesedge-connectedto thetriangle.

ov = xv +
X

f

� f  f (xv ) + Rxv + t (10)

�
of � x f

�
=

X

f 0

� f 0 f 0(x f ) + Rx f + t (11)

P
f 0 � f 0 = 0

P
f 0 � T

f 0x f 0 = 0 (12)

3.3.4. Shaperegularisation

The internal energy of the model is designedto preserve
theprior shapeinformationof thegenericmodelin orderto
regulariseshape�tting in thepresenceof noisyor irregular
data. Regularisationenergy, ER , is de�ned asthesquared
errorbetweeneachvertex andthereconstructedpositionof
the genericvertex location in termsof a local parameteri-
zationthatis invariantto positionandorientation.Herewe
adopta polygon basedparameterizationthat can describe
thelocalshapeonanirregulartriangularmesh[19]. Thislo-
cal shapeconstraintpreservesthelocal parameterisationof
thesurfacemeshandhencetheanimationstructurefor the
surfacein relationto theunderlyingskeletalcontrol struc-
ture.

A vertex on a triangle can be de�ned in termsof the
barycentriccoordinatesin a local coordinateframe given
by the verticesedge-connectedto the triangle,asdepicted
in Figure2. A vertex positioncanthenbereconstructedin
eachof the local framesfor the trianglessharingthe ver-
tex. The error metric for regularisationis de�ned as the
squarederror betweenthe vertex location and the recon-
structedlocation in eachlocal frame,Equation13, where
(� v;j ; � v;j ; hv;j ) arethebarycentriccoordinates(�; � ) and
heightoffseth in the j th triangle-basedframefor a vertex
with valenceNv on thegenericmodel.

ER =
X

v

1
Nv

X

j

kx(� v;j ; � v;j ; hv;j ) � xv k2 (13)

dER

dxv
= �

1
Nv

X

j

(x(� v;j ; � v;j ; hv;j ) � xv ) (14)

3.4. TextureRecovery

For texture recovery eachpolygon in the model is as-
signedto the cameraimagewith the greatestsurfacevisi-
bility, accordingto the camerawith the closestviewpoint
to the direction of the polygon normal. Occlusionis ac-
countedfor in cameraselectionusing the meshvisibility
algorithmto ensurethat a polygon is not textured from a
cameraview for which it is occluded[3]. For eachcam-
eraimagein turn themodeltexture is recoveredfor all the
visible polygons. Stereocorrespondencebetweencamera
imagesin optimisationprovidessub-pixel accurateimage
locationsfor themodelvertices.Textureresamplingis per-
formedhereusingOpenGLrenderingto themodeltexture
from a cameraimage.Thetexturesderivedfrom eachcam-
eraarethencompositedontothesingletexturemapfor the
model using imagemaskscorrespondingto the polygons
selectedfor texturing from eachcamera.Textureblending
is requiredto ensureasmoothtransitionbetweenregionsof
texture recoveredfrom differentcameraimages.Blending
is performedusinga multi-resolutionspline[12] ensuring
that theextentof blendingbetweenimagescorrespondsto
thespatialfrequency of theimagefeatures.

4. Resultsand Discussion

4.1. Shapereconstruction

Model-basedscenereconstructionis �rst comparedwith
currentmodel-freetechniquesincludingshapefrom silhou-
ette[14], voxel colouring[21], andstereovision [9]. The
visual-hullis derivedusingavolumetricvoxel carvingtech-
niqueasdescribein section3.3.2. Colour carving is per-
formed using the Voxel-Coloringalgorithm [18] with the
exceptionthatRGB colourvaluesarenormalisedby inten-
sity in testingcolourconsistency to allow for intensityvari-
ationsbetweenviewpointswith non-lambertiansurfacesin
the scene. A triangularsurfacemodel is generatedfrom
the volume representationthrough iso-surfaceextraction.
Stereodepth-mapsare derived from camerapairsusing a
maximalsurfacetechnique[20] with the addedconstraint
that thesearchrangefor disparityis restrictedto lie within
thevisual-hull,removing outliersin stereocorrespondence.
Multiple depthmapsarefusedinto a singlesurfacemodel
usingvolumetricfusionandiso-surfaceextraction[15].

Figure 3 shows the reconstructedgeometryfor several
capturedframes.Thevisual-hull providesa goodestimate
of shapeas the humanbody hasfew concavities. Inaccu-
raciestendto arisewherethereis self-occlusionwith artic-
ulation of the limbs leadingto extraneoussectionsin the
reconstructedvolume. Colour carvingprovidesonly lim-
ited improvementonshapedueto thequalityof reconstruc-
tion from silhouettesandtheconsistentcolouracrossmany



sectionsof the body. Stereovision providesa noisy esti-
mateof shapedueto theinherentambiguityin establishing
stereocorrespondenceacrossuniformregionsof colourtex-
tureon thebody. Themodel-basedtechniquedemonstrates
improvedshaperecovery, integratingsilhouetteandstereo
data,andmakinguseof prior knowledgeto regulariseshape
wheredatais ambiguous.Thedisadvantagehereis thatthe
priorshapeof themodelconstrainsthesetof feasibleshapes
thatcanberecoveredandthedetailedgeometryatthehands
andthehair is missing.

4.2. View generation

Thegoalof multiple view scenecaptureis not necessar-
ily accuratesurfacereconstruction,insteadit canbethegen-
erationof visually realisticvirtual views. View-dependent
renderingtechniqueshave beendeveloped[3, 13, 17] to
synthesiserealisticviews with only approximatescenege-
ometry. Wethereforecomparethereconstructedmodelsfor
the synthesisof a virtual view. View-dependentrendering
is performedby texturing themodelsfrom thecameraim-
agesadjacentto thevirtual view. A view-dependentvertex
weighting[17] is usedthatfavourstheclosestcameraviews
to smoothlyblend betweenthe texture derived from each
camera.Multi-passtexturing is usedto blendtheweighted
texture derived for eachcameraimagein renderingto the
virtual view.

Figure 4 shows view-dependentrenderingto the tenth
cameraimagenot usedin reconstructionfor the geometry
shown in Figure3. This camerais placedequidistantbe-
tweentwo adjacentstereopairsin thestudio. The triangu-
latedsurfacesfor the visual-hull andvoxel-colouringgen-
eratea “blocky” renderedview. This arisesdueto thedis-
cretenatureof the surfacenormalsleadingto non-smooth
view-dependentweighting of texture. The surfaceof the
voxel-colouredvolumeis alsonoisywhichfurtherdegrades
thevisual-qualityof therenderedview. Themergedstereo
depth-mapsprovide an improvedresultdueto the smooth
natureof the merged surfacegeometry. However, visual
artifactsare apparentwherestereomatchingfails leading
to missingregionsof the geometry. The model-basedap-
proachprovidesa completesurfacemodelthatcanbeused
to interpolatethe cameraviews in view-dependentrender-
ing anddemonstratesimprovedvisual quality in compari-
sonwith themodel-freetechniques.

4.3. Motion editing and synthesis

Oneof the advantagesof the model-basedapproachis
thatwe arefreeto instrumentthemodelwith ananimation
structureto control the capturedscenedynamics. An ex-
ampleis given in which a seriesof modelsis constructed
with texturefor a sequencein which a subjectjumpsin the

Figure 5. Synthesisof new motions,showing therecon-
structedandtexture-mappedhumanmodelon theleft with
threenovel poses.

air. Themotionof thelimbs arethenretargetedto different
locationsusinginversekinematicsandthemodelsrendered
as shown in Figure 6. We also demonstratethat models
capturedfrom a singleframecansubsequentlybe usedto
synthesisenew motionsequencesasshown in Figure5.

5. Conclusions

In thispaperwehavepresentedamodel-basedtechnique
for multiple view scenereconstruction.A humanoidcom-
puter graphicsmodel is usedto reconstructstatic frames
anddynamicsequencesof peoplein a multiple camerastu-
dio. Themodelis animatedto matchtheposeof a subject
at eachtime frame. The modelshapeis thenoptimisedin
a regularisedcoarse-to-�nestereoframework in which the
searchrangefor stereomatchesis graduallyreducedto the
calibrationaccuracy of thecamerasystem,enablingconver-
gencein thepresenceof noisystereodata.Themodel-based
framework incorporatessilhouetteandfeaturecuesto com-
plementthestereodata.Regularisationis performedusing
a local constraintthat preservesthe shapeandparameter-
isation of the surfacemeshof the model. This approach
providesimprovedshapereconstructionwhencomparedto
model-freetechniquesin thepresenceof visualambiguities
by makinguseof prior shapeinformationin themodeland
multipleshapecues.

Theprincipaldrawbacksof thetechniquearetherequire-
ment for manuallyde�ned featurepoints in order to pose
the model,and the restrictionon the contentof the scene



(a)Cameraimage (b) Visual-hull (c) Voxel-colouring (d) Mergedstereo (e)Model-based

Figure 3. Shapereconstruction.

(a)Cameraimage (b) Visual-hull (c) Voxel-colouring (d) Mergedstereo (e)Model-based

Figure 4. View-dependentrenderingin comparisonto cameraview not usedin reconstruction.



Figure 6. Editingacapturedsequence(toprow) usingthe
animationstructureof themodel(bottomrow).

imposedby theshapeof thegenericmodel.This canhow-
ever form thebasisto analyse,edit or synthesisenew data
from a limited set of capturedframes. Model-free tech-
niquesfor multiple view reconstructionallow the capture
of arbitraryscenes.A model-basedapproachprovidesthe
meansto dealwith visualambiguitiesin scenereconstruc-
tion andprovidesa temporallyconsistentscenemodel for
analysisof dynamicsequences.
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