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Abstract

This paper introducesthe conceptof a “3D Virtual Studio” for humanappearancecapture, akin to the motion
capture studiofor humanmotiontracking. Ultimately the3D Virtual Studioshouldenablevideo-realistic recon-
structionof a moving person from any viewpoint. A mesh-basedstereo techniqueis presentedto reconstructa
moving personfrommultiplecamera views.Thistechniqueoptimisesa surfacemeshto match stereoandsilhou-
ettedata in a constrainedcoarse-to-�neframework, recovering sub-pixelimage correspondencein thepresence
of inexact camera calibration. We compare this approach for scenereconstructionto conventionalshapefrom
silhouetteandmultipleview stereo.Wethendemonstrateview-dependentrenderingandshowimprovedresolution
with the recovered image correspondence. We thendemonstrate how this approach can be usedto capture the
dynamicshapeandappearanceof a computergraphicsmodelof a person.

1. Intr oduction

The challenge of creating realistic computer generated
scenesis leadingto aconvergenceof computergraphicsand
computervisiontechnology. Wherecomputergraphicsdeals
with the complex modelling of objectsand simulation of
light interactionin a virtual sceneto generaterealistic im-
ages,computervision offers theopportunityto captureand
rendersuchmodelsdirectly from thereal-world with thevi-
sualrealismof conventionalvideoimages.

Oneof the key challengesis the creationof realistichu-
manmodels,a centralcomponentof mostvisual media.In
the �lm industryfor examplewe have seenanexplosionin
the useof computergeneratedimagerywith humanmod-

elsusedfor stuntdoublesin “mixed reality” clips andeven
to form the entire castof a major Hollywood �lm. How-
ever, the productionof suchcomputergraphicsmodelsis
currentlya high costandlabourintensive task,limiting the
applicationto thebig-budget�lm, advertisingandgamein-
dustries.In thebroadcastindustryandmulti-mediaproduc-
tion useof computergraphicshasinsteadconcentratedon
thevirtual studioin which actionis shotagainsta constant
backgroundandactorscanbecompositedlive with realand
virtual footage.Recentlytheconceptof usingmultiplecam-
erasin a virtual studio hasbeenintroducedto captureac-
torsin 3D 8. Three-dimensionalproductionor 3D videowas
�rst popularisedby Kanadeet al. 10 who coinedthe term
“VirtualizedReality”. Presentingan event in 3D allows vi-
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sualisationin the sameway asvirtual reality, providing an
immersive viewing experience.

In this paperwe introducethe conceptof the multiple
camera“3D Virtual Studio” for 3D productionof visually
realisticcomputergraphicsmodelsof people.We likenthis
to the developmentof the motion capturestudio that has
found widespreadusein generatingbelievable movements
for characteranimation.In the 3D Virtual Studio the dy-
namicshapeandappearanceof a computergraphicsmodel
canbecapturedfrom a person.

Therearetwo strandsof researchin computervision that
will leadto therealisationof a 3D Virtual Studiofor human
appearancecapture.Firstly marker-free visual motion cap-
ture from which the motion of personcanbe tracked from
multiplecameras.Secondlyaccuratescenereconstructionto
capturethedynamicshapeandappearanceof apersonmov-
ing in the studio.In this paperwe concentrateon scenere-
construction.We considertwo conventionaltechniquesfor
reconstruction,shapefrom silhouetteandstereovision,and
introduceasurfaceoptimisationtechniqueto recoversurface
geometryof a sceneintegrating both stereoandsilhouette
data.This new techniquefor scenereconstructionis applied
to optimisegeometryandrecover sub-pixel accurateimage
correspondenceto renderavirtual view of anactorcaptured
in a studio.We demonstratehow this techniquecanbe ap-
plied to capturethedynamicshapeandappearanceof a per-
sonasa computergraphicsmodel.

2. RelatedWork

Acquisition of visually realisticmodelsof real objectsand
sceneshasbeena long standingproblemin both computer
graphicsandvision.Rangescanningtechnologies,whichac-
tively projecta structuredlight patternonto the objectsur-
face,have beenwidely usedasthe basisfor reconstruction
of accuratemodelsof staticscenes14. Whole-bodyscanning
systemscapturethestaticshapeof a personin a �x edpose.
Starck et al. 23 usedthis technologyto generatedetailed
animatedhumanmodelsfrom a singlewhole-bodysurface
scan.Allen et al. 3 capturedtheupperbodyshapeof a per-
sonin multiple staticposesto characterisechangesin body
shapefor animation.

Comparedto active rangescanning,passive reconstruc-
tion from imagesor image-basedmodelling, enablesgreater
�e xibility in scenecaptureandprovidesthedynamicappear-
anceinherentin videoimages.Debevecet al. 4 �rst demon-
stratedthevisual realismthat canbe achieved in rendering
novel views of a staticscenefrom photographs.Kanadeet
al. 10 demonstratedthe ability to recover 3D modelsof dy-
namic scenesfrom multiple video images.Techniquesfor
shapeestimationfrom multiple camerasincludereconstruc-
tion of volume from imagesilhouettes,termedthe visual-
hull 13, volume from colour consistency betweenimages,
termedthephoto-hull22; 12, andsurfacerecoveryfrom stereo

correspondencebetweenpairsof cameraimages10; 19. Mul-
tiple camerasystemshavebeendevelopedto reconstructdy-
namic sequencesof people,Moezzi et al. 18 demonstrated
the useof the visual-hull, Vedulaet al. 25 madeuseof the
photo-hull,andKanadeet al. 10 fusedmultiple stereodepth-
mapsinto a surfacemodelof a person.

The visual-hull provides a boundingapproximationon
the shapeof a sceneandcannotmodelconcavities that are
self-occludedin imagesilhouettes.Colourconsistency tech-
niquessuffer from holesor falsecavities in thevolumeof a
scenewhereconsistency cannotbe correctlyestimatedbe-
tweenviews, andthe fatteningof areasof the scenewhere
thereis insuf�cient colour informationin theimagesto dis-
tinguish different surfaces.Finally stereocorrespondence
canfail in regionsof poorimagetextureor occlusionbound-
ariesand can producenoisy depthestimateswith inexact
matchesbetweenimages.Techniqueshave thereforebeen
consideredbasedonmodelsof thescenegeometryandinte-
gratingmultiplevisualcuesto improvescenereconstruction.
FuaandLeclerc6 introducedobject-centredreconstruction
in which an initial surfaceestimateis optimisedto match
stereoandshadingcuesbetweenimages.Vedulaetal. 26 pro-
poseda model-enhancedstereosystemwherean initial re-
constructedscenemodelis usedto re�ne thesearchrangefor
stereocorrespondenceto improve stereomatchesfor recon-
struction.Thesetechniquesmake useof reconstructedge-
ometryto improve theestimationof imagecorrespondence.
Model-basedtechniqueshave beenproposedthatmake use
of a prior model of scenegeometryto constrainshapere-
covery in thepresenceof visualambiguitiessuchaslack of
imagetexturethatmakescorrespondenceambiguous.Hilton
etal. 9 presentmodel-basedshapefrom silhouetteto recover
whole-bodymodelsof people.PlankersandFua20 adopta
modelconsistingof implicit volumeprimitivesto recoverthe
grossupper-bodyshapeandposefrom stereoandsilhouette
data.

In this paperwe presenta techniqueto integrate both
stereoandsilhouettedatato optimiseeitherestimatedsur-
facegeometryor a prior surfacemodel to matchmultiple
cameraimages.Stereocorrespondenceis usedto optimise
surfaceshapeto sub-pixel accuracy for recovery of colour
texture.This providesimprovedresolutionin renderingim-
agesin the presenceof inexact surfacegeometryor inex-
actcameracalibrationcomparedto currentapproachesthat
maketheassumptionthatareconstructedsurfaceis in corre-
spondencebetweenimages18; 25; 10. Theshapeof themodel
is usedto constrainthe searchfor stereocorrespondence
in a coarse-to-�neframework that enablesshaperecovery
from noisystereodata.This providesa wider rangeof con-
vergencecomparedto local optimisationtechniques6. The
framework incorporatesmultiple shapecues.This provides
improved surface reconstructionin the presenceof visual
ambiguitiescomparedto techniquesthat rely on a single
shapecue18; 10.

c
 TheEurographicsAssociation2003.



J.Starck andA.Hilton / HumanAppearanceCapture

Techniquesfor shapefrom silhouetteand stereocorre-
spondenceare �rst presentedtogetherwith the new ap-
proachto optimisesurfacegeometry. Thesetechniquesare
thencomparedfor scenereconstructionin a multiple cam-
erastudio.Renderingavirtual view is thencomparedfor the
differentapproachesusingview-dependentrendering.View-
dependenttechniquesarenow increasinglyusedto produce
greatervisual realism in renderingby using the camera
viewsclosestto thenovel viewpoint 4; 21; 16. Finally wecom-
paretheobject-centredandmodel-basedapproachto scene
reconstructionanddemonstratethecaptureof theshapeand
appearanceof animatedcomputergraphicsmodelsof people
in a multiplecamerastudio.

3. SceneReconstruction

Our multiple camera “3D Virtual Studio” contains 8
Sony DXC-9100P3-CCD colour cameras,providing PAL-
resolutionprogressive scanimagesat 25Hz. A blue-screen
backdropis usedfor foregroundsilhouettesegmentationand
theset-upprovidesacapturevolumeof up to 2.5mx 2.5mx
2.5m. Intrinsic cameraparametersare calibratedusing the
CameraCalibration Toolbox for Matlab from MRL-Intel
2. Extrinsic cameracalibrationis performedusinga wand-
basedtechnique.

3.1. Shapefr om silhouette

Varioustechniqueshave beendevelopedfor thereconstruc-
tion of thevisual-hullfrom multiplecameraimages.Herewe
adopta simplealgorithmto generatethesetof volumeele-
ments,calledvoxels, that reprojectto thesegmentedimage
silhouettes.We divide thesceneinto a setof N� N� N vox-
els with (N+1)� (N+1)� (N+1) corners.All voxels are ini-
tially set as unoccupied.Eachcorneris testedfor overlap
with eachimagesilhouetteandeachvoxel is thensetasoc-
cupiedif at leastonecorneroverlapsall imagesilhouettes.
The discretevolumetricrepresentationis thenconvertedto
a surfacemeshby isosurfaceextractionusinga variationon
themarchingcubesalgorithm15.

3.2. Shapefr om stereocorrespondence

Surfacereconstructionfrom stereois performedby extract-
ing a2.5Dstereodepth-mapfor eachcamerapair in thestu-
dio. Herewe usea two-stagedynamicprogrammingtech-
nique proposedby Sun 24 to extract a surface that max-
imisesthe stereocorrespondencebetweenimagesand en-
forces continuity in the depth-map.We use a normalised
cross-correlationmetricto allow for linearchangesin inten-
sity betweenimageswith non-Lambertiansurfacesor inex-
actintensitymatchedimages.Wealsoaddtheconstraintthat
thedisparityrangefor stereocorrespondencelies within the
visual-hull extractedfrom imagesilhouettes.This follows
themodel-enhancedstereoparadigmproposedby Vedulaet
al. 26 andremovesoutliersin stereocorrespondence.

Multiple depth-mapsarefusedinto asinglesurfacerepre-
sentationusingvolumetricfusionasproposedby Narayanan
et al. 19. The volumeof the sceneis divided into a discrete
setof voxels anda signeddistancefunction is computedat
eachvoxel that gives the distanceto the surfaceestimated
in the multiple 2.5D depth-maps.A surfacemeshis then
extractedfrom thevolumeusingisosurfaceextraction.The
signeddistanceat a voxel is derived by �rst projectingthe
centroidto eachdepth-mapandderiving thedistanceto the
closestsurface-point.An averageis then taken for all dis-
tanceswithin a set toleranceof the closestdistanceacross
all depth-maps.

3.3. Surfaceoptimisation

A surface optimisationtechniqueis introducedto deform
an initial modelof thescenegeometryto matchstereoand
silhouettedata.Themodeldeformationis formulatedasan
energy minimizationtask17. A cost-functionis constructed
consistingof a potentialenergy termderivedfrom the�t of
the model to the data,andan internalenergy term that pe-
nalisesthedeviation from thedesiredmodelproperties.The
modelis thendeformedto minimize the total energy func-
tion, henceminimizing theerrorbetweenthemodelandthe
datawhile the internalenergy regularisesthe modeldefor-
mation. In data �tting we use the cost of �tting to stereo
dataES andmatchingtheshapefrom silhouetteprovidedby
the visual-hull EV . The trade-off betweenthesedataterms
is governedby a weightingb, and the in�uence of model
regularisation,ER, is governedby a.

E = bES+ (1� b)EV + aER (1)

We discretizethe energy function at the verticesof our
meshxi andusegradientdescentfor minimization.In terms
of physics-baseddeformablemodelsthis is equivalent to a
zero massdynamicsystem.The deformationof the mesh
verticesis thengivenby Equation2.

dxi
dt

= �
dE
dxi

= �
�

b
dES

dxi
+ (1� b)

dEV

dxi
+ a

dER

dxi

�
(2)

Stereomatching energy term

In stereomatchingwe usea direct searchfor stereocorre-
spondencebetweenimages.For eachmeshvertex we �rst
determinethe key view with the greatestsurfacevisibility
accordingto thecamerawith theclosestviewpoint to thedi-
rectionof the vertex normal.We thenrecover the disparity
in eachstereopair thatusesthekey view. Herewe make the
simplifying assumptionof a fronto-parallelsurfaceat each
vertex andusearea-basednormalizedcross-correlationbe-
tweenrecti�ed cameraimages7. For eachoffset imagein
eachstereopairwelocatethesub-pixel matchto thekey im-
agewith thehighestcorrelationscore.We de�ne thesearch
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Key
Offset Offset

Figure 1: Stereo matching betweenkey and offset views,
showingthe search region along each epipolar line allow-
ing for off-axismatcheswith inexactcamera calibration.

rangealongthe epipolarline in eachrecti�ed offset image
accordingto the expectederror in the shapeof the mesh.
We alsomatchup to a speci�edpixel errorperpendicularto
eachepipolarline accordingto theexpectedaccuracy of the
cameracalibrationasillustratedin Figure1.

For eachvertex we derive a sub-pixel correspondence
in eachoffset imageanda reconstructed3D position.The
stereoenergy term at eachvertex, ES(xi ), is de�ned asthe
squarederror betweenthe vertex position and the recon-
structed3D positionzi;c for eachoffsetcamerac. We there-
fore seeka least-squareerror �t to the matchedvertex po-
sitionsacrossthe whole mesh,asgiven in Equation4. The
energy termis weightedaccordingto thequalityof thestereo
matchesasgivenby thecorrelationscorewi;c 2 [0;1], Equa-
tion 3. This enablesa trade-off between�tting stereodata
wheregoodmatchesareobtainedand�tting silhouettedata
wherematchingis poor.

b(xi) =
1
nc

i

nc
i � 1

å
c= 0

wi;c (3)

bES = å
i

1
nc

i

nc
i � 1

å
c= 0

wi;ckzi;c � xik
2 (4)

In stereomatching it is important to accountfor self-
occlusionsto prevent incorrectmatchesbetweenoccluded
andvisible regions.We dealwith self-occlusionsby check-
ing the visibility of eachmeshvertex in eachcameraim-
ageandonly matchingbetweenunoccludedviews.Herewe
usethe visibility algorithm introducedby Debevec et al. 5

that useshardware acceleratedOpenGLrendering.To test
thevisibility in acamera,themeshis renderedto thecamera
viewpointwith auniquecolourID assignedto eachpolygon.

Foreachfront-facingvertex wecanthenretrievethepolygon
at theprojectedlocationin thecameraandcheckfor occlu-
sionagainstthepolygonin screenspace.In shapeoptimisa-
tion it is feasibleto obtainincorrectvisibility informationas
themeshdeforms.Wethereforeuseaconservative visibility
check,�rst by testingthe visibility of the deformedmesh,
thenby checkingthe visibility of the meshverticesagainst
potentialoccludingregions in the visual-hull. The second
visibility checkis performedagainstthe back-facingpoly-
gonsof the visual-hull simply by usinga back-facerender
of thevisual-hullmeshin eachcameraview.

Silhouettematching energy term

Stereomatchingcanfail wheretexture is lacking in an im-
ageor wherethereis signi�cant distortionin texturebetween
views dueto non-frontalsurfacesor occlusionboundaries.
Silhouettedatais thereforeincorporatedby �tting thevolu-
metricvisual-hullasobtainedin section3.1. Thevisual-hull
energy term,EV (xi), is de�ned asthesquarederrorbetween
the vertex positionandthe closestvoxel on the visual-hull
y

i
.

EV = å
i

(1� b(xi))ky
i
� xik

2 (5)

Shaperegularisationenergy term

Thestandardapproachtoshaperegularisationis to treatade-
formablemodelasa thin-platematerialundertension.Here
weusemembranetensionfor regularisation.Themembrane
functional for ER acrossa parameterisedsurfacex(u;v) is
givenin Equation6 andthevariationalderivative is givenby
theLaplacian4 (x). Underthesimplifying assumptionof a
regularmeshparameterisation,the laplacianat a meshver-
tex is givenby the“umbrella-operator”in Equation7 where
theindex v spansthe1-neighbourhoodxi;v of a vertex xi

11.
Theumbrellaoperatorpulls verticestowardsthecentroidof
the1-neighbourhood.Intuitively theroleof regularisationis
to maintainasmooth,evenparameterisationof themeshsur-
faceduringdeformation.

ER =
Z Z �

kxuk2 + kxvk
2
�

dudv (6)

dER

dxi
= �

1
nv

i

nv
i � 1

å
v= 0

(xi;v � xi ) (7)

Coarse-to-�ne matching

Theshapeoptimisationprocessis performedin a coarse-to-
�ne framework in orderto dealwith noisy stereomatches.
We start at an initial expectederror for the surface mesh
and locatethe stereomatchesup to the error estimate,to-
getherwith theclosestvisual-hull point for eachmeshver-
tex. We thenupdatevertex locationsto minimizetheenergy
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function.Theexpectederroris successively reducedandthe
modelagaindeformedto minimize theenergy. Theconver-
gencecriteria at eacherror level is setto theerrorestimate
multiplied by the error reductionfactorandthesteplength
in steepestdescent.Optimisationis stoppedwhentheerror
level reachesthereconstructionaccuracy of thecameraset-
up.Theadvantageof thecoarse-to-�nematchingandmodel
deformationis thatit allows thescenemeshto convergeto a
solutionin thepresenceof noisystereodata,increasingthe
rangeof convergencecomparedto local optimisationtech-
niques6.

4. View DependentRendering

Surfaceoptimisationprovides the meansto deform an es-
timatedscenegeometryto satisfystereomatchingbetween
views in a multiple cameraset-up.Theframework incorpo-
ratessilhouettedatawherestereomatchesarepoor or not
possibledue to occlusionand usesshaperegularisationto
controlthemodeldeformation.Theresultprovidessub-pixel
accurateimage correspondenceeven with inexact camera
calibrationin highly textured regionswherethe alignment
of imagesis importantin renderingnovel views. For shape
from silhouetteandstereocorrespondencethis imagecorre-
spondenceis foundby projectingtheverticesof thesurface
meshinto theimages.

In view dependentrenderingwe make useof this image
correspondenceto rendervirtual views of the 3D scene.In
orderto smoothlyblendbetweenthecameraimagesin ren-
dering,we adopta view-dependentvertex weightingaspro-
posedby Pulli et al. 21. Theweight for vertex i with respect
to camerac consistsof two components,l i;c = l 1

i;cl 2
i;c. The

�rst componentde�nes the visibility of the vertex in each
camera,l 1

i;c = cos(q), whereq is theanglebetweenthever-
tex normalandthevectorfrom thevertex to thecamera.The
secondcomponentde�nes theproximity of thevirtual view
to eachcamera,l 2

i;c = cos(f ), wheref is theanglebetween
thevectorfrom thevertex to thecameraandthevectorfrom
thevertex to thevirtual camera.Themeshis texturedfrom
the cameraviews on a per-polygonbasisandseparatever-
tex weightsfor eachpolygon p arederived by only taking
the weightsfor theviews in which all polygonverticesare
matched.In thepresenceof occlusionssomepolygonswill
notnecessarilyhaveverticesthatareall matchedin onecam-
eraview andso will containno texture. We thereforealso
derivevertex coloursin orderto colourpolygonsthatcannot
betextured.Vertex coloursarecalculatedastheweightedav-
erageof thematchedcameraimagepixels accordingto the
vertex weightl i;c.

Thevirtual view is generatedusinghardwareaccelerated
OpenGLrendering.The meshis �rst renderedwith vertex
colouring. Multi-pass texturing is then usedto renderthe
meshfrom eachcameraimagewith the texture modulated
by the blendweight at eachpolygonvertex. In the �rst in-
stanceof texturing a polygon,blendingreplacesthe colour

(a) Visual-hull (b) Mergedstereo (c) Optimisation

Figure2: Comparisonof shapereconstruction.

renderedmeshand subsequentpassesadd modulatedtex-
ture.

5. Results

5.1. Scenereconstruction

Surfaceoptimisationis �rst comparedwith shapefrom sil-
houetteandstereovision for geometricreconstructionfrom
multiplecameraviews.Herethevisual-hullis usedasanini-
tial estimateof surfacegeometryandsmoothedto obtaina
smoothregularisationtermfrom thesurfaceshape.Thesur-
facemeshis then optimisedstartingat an initial expected
error of 15cmand�nishing at a 1cm error in optimisation.
Figure2 showsthereconstructedscenegeometryin compar-
ison to the visual-hull and the surfacederived by merging
multiple stereodepth-maps.Both stereoreconstructionand
surfaceoptimisationdemonstratea similar geometryandan
improved shapein comparisonwith the visual-hull.With a
lackof imagetexturestereocorrespondencecanfail, leading
to noisy surfaceestimatesandmissingsectionsof geome-
try. Combiningsilhouetteandstereodatademonstratesim-
proved reconstructionwherethesevisualambiguitiesarise.
All techniquesfail to reconstructthe detailedgeometryof
thefacedueto a lackof resolutionin thevideoimages.

5.2. View-dependentrendering

Currenttechniquesfor view generationrely on renderinga
novel view usingreconstructedscenegeometryundertheas-
sumptionthatthescenemodelis in correspondencebetween
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views. Errors in correspondencecanariseeitherdueto in-
accuraciesin reconstructionor inexact cameracalibration.
This becomesapparentas a misalignmentand blurring of
texturein rendering.Thesurfaceoptimisationtechniquepro-
videssub-pixel accuratecorrespondencefor view-dependent
rendering.

Figure3 shows a novel viewpoint,mid-way betweentwo
camerasin the studio,Figure3(a),(b),demonstratingview-
interpolationbetweenthe pair of cameras.The visual-hull,
Figure3(c) shows the blurring effect with incorrectgeom-
etry. Themergedstereo,Figure3(d), shows improved reso-
lution but suffersfrom missingandincorrectsectionsof ge-
ometry. Figure3(e)showstheoptimisedsurfaceanddemon-
stratesthe highestresolutionwith the recoveredsub-pixel
correspondence.

Figure4 showsasequenceof renderedviews from amul-
tiple view videosequence.Thevirtual viewpointmovesinto
andpansaroundthe dynamicscene.This demonstratesthe
�e xibility in viewpoint control that is given by the 3D de-
scriptionof the scene.The virtual-views approachthe res-
olution of the original cameraimagesandthe dynamicap-
pearanceof theclothingwrinklesproducesa video-realistic
result.Movie sequences(movie1, movie2) canbeviewedat
1.

5.3. Model-basedreconstruction

So far we have followed the object-centredapproachto
scenereconstruction,usingthevisual-hullasa robust initial
estimateof thescenegeometryandoptimisingthegeometry
to matchbothsilhouetteandstereodata.Thisframework can
alsobeappliedto updatea prior modelof thescenegeom-
etry. Figure5 shows a humanoidcomputergraphicsmodel
that hasbeenposedandthe surfaceoptimisedto matchan
actorin a studio.Previousresearch23 hasintroduceda man-
ual techniqueto poseamodelandashaperegularisationen-
ergy termto preserve prior modelshape.

Thereare two advantagesto the model-basedapproach.
Firstly a modelcanprovide prior shapeinformationto con-
strain reconstructionin the presenceof visual ambiguities
suchasself occlusionor lack of imagetexture.Secondlya
modelprovidesa consistentstructureto capturea dynamic
sequence.This structurecanbe instrumentedfor animation
asshown in Figure5(a)sothatthemodelcanbecontrolledto
synthesisenew content.It also�ts in with currentcomputer
graphicsproductionmethodsandopensupthepossibilityfor
theproductionof video-realisticcomputergraphicsmodels.
Thecurrentdrawbackof this approachto scenereconstruc-
tion is therequirementfor themanualposingof a modelto
matchan actor in multiple cameraviews. This would be-
comean impossibletaskfor a lengthysequenceasshow in
Figure4.

(a) Skeleton (b) Model (c) Renderedview

Figure5: Modelbasedreconstructionandrendering.

6. Summary and Conclusions

In this paperwe have presenteda techniquefor mesh-based
multipleview stereo.Estimatedsurfacegeometryis updated
to matchavailablestereoandsilhouettedataasadeformable
mesh model. Optimisation of the mesh is performed in
a coarse-to-�neframework in which the searchrangefor
stereomatchesis gradually reducedto the calibrationac-
curacy of the camerasystem,enablingconvergencein the
presenceof noisystereodata.Resultsdemonstrateimproved
reconstructioncomparedto shapefrom silhouetteandcom-
parablereconstructionto shapefrom stereocorrespondence.
Improved reconstructionis obtainedby combiningsilhou-
ette and stereodata in the presenceof visual ambiguities
suchaslack of imagetextureor occlusionboundaries.The
techniquealsodemonstratesimproved resolutionin render-
ing virtual views throughthederivation of sub-pixel image
correspondenceeven with inexact cameracalibration.This
techniquefor reconstructionenablesthesynthesisof virtual
views of a personmoving in a multiple camerastudio.This
canbeappliedfor anobject-centredapproachto reconstruc-
tion allowing for arbitrarydynamiccontentin thesceneor a
model-basedapproachfor theproductionof avideo-realistic
computergraphicsmodelof a person.
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(a) Cameraimage (b) Cameraimage (c)Visual-hull (d) Mergedstereo (e) Surfaceoptimisation

Figure3: Renderinga virtual view mid-waybetweentwo cameras.

Figure4: Sequencesof virtual viewsfor multipleframesshowinga view thatmovesinto andpansarounda dynamicscene.
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