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Abstract

This paperintroducesthe conceptof a “3D Virtual Studio” for humanappeaancecaptuse, akin to the motion

captuee studiofor humanmotiontracing. Ultimately the 3D Mrtual Studioshouldenablevideo-ealistic recon-
struction of a moving personfrom any viewpoint. A mesh-basedteeo techniqueis presentedo reconstructa

moving personfrommultiple camen views. Thistechniqueoptimisesa surfacemeshto matd stereo andsilhou-

ettedatain a constainedcoarse-to- neframavork, recovering sub-pixelimage correspondencén the presence
of inexact camen calibration. We compae this appoac for scenereconstructiorto conventionalshapefrom

silhouetteand multipleview stereo.We thendemonstate view-dependemtenderingandshowimprovedresolution
with the recorered image correspondencaie then demonstate how this approad can be usedto captuee the

dynamicshapeand appeaanceof a computergraphicsmodelof a person.

1. Intr oduction

The challenge of creating realistic computer generated
sceness leadingto a convergenceof computergraphicsand
computewisiontechnologyWherecomputegraphicsdeals
with the complex modelling of objectsand simulation of
light interactionin a virtual sceneto generateealisticim-
ages,computervision offers the opportunityto captureand
rendersuchmodelsdirectly from thereal-world with the vi-
sualrealismof conventionalvideoimages.

Oneof the key challengess the creationof realistic hu-
manmodels,a centralcomponenbf mostvisual media.ln
the Im industryfor examplewe have seenan explosionin
the useof computergeneratedmagerywith humanmod-
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elsusedfor stuntdoublesin “mixedreality” clips andeven
to form the entire castof a major Hollywood Im. How-
ever, the productionof such computergraphicsmodelsis
currentlya high costandlabourintensie task, limiting the
applicationto the big-budget Im, adwertisingandgamein-
dustriesIn the broadcastndustryandmulti-mediaproduc-
tion useof computergraphicshasinsteadconcentratean
the virtual studioin which actionis shotagainsta constant
backgroundandactorscanbe compositedive with realand
virtual footage Recentlythe concepbof usingmultiple cam-
erasin a virtual studio hasbeenintroducedto captureac-
torsin 3D 8. Three-dimensiongdroductionor 3D videowas
rst popularisecby Kanadeet al. 19 who coinedthe term
“Virtualized Reality”. Presentingan eventin 3D allows vi-
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sualisationin the sameway as virtual reality, providing an
immersve 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 generatingoelievable movements
for characteranimation.In the 3D Virtual Studio the dy-
namicshapeandappearancef a computergraphicsmodel
canbe capturedrom aperson.

Therearetwo strandsof researchin computervision that
will leadto therealisationof a 3D Virtual Studiofor human
appearanceapture.Firstly marker-free visual motion cap-
ture from which the motion of personcanbe tracked from
multiple camerasSecondlyaccuratescenaeconstructiorno
capturethe dynamicshapeandappearancef a personrmov-
ing in the studio.In this paperwe concentraten scenere-
construction We considertwo corventionaltechniquesor
reconstructionshapefrom silhouetteandstereovision, and
introduceasurfaceoptimisatiorntechniqueo recoversurface
geometryof a sceneintegrating both stereoand silhouette
data.This new techniquefor scenereconstructions applied
to optimisegeometryandrecover sub-pi>el accuratdmage
correspondenc® renderavirtual view of anactorcaptured
in a studio.We demonstraténow this techniquecanbe ap-
pliedto capturethedynamicshapeandappearancef a per
sonasacomputergraphicsmodel.

2. RelatedWork

Acquisition of visually realistic modelsof real objectsand
sceneshasbeena long standingproblemin both computer
graphicsandvision.Rangescanningechnologieswhichac-
tively projecta structuredlight patternonto the objectsur
face,have beenwidely usedasthe basisfor reconstruction
of accuratenodelsof staticscenes4. Whole-bodyscanning
systemscapturethe staticshapeof a personin a x edpose.
Starck et al. 28 usedthis technologyto generatedetailed
animatechumanmodelsfrom a singlewhole-bodysurface
scan.Allen etal. 3 capturecthe upperbody shapeof a per
sonin multiple staticposego characterisehangesn body
shapéfor animation.

Comparedto active rangescanning,passve reconstruc-
tion from imagesor image-basednodelling enablegreater
e xibility in scenecaptureandprovidesthedynamicappear
anceinherentin videoimagesDebevecetal. 4 rst demon-
stratedthe visual realismthat canbe achievzed in rendering
novel views of a static scenefrom photographsKanadeet
al. 10 demonstratedhe ability to recoser 3D modelsof dy-
namic scenesrom multiple video images.Techniquegor
shapeestimationfrom multiple camerasncludereconstruc-
tion of volume from image silhouettestermedthe visual-
hull 13, volume from colour consisteng betweenimages,
termedthephoto-hull?2 12, andsurfacerecovery from stereo

correspondencletweerpairsof cameramagest® 1°. Mul-
tiple camerasystemdave beendevelopedto reconstructly-
namic sequencesf people,Moezzi et al. 18 demonstrated
the useof the visual-hull, Vedulaet al. 2> madeuseof the
photo-hull,andKanadeet al. 10 fusedmultiple stereadepth-
mapsinto a surlacemodelof a person.

The visual-hull provides a bounding approximationon
the shapeof a sceneand cannotmodel concaities thatare
self-occludedn imagesilhouettesColourconsisteng tech-
niguessufer from holesor falsecavities in the volumeof a
scenewhereconsisteng cannotbe correctly estimatedbe-
tweenviews, andthe fatteningof areasof the scenewhere
thereis insufcient colourinformationin theimagesto dis-
tinguish different surfaces.Finally stereocorrespondence
canfail in regionsof poorimagetextureor occlusionbound-
ariesand can producenoisy depth estimateswith inexact
matcheshetweenimages.Techniqueshave thereforebeen
consideredasedn modelsof thescenegeometryandinte-
gratingmultiple visualcuesto improve scengeconstruction.
FuaandLeclerc® introducedobject-centredeconstruction
in which an initial surface estimateis optimisedto match
stereandshadingcuesbetweerimagesVedulaetal. 26 pro-
poseda model-enhancedtereosystemwherean initial re-
constructegcenemodelis usedo re ne thesearchrangefor
stereocorrespondenc® improve stereomatchedor recon-
struction. Thesetechniquesmale use of reconstructedje-
ometryto improve the estimationof imagecorrespondence.
Model-basedechniquesave beenproposedhat make use
of a prior model of scenegeometryto constrainshapere-
covery in the presencef visualambiguitiessuchaslack of
imagetexturethatmakescorrespondencambiguousHilton
etal.? presentmodel-basedhaperom silhouetteto recorer
whole-bodymodelsof people.Planlersand Fua2® adopta
modelconsistingof implicit volumeprimitivesto recoserthe
grossupperbody shapeandposefrom sterecandsilhouette
data.

In this paperwe presenta techniqueto integrate both
stereoand silhouettedatato optimise either estimatedsur
facegeometryor a prior surface modelto matchmultiple
cameraimages.Stereocorrespondenci usedto optimise
surfaceshapeto sub-pixel accurag for recovery of colour
texture. This providesimproved resolutionin renderingm-
agesin the presenceof inexact surface geometryor inex-
actcameracalibrationcomparedo currentapproacheshat
male theassumptiorthatareconstructegurfaceisin corre-
spondencéetweenimages!s 25 10, The shapeof the model
is usedto constrainthe searchfor stereocorrespondence
in a coarse-to- neframeavork that enablesshaperecovery
from noisy stereodata.This providesa wider rangeof con-
vergencecomparedo local optimisationtechniques. The
frameawork incorporatesnultiple shapecues.This provides
improved surface reconstructionin the presenceof visual
ambiguitiescomparedto techniqueghat rely on a single
shapecuel8 10,
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Techniquedor shapefrom silhouetteand stereocorre-
spondenceare rst presentediogetherwith the newv ap-
proachto optimisesurfacegeometry Thesetechniquesare
thencomparedor scenereconstructiorin a multiple cam-
erastudio.Renderingavirtual view is thencomparedor the
differentapproachesasingview-dependentendering View-
dependentechniquesarenow increasinglyusedto produce
greatervisual realism in renderingby using the camera
views closesto thenovel viewpoint 4 2% 16, Finally we com-
parethe object-centrecand model-base@pproactto scene
reconstructiormnddemonstratéhe captureof the shapeand
appearancef animateccomputegraphicamodelsof people
in amultiple camerastudio.

3. SceneReconstruction

Our multiple camera“3D Virtual Studio” contains 8
Sory DXC-9100P3-CCD colour camerasproviding PAL-
resolutionprogressie scanimagesat 25Hz. A blue-screen
backdrops usedfor foregroundsilhouettesegmentatiorand
theset-upprovidesa capturevolumeof upto 2.5mx 2.5mx
2.5m. Intrinsic cameraparametersre calibratedusing the
CameracCalibration Toolbox for Matlab from MRL-Intel
2, Extrinsic cameracalibrationis performedusinga wand-
basedechnique.

3.1. Shapefrom silhouette

Varioustechnigueshave beendevelopedfor the reconstruc-
tion of thevisual-hullfrom multiplecameramagesHerewe
adopta simplealgorithmto generatehe setof volumeele-
ments,calledvoxels, thatreprojectto the sgmentedmage
silhouettesWe divide the scenento asetof N N N vox-
elswith (N+1) (N+1) (N+1) corners.All voxels areini-
tially setasunoccupiedEachcorneris testedfor overlap
with eachimagesilhouetteandeachvoxel is thensetasoc-
cupiedif at leastone corneroverlapsall imagesilhouettes.
The discretevolumetricrepresentatioiis then convertedto
asurfacemeshby isosuraceextractionusinga variationon
themarchingcubesalgorithm15.

3.2. Shapefrom stereocorrespondence

Surfacereconstructiorfrom stereois performedby extract-
ing a2.5D stereadepth-magor eachcamergpairin the stu-
dio. Herewe usea two-stagedynamicprogrammingtech-
nique proposedby Sun 24 to extract a surface that max-
imisesthe stereocorrespondenceetweenimagesand en-
forces continuity in the depth-map.We use a normalised
cross-correlatiometricto allow for linearchangesn inten-
sity betweenmageswith non-Lambertiarsurfacesor inex-

actintensitymatchedmagesWe alsoaddtheconstrainthat
thedisparityrangefor stereocorrespondenciées within the
visual-hull extractedfrom image silhouettesThis follows
the model-enhancestereoparadigmproposedy Vedulaet
al. 26 andremovesoutliersin stereaccorrespondence.
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Multiple depth-mapsrefusedinto asinglesurfacerepre-
sentatiorusingvolumetricfusionasproposedy Narayanan
etal. 19. The volume of the scends divided into a discrete
setof voxels anda signeddistancefunctionis computedat
eachvoxel that gives the distanceto the surfaceestimated
in the multiple 2.5D depth-mapsA surface meshis then
extractedfrom the volume usingisosurficeextraction. The
signeddistanceat a voxel is derived by rst projectingthe
centroidto eachdepth-mapandderiing the distanceto the
closestsurface-point.An averageis thentaken for all dis-
tanceswithin a settoleranceof the closestdistanceacross
all depth-maps.

3.3. Surfaceoptimisation

A surface optimisationtechniqueis introducedto deform
aninitial modelof the scenegeometryto matchstereoand
silhouettedata. The modeldeformationis formulatedasan
enegy minimizationtask!’. A cost-functionis constructed
consistingof a potentialenegy termderivedfrom the t of
the modelto the data,andan internalenegy term that pe-
nalisesthe deviation from the desiredmodelpropertiesThe
modelis thendeformedto minimize the total enegy func-
tion, henceminimizing the error betweerthe modelandthe
datawhile the internalenegy regularisesthe model defor
mation. In data tting we usethe costof tting to stereo
dataEs andmatchingthe shaperom silhouetteprovided by
the visual-hull Ey. The trade-of betweenthesedataterms
is governedby a weighting b, andthe in uence of model
regularisationEg, is governedby a.

E= bEs+ (1 b)E\/+ aEgr (1)

We discretizethe enegy function at the verticesof our
meshx; andusegradientdescenfor minimization.In terms
of physics-basedeformablemodelsthis is equvalentto a
zero massdynamic system.The deformationof the mesh
verticesis thengivenby Equation2.

dx _ dE _

b—+(1 b)—+a— 2

dE dEs dEy . _dEg
dt dx dx; dx; dx,

Stereomatching energy term

In stereomatchingwe usea direct searchfor stereocorre-
spondencédetweenimages.For eachmeshvertex we rst
determinethe key view with the greatessurfacevisibility
accordingo the camerawith the closestviewpointto thedi-
rectionof the vertex normal. We thenrecover the disparity
in eachsteregpair thatusesthekey view. Herewe male the
simplifying assumptiorof a fronto-parallelsurfaceat each
vertex and usearea-basedormalizedcross-correlatiore-
tweenrecti ed cameraimages’. For eachoffsetimagein
eachsteregpairwe locatethe sub-pixel matchto thekey im-
agewith the highestcorrelationscore. We de ne the search
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Offset Offset

\Key

Figure 1: Steeo matding betweenkey and offset views,
showingthe seach region along eac epipolar line allow-
ing for off-axis matdeswith inexactcamea calibration.

rangealongthe epipolarline in eachrecti ed offsetimage
accordingto the expectederror in the shapeof the mesh.
We alsomatchup to a speci ed pixel errorperpendiculato
eachepipolarline accordingo the expectedaccurag of the
camerecalibrationasillustratedin Figurel.

For eachvertex we derive a sub-pixel correspondence
in eachoffsetimageanda reconstructe@D position. The
stereoenegy term at eachvertex, Eg(X;), is de ned asthe
squarederror betweenthe vertex position and the recon-
structed3D positionz. . for eachoffsetcamerac. We there-
fore seeka least-squarerror t to the matchedvertex po-
sitionsacrossthe whole mesh,asgivenin Equation4. The
enepy termis weightedaccordingo thequality of thestereo
matchesasgivenby thecorrelationscorew;.c 2 [0; 1], Equa-
tion 3. This enablesa trade-of betweentting stereodata
wheregoodmatchesreobtainedand tting silhouettedata
wherematchingis poot

1 n® 1
b(x) = < a Wic (3
1 c=0
o 1Mt
bEs= 8 ¢ & Wickz, xk’ @
i i c=0

In stereomatchingit is importantto accountfor self-
occlusionsto prevent incorrectmatchesbetweenoccluded
andvisible regions.We dealwith self-occlusiondy check-
ing the visibility of eachmeshvertex in eachcameraim-
ageandonly matchingbetweerunoccluded/iews. Herewe
usethe visibility algorithmintroducedby Debevec et al. 5
that useshardvare accelerateddpenGLrendering.To test
thevisibility in acamerathemeshis renderedo thecamera
viewpointwith auniquecolourID assignedo eachpolygon.

For eachfront-facingvertex we canthenretrieve thepolygon
atthe projectedocationin the cameraandcheckfor occlu-
sionagainsthepolygonin screerspaceln shapeoptimisa-
tion it is feasibleto obtainincorrectvisibility informationas
themeshdeforms We thereforeusea conserative visibility
check, rst by testingthe visibility of the deformedmesh,
thenby checkingthe visibility of the meshverticesagainst
potential occludingregionsin the visual-hull. The second
visibility checkis performedagainstthe back-faicing poly-
gonsof the visual-hull simply by usinga back-facerender
of thevisual-hullmeshin eachcameraview.

Silhouette matching enemgy term

Stereomatchingcanfail wheretextureis lackingin anim-
ageor wherethereis signi cant distortionin texturebetween
views dueto non-frontalsurfacesor occlusionboundaries.
Silhouettedatais thereforeincorporatedoy tting thevolu-
metricvisual-hullasobtainedn section3.1 Thevisual-hull
enepgy term,Ey (), is de ned asthesquarederrorbetween
the vertex positionandthe closestvoxel on the visual-hull

Y-

Ev=4&( bx)ky xk° ©)

Shaperegularisation energy term

Thestandarapproachio shapeaegularisatioris to treatade-
formablemodelasa thin-platematerialundertension.Here
we usemembraneensionfor regularisationThemembrane
functionalfor Er acrossa parameterisedurfacex(u;Vv) is
givenin Equation6 andthevariationalderivative is givenby
the Laplacian4 (x). Underthe simplifying assumptiorof a
regular meshparameterisatiorthe laplacianat a meshver
tex is givenby the“umbrella-operator’in Equation7 where
theindex v spanghe 1-neighbourhood;.,, of avertex x; 1.
Theumbrellaoperatompulls verticestowardsthe centroidof
the 1-neighbourhoodntuitively therole of regularisations
to maintainasmooth evenparameterisatioaf themeshsur
faceduringdeformation.

zZZ
Er= kx, k2 + kx,k? dudv (6)
dE A
o= G %) )
21 1 v=0

Coarse-to- ne matching

The shapeoptimisationprocesss performedn 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 the closestvisual-hull point for eachmeshver-
tex. We thenupdatevertex locationsto minimize the enegy
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function. Theexpectederroris successiely reducecandthe
modelagaindeformedto minimize the enegy. The corver-
gencecriteria at eacherrorlevel is setto the error estimate
multiplied by the error reductionfactorandthe steplength
in steepestlescentOptimisationis stoppedwvhenthe error
level reacheghereconstructioraccurag of the cameraset-
up. Theadwantageof the coarse-to- nematchingandmodel
deformationis thatit allows the scenemeshto corvergeto a
solutionin the presencef noisy stereodata,increasinghe
rangeof corvergencecomparedo local optimisationtech-
niquese.

4. View DependentRendering

Surface optimisationprovides the meansto deforman es-
timatedscenegeometryto satisfy stereomatchingbetween
views in a multiple cameraset-up.The framework incorpo-
ratessilhouettedatawhere stereomatchesare poor or not
possibledueto occlusionand usesshaperegularisationto
controlthemodeldeformationTheresultprovidessub-piel
accurateimage correspondenceven with inexact camera
calibrationin highly textured regions wherethe alignment
of imagesis importantin renderingnovel views. For shape
from silhouetteandstereocorrespondencthis imagecorre-
spondencés found by projectingthe verticesof the surface
meshinto theimages.

In view dependentenderingwe make useof this image
correspondenct® rendervirtual views of the 3D sceneln
orderto smoothlyblendbetweerthe cameramagesin ren-
dering,we adopta view-dependentertex weightingaspro-
posedby Pulli etal. 21, Theweightfor vertex i with respect
to camerac consistof two components, ¢ = | il;cl ,zc The

rst componentde nes the visibility of the vertex in each
camera| ,1c = cog(q), whereq is theanglebetweerthever-
tex normalandthevectorfrom thevertex to thecameraThe
secondcomponentle nesthe proximity of thevirtual view
to eachcamera) ,Zc = cogf), wheref istheanglebetween
thevectorfrom thevertex to the cameraandthevectorfrom
the vertex to the virtual cameraThe meshis texturedfrom
the cameraviews on a perpolygonbasisand separatever-
tex weightsfor eachpolygon p arederived by only taking
the weightsfor the views in which all polygonverticesare
matchedlIn the presencef occlusionssomepolygonswill
notnecessarilhave verticesthatareall matchedn onecam-
eraview andsowill containno texture. We thereforealso
derive vertex coloursin orderto colourpolygonsthatcannot
betextured.Vertex coloursarecalculatedastheweightedav-
erageof the matchedcameramagepixels accordingto the
vertex weightl j:c.

Thevirtual view is generatedisinghardwareaccelerated
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, blendingreplaceghe colour
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(a) Visual-hull

(b) Mergedstereo (c) Optimisation

Figure 2: Comparisorof shapereconstruction.

renderedmeshand subsequenpassesadd modulatedtex-
ture.

5. Results
5.1. Scenereconstruction

Surfaceoptimisationis rst comparedwith shapefrom sil-

houetteandstereovision for geometricreconstructiorfrom

multiple cameraviews. Herethevisual-hullis usedasanini-

tial estimateof surfacegeometryandsmoothedo obtaina
smoothregularisationtermfrom the suriaceshape The sur

facemeshis then optimisedstartingat an initial expected
errorof 15cmand nishing ata 1cmerrorin optimisation.
Figure2 shavsthereconstructedcenegeometryin compar

ison to the visual-hull andthe surfacederived by meming

multiple stereodepth-mapsBoth stereoreconstructiorand
surfaceoptimisationdemonstrat@ similar geometryandan

improved shapein comparisorwith the visual-hull. With a
lack of imagetexture stereacorrespondenceanfail, leading
to noisy surface estimatesand missing sectionsof geome-
try. Combiningsilhouetteand stereodatademonstratesn-

proved reconstructiorwherethesevisual ambiguitiesarise.
All techniquedail to reconstructhe detailedgeometryof

thefacedueto alack of resolutionin thevideoimages.

5.2. View-dependentrendering

Currenttechniquedor view generatiorrely on renderinga
novel view usingreconstructedcenggeometryundertheas-
sumptionthatthe scenemodelis in correspondendeetween
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views. Errorsin correspondenceanariseeitherdueto in-
accuraciesn reconstructioror inexact cameracalibration.
This becomesapparentas a misalignmentand blurring of
texturein renderingThesurfaceoptimisationtechniquepro-

videssub-piel accurateorrespondender view-dependent

rendering.

Figure3 shavs anovel viewpoint, mid-way betweentwo
camerasn the studio, Figure 3(a),(b),demonstratingiew-
interpolationbetweenthe pair of camerasThe visual-hull,
Figure 3(c) shavs the blurring effect with incorrectgeom-
etry. The melgedstereo Figure 3(d), shavs improved reso-
lution but suffersfrom missingandincorrectsectionsf ge-
ometry Figure3(e) shavs theoptimisedsurfaceanddemon-
stratesthe highestresolutionwith the recovered sub-piel
correspondence.

Figure4 shavs asequencef renderedriews from amul-
tiple view videosequenceThevirtual viewpoint movesinto
andpansaroundthe dynamicscene.This demonstratethe

e xibility in viewpoint control thatis given by the 3D de-
scription of the scene.The virtual-views approachthe res-
olution of the original cameraimagesandthe dynamicap-
pearance®f the clothingwrinkles producesa video-realistic

result.Movie sequenceémoviel, movie2) canbeviewedat
1

5.3. Model-basedreconstruction

So far we have followed the object-centredapproachto
sceneaeconstructionysingthe visual-hullasarobustinitial
estimateof the scenggeometryandoptimisingthegeometry
to matchbothsilhouetteandstereadata. Thisframework can
alsobe appliedto updatea prior modelof the scenegeom-
etry. Figure5 shavs a humanoidcomputergraphicsmodel
that hasbeenposedandthe surfaceoptimisedto matchan
actorin a studio.Previousresearch#® hasintroduceda man-
ualtechniqueto posea modelanda shaperegularisationen-
ergy termto presere prior modelshape.

Therearetwo adwantagego the model-basedpproach.
Firstly a modelcanprovide prior shapenformationto con-
strain reconstructionin the presenceof visual ambiguities
suchasself occlusionor lack of imagetexture. Secondlya
modelprovidesa consistenstructureto capturea dynamic
sequenceThis structurecanbe instrumentedor animation
asshavnin Figure5(a) sothatthemodelcanbecontrolledto
synthesisaean content.lt also ts in with currentcomputer
graphicgproductionrmethodsandopensupthepossibilityfor
the productionof video-realisticcomputergraphicsmodels.
The currentdrawvbackof this approacho scenereconstruc-
tion is therequirementor the manualposingof a modelto
matchan actor in multiple cameraviews. This would be-
comeanimpossibletaskfor a lengthysequencesshov in
Figure4.

cso ]

(a) Skeleton  (b) Model (c) Renderedriew

Figure5: Modelbasedreconstructiorandrendering

6. Summary and Conclusions

In this paperwe have presented techniquefor mesh-based
multiple view stereo Estimatedsuriacegeometryis updated
to matchavailablesterecandsilhouettedataasa deformable
mesh model. Optimisation of the meshis performedin
a coarse-to- neframavork in which the searchrangefor
stereomatchesis gradually reducedto the calibrationac-
curay of the camerasystem,enablingcorvergencein the
presencef noisystereadata.Resultsdemonstratémproved
reconstructiorcomparedo shapefrom silhouetteandcom-
parablereconstructiorio shape€rom stereccorrespondence.
Improved reconstructionis obtainedby combiningsilhou-
ette and stereodatain the presenceof visual ambiguities
suchaslack of imagetexture or occlusionboundariesThe
techniquealsodemonstratesnproved resolutionin render
ing virtual views throughthe derivation of sub-pixel image
correspondenceven with inexact cameracalibration. This
techniquefor reconstructiorenableghe synthesif virtual
views of a personmoving in a multiple camerastudio. This
canbeappliedfor anobject-centre@pproacho reconstruc-
tion allowing for arbitrarydynamiccontentin thesceneor a
model-basedpproacHor theproductionof avideo-realistic
computemgraphicsmodelof a person.
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(a) Cameramage (b) Cameramage (c)Visual-hull (d) Mergedstereo (e)Surfaceoptimisation

Figure 3: Renderinga virtual view mid-waybetweertwo camens.

Figure 4: Sequencesf virtual viewsfor multiple framesshowinga view that movesinto and pansarounda dynamicscene
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