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Abstract

This paperpresentsa framavork to reconstructa scene
capturedin multiple camen views basedon a prior model
of the scenegeometry The framework is applied to the
captute of animatedmodelsof people A multiple camen
studiois usedto simultaneouslycaptuie a moving person
from multiple viewpoints. A humanoidcomputergraphics
modelis animatedto matd the poseat ead time frame
Constainedoptimisationis thenusedto recover the multi-
ple view correspondenc&omsilhouette steleoandfeature
cues,updatingthe geometryand appeaanceof the model.

Thekey contribution of this paperis a model-basedom-
putervisionframavork for the reconstructiorof shapeand
appeaancefrom multiple views. Thisis compaedto cur-
rent model-fee approacesfor multiple view scenecap-
ture. The technique demonstatesimproved scenerecon-
structionin the presencef visualambiguitiesand provides
the meansto captule a dynamicscenewith a consistent
modelthat is instrumentedvith an animationstructuse to
editthe scenedynamicsor to synthesis@ew content.

1. Intr oduction

The challengeof achiesing computergeneratedscenes
that are visually indistinguishablefrom the real world is
leadingto anincreasinguse of real-world obsenationsto
createand animatemodelsin computergraphics. This is
demonstratethy the wide spreaduseof 3D scanningech-
niguesto reconstructdetailedcharactermodelsfrom clay
maguettesand the useof marker basedmotion captureto
producebelievable movementin characteranimation. An
exciting new areaof researcHies in capturingdynamic3D
modelsfrom realworld eventsusingmultiple camerasThis
hasthe potentialto allow for the rapid creationof 3D con-
tent with the visual realismof corventionalvideo, unen-
cumberedy therestricteccaptureervironmentof 3D scan-
ning systemsandthe invasive useof markersrequiredfor
motiontracking.

Three-dimensiongiroductiorfrom multiple view video,
or 3D video,was rst popularisey Kanadeet. al. [9, 15]
who coinedthe term “Virtualized Reality”. Corventional
video providesonly a 2D view of a scenein a linearform
de ned by adirector Presentinganeventin 3D allows vi-
sualisationin the sameway asvirtual reality, providing an
immersive 3D experience. Systemsfor multiple view re-
constructiorhave beendeveloped9, 14, 21] andappliedto
reconstrucsequencesf moving people.Thesetechniques
make no assumptionsn the structureof the capturedscene
and producea new scenemodel for eachframe of a se-
guence.The advantageof this approachs thatthereareno
restrictionson the dynamiccontentof the scene.The dis-
adwantagds thatthe structureof the sceneis not consistent
overtime andreconstructions notrobustto visualambigu-
ities. Inconsistencies the modelsat differenttime frames
becomeapparentvhenviewedasa sequenceThereis also
no consistenstructureto edit or reusethe dynamiccontent
limiting thetechniquedo replayingthe capturecavent.

In this paperwe introducemodel-basedeconstruction
of peopleusinga genericmodelof humanshapeandkine-
maticstructure Thisapproaclenablesanatomicallycorrect
estimationof whole-bodyshapeandimposesa consistent
structurefor sequencesf reconstructedhodelsof amoving
person. The model-basedpproachprovides prior knowl-
edgeof humanshapeo overcomevisualambiguitiesnher
entin multiple view reconstructionReconstructioof mod-
elswith acommonunderlyingstructureprovidestemporal
correspondencbetweenmodelsfor a dynamicsequence.
The useof a modelanimationstructureallows for reuseof
capturedmodelsto synthesisenew dynamiceventsor the
editingof thedynamiccontentof a capturedsequence.

A novel model-basedeconstructioralgorithmis intro-
ducedto optimisethetriangulatedsurfacemeshof ageneric
humanoidnodelto simultaneouslynatchstereosilhouette,
andfeaturedataacrossmultiple views. Stereocorrespon-
denceis usedto optimisesurfaceshapeto sub-pixel accu-
racy for recovery of colourtexture. The shapeof themodel
is usedto constrairthesearcHor stereccorrespondenda a
coarse-to- neframavork thatenableshaperecovery from



noisy stereodata. Multiple shapecuesareincorporatedn

theframework to complementhestereadatawhich canfail

in regionsof poorimagetexture andocclusionboundaries.
Thesurfacemeshistreatedasashapeconstrainedurfaceto

regulariseoptimisationandpresere the surfaceparameter
isationwith respecto kinematicstructure.Preseration of

surfaceparameterisatiois importantfor subsequerdnima-
tion usingthe prede nedkinematicstructureof the model.
A shapeconstraintis presentedor an arbitrary triangu-
lar mesh,a commonrepresentatiomisedto modelsurface
shapein computergraphics. The resulting surfacemodel
is optimisedto sub-pi>el accurag and constrainedy the

generichumanoidshapewherevisualambiguitiesarisebe-

tweenmultiple cameraviews.

2. Related Work

Acquisition of visually realistic modelsof objectsand
scenesfrom imageshas been a long standing problem
in computervision and computergraphics. This hasre-
sultedin formulationof the projective geometryfor recon-
structionof shapefrom multiple view imagesof unknawvn
scenes. Commontechniquesfor shapereconstructionn-
clude: voxel carving from imagesilhouetteso obtainthe
maximalboundingvolumeor visual hull for a given setof
segmentedforegroundimages[11]; photo-consistencbe-
tweenviews which reconstructshe maximalvolumeinside
the visual hull which is consistentwith the obsened im-
agecolouror photohull [18, 10]; andmultiple view stereo
[9, 15] wherelocal surfaceappearancés usedto estimate
correspondenceetweerviews.

Previous researchhas achieved reconstructionof 3D
shapeappearancandmovementof a persorfrom multiple
view video sequencessingimagesilhouetteg14], photo-
consisteng [21] and stereo[9]. Thesetechniquesecon-
structa sequencef independensurfacerepresentationesf
apersonwhich arethentexturedto achieve realisticappear
ance. However, dueto the inherentvisual ambiguity such
techniquesnayfail to accuratelyreconstructomplex self-
occludingobjectswith areaof limited surfacetexture such
aspeople.Object-centredindmodel-basetechniquedave
beenintroducedo overcomevisualambiguitiesby making
useof approximatescenggeometryto constrairreconstruc-
tion.

Object-centredurfacereconstructiomasintroducedy
FuaandLeclerc[5] in whichaninitial surfacemodelis de-
rived from stereodataandthenoptimisedto matchstereo
andshadingcuesbetweenimages,accountingfor geomet-
ric distortionsandocclusionsetweerviews. Vedulaet. al.
[22] proposeda model-enhancedtereosystemwhere an
initial reconstructedcenamodelis usedto re ne thesearch
rangefor stereocorrespondence® improve stereomatches
for reconstructionFaugerasndKeriven[4] presentavolu-

metricreconstructiortechniqueposedin alevel-setframe-
work wherethe estimatedscenegeometryfrom the evolv-

ing surfaceof thelevel-setis usedto accountfor geometric
distortionsand occlusionsbetweencameraviews. These
techniquesnake useof reconstructedgeometryto improve

the estimationof imagecorrespondence-dowever they re-

mainsusceptibldo problemssuchaslack of imagetexture
thatmakescorrespondencambiguous.

Model-basedtechniquesuse prior knowledge of the
sceneggeometryto constrainshaperecovery in the presence
of visualambiguitiesandcanreducethein uence of noisy;
sparseor outlier datain shapeestimation. Debevecet. al.
[2] describea model-basedtereosystem,in which manu-
ally de ned planarsectionsof architecturakcenesreused
to recover densegeometricdetail from stereo. Kakadiaris
and Metaxas[8] infer a sgmentedbody modelfor a per
son from the deformingcontourof imagesilhouettesand
construct3D shapeof body partsfrom orthogonalviews.
Hilton et. al. [7] presentmodel-baseghapdrom silhouette
to recover whole-bodymodelsof people.PlankersandFua
[16] adopta modelconsistingof implicit volumeprimitives
to recover the grossupperbody shapeand posefrom both
sterecandsilhouettedata.

In this papera model-basedechniquefor reconstruction
is introducedthat recoversthe shapeof a whole-bodyan-
imatedhumanmodel. The model-basedramawvork inte-
gratesshapdanformationfrom silhouette sterecandfeature
cuesacrosanultiple views andusesprior knowledgeof hu-
manshapein the modelto constrainshaperecovery. This
new model-basedpproachprovidesthe integrationof dif-
ferentvisual cuesin a coarse-to- neoptimisationwith the
useof anovel local shapeconstraintfor arbitrarytriangular
surfacemeshesThisis the rst exampleof a model-based
framawork integratingmultiple visual cuesfor whole-body
humanmodellingin anarbitrarypose.

3. Model-BasedReconstruction

The model-basedpproachto scenereconstructiorin-
troducedin this papertakes a genericanimatedhumanoid
model and matchesit to available shape,appearancand
featuredata. The genericmodelis rst registeredwith
the imagesusing a sparseset of manuallyde ned feature
points. The shapeof the modelis thenoptimisedto match
theimagesin a coarse-to- ne,model-basedramework, in
which the modelshapeis usedto constrainandregularise
themultiple view reconstructioprocessThemodelis then
texturedto generatea nal representatiothatmatcheghe
shapeandappearanci the multiple view images.

Thegenericmodelusedin this work consistof asingle
seamlessneshde ning the surfaceshapeof the body; con-
nectedo a skeletonstructurefor animation.Themeshcon-
tains8000polygonsandthe skeletonl17 articulatedjoints,



providing the grossshapeandposeof the humanbody. A
singletexture mapis generatedor the genericmodelpro-
viding anintuitive representatioof appearanceéatcanbe
easilyedited.A vertex weightingschemas usedfor model
animation.

3.1 Data acquisition

A multiple camerastudiois usedfor dataacquisition.A
backdropis usedfor foregroundsegmentationand diffuse
light sourcesare usedto provide an even ambientlighting
ervironment. The studio contains9 camerasg8 of which
form 4 stereopairsthat are positionedto give 36(° cover-
ageof the subjectat the centreof the studiowith 1 camera
placedoverheado increasehe intersectionanglebetween
views for shapefrom silhouette. Oneadditionalcameras
also placedto provide a viewpoint for comparisonandis
not usedin reconstructioror texturerecovery. Sory DXC-
9100P 3-CCD colour camerasare used, providing PAL-
resolutionprogressie scanimages. Intrinsic and extrinsic
camergarameterarecalibratedusingthe CamereCalibra-
tion Toolboxfor Matlabfrom MRL-Intel [1].

3.2 Model Registration

The genericmodelis alignedwith the subjectin the stu-
dio usinga manualinterface. A user rst de nes a setof
featurepoints consistingof skeletonjoints and meshver-
ticesonthe model. The correspondingmagelocationsare
then selectedon the capturedimagesand the 3D feature
locationsare reconstructedrom the multiple views. The
skeletonposeanddimensionsare nally updatedo register
themodelwith thefeaturesaligningthemodelwith theim-
ages Featuregointsaretypically speci edatthearticulated
joints andthefacialde nition pointssuchastheeyes,ears,
noseandmouth.

The alignmentprocessis performedin a least-squares
framewnork widely usedin humanposeestimatior[19]. The
genericmodelis parameterisedvith 6 degreesof freedom
(DOF) for global position and orientation,9 DOF for the
skeletalbone-lengthswith left andright-sidesconstrained
to be symmetric,and 25 DOF for the articulation of the
skeletaljoints [19]. Thesemodel parameters, , are esti-
matedio minimizethesquaredrrorbetweerthemodelfea-
tures,x; ( ), andthe reconstructednanuallyde ned fea-
turelocations o .

X
argmin ko
f

x; ()K? 1)

The problemis non-linear requiringcloseinitial values
for corvergenceo thecorrectsolution[19]. Theposeof the
modelis thereforanitialisedusingananalyticalsolutionfor
thepositionandorientationof thetrunk giventhelocations

of thehip andshouldeijoints, andananalyticalsolutionfor
thelimb rotationsgiventhreejoint locationson eachlimb,
suchasthe hip, kneeandankle. The modelparametersire
thenoptimisedusinganiterative bound-constrainedolver,
allowing for inclusionof constraintson joint rotationsand
bone-length$19].

3.3 Multiple View ShapeReconstruction

Oncethe genericmodelis alignedto matchthe subject
in the studio,the shapeof the modelis optimisedto satisfy
the appearance eachof the capturedmages.The objec-
tive functionfor optimisationis formulatedwith threedata
terms thecostof tting to silhouettedataEy , tting stereo
dataEs and tting the featuresEg, anda regularisation
term Er acrossthe surfaceof the modelgovernedby the
factor . Thefunctionis discretizedat the verticesof the
meshx, , andenegy minimizationis performedusinggra-
dientdescent.The deformationof the modelmeshis then
givenby:

E=Ev+Es+Er+ Er (2
dé\/ - d_E - dE\/ + dEs + dEF + dER
dt dx, dx, dx, dx, dx,
3

Eachdata tting termin the objective function is de-
ned in termsof a squared3D error betweenthe vertex
location and the correspondingeconstructed/ertex posi-
tion from the data,giving a least-squaresolutionin data
tting. Gradient-descenbptimisationis performedin a
model-basedtoarseto ne fashion. Optimisationstartsat
thecoarsestesolutioncorrespondingo theinitial expected
errorin the shapeof the model,andvertex positionsarere-
constructedor the stereo silhouetteandfeaturedataup to
theexpectederrorin theshape Themodelverticesarethen
deformedby gradient-descernb matchthe data.Optimisa-
tion anddatareconstructions thenscheduledo progresgo
ner levelsof resolution,and nishes at the reconstruction
accurag of the cameras.The advantageof this coarse-to-
ne model-base@pproachs thatthe reconstructedertex
locationsareiteratively updatedasthe modeldeforms,al-
lowing the reconstructedrertex positionsto corvergeto a
solutionin thepresencef noisydataandincorrectmatches.

3.3.1 Model-basedstereo

Stereomatchingis usedbetweercameramagesto provide
theshapealatathatalignstheappearancin theimages.The
stereoenepgy termis de ned asthe squarecerror between
a vertex andthe reconstructedocation obtainedby stereo
matchingbetweeradjacentamerasn thestudio.A model-
basedapproacho stereois adoptedin which the shapeof
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Figure 1. Stereomatchingbetweerakey view for aver
tex andadjacentamerasshaving the searchregion along
eachepipolarline in adjacenwiews.

themodelis usedto constrainthe searchrangefor matches
betweercameras.

For eachmeshvertex we rst determinethe key view
with the greatessurfacevisibility accordingto the camera
with thecloseswiewpointto thedirectionof thevertex nor-
mal. We thenrecover the disparity in eachcameraadija-
centto the key view that forms a stereopair asillustrated
in Figurel. Herewe malke the simplifying assumptiorof
a fronto-parallelsurface at eachvertex and match along
epipolarlinesin recti ed cameraimages[6]. The search
rangealongan epipolarline is de ned by the expecteder-
ror in thepositionof the modelvertex, andthesearchrange
perpendiculaito an epipolarline is de ned by the maxi-
mum reprojectionaccurag of the cameras.We usea nor-
malisedcross-correlatiomatchingscoreto allow for alin-
earchangen intensitybetweerimageswith non-lambertian
surfacesor inexactintensitymatchedcameras.

For eachvertex we obtain a reconstructedD position
from the disparityin eachcamerec thatformsa steregpair
with the key view. We de ne our stereomatchingenegy
termat eachvertex asthe squarecerror betweerthe vertex
positionandeachof thereconstructe®D positionsz, .. as
follows:

E s = oy ka C lv k2 (4)

dEs 1 X‘*

dlv ) I’]S c=0

It is importantto accountfor occlusionin stereomatch-
ing to remove unfeasiblematchesbetweenoccludedre-
gions. Stereomatchingis thereforeonly performedbe-
tweencameramagesn whichavertex is unoccludedHere

ZV;C

Xy ©)

we usethe visibility algorithmintroducedby Debevec et.
al. to determinevertex visibility [3]. Hardware acceler
atedOpenGLrenderings usedto renderthe modelto each
cameraview with meshpolygonscolourcodedfor identi -
cation. A vertex is thende ned asvisible in acameraview
if it is unoccludedy therenderegolygonat the projected
locationin the camera.

3.3.2 Shapefrom silhouette

Thevisual-hullgivesa robustshapeestimatecomplement-
ing the stereodatathat can be noisy whereimagetexture
is lacking or wherethereis a signi cant distortionin ap-
pearancédetweerimages.Herewe useavolumetricvoxel-
carvingtechniqueto generatehe visual-hullfrom the sey-
mentedimagesilhouettes. The capturevolumeis divided
into a discreteset of voxel elementsat a 1cm resolution.
All voxels that project outsidethe foregroundsilhouettes
arethencaned,leaving the visual-hull. The surfacevoxels
areextractedasthe setof foregroundelementswith oneor
morefacesconnectedo a backgroundroxel.

The visual-hull data tting term Ey is de ned asthe
squarecerror betweeneachvertex positionandthe closest
surfaceelementonthevisualhully .

X

Bz ky, xK 6)
\

dEy _

dé - X\/ XV (7)

v

3.3.3 Surfacefeature matching

In modelregistration,exactfeaturelocationsarede ned for

the model. In tting we seekto satisfy theseconstraints
on the shapeof the model. The feature tting termEg is

de ned asthe squarederror betweeneachvertex position

andthefeaturecorrespondencir thevertex, o, .

X
Er = ko, x/k? (8)
dEF _

ax (o, x) ©)

Here we usesparsedatainterpolationwith radial basis
functionsto generatghe 3D errorterm, (o,  x,,), atthe
verticeswhereno featurecorrespondenck is de ned. The
interpolatederror term is given by Equation10 usingthe
the 3D thin-platesplinefunction ¢ (x) = kx  x; k3. The
interpolationincludesanexplicit af ne basisR;t toaccount
for ary globalerrorterms. Theparameters; areobtained
by the solutionto thelinearsystemgivenin Equationll,in
termsof theknown errortermsatthede ned featurepoints,
underanadditionalsetof constraintghatremove the af ne
contrikution from theradialbasisfunctions,Equation12.
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Figure 2. Local parameterizatiomf triangle verticesin
termsof barycentriaccoordinatesndheightin theframede-
ned by theverticesedge-connectew thetriangle.
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3.3.4 Shaperegularisation

The internal enegy of the modelis designedto presere
the prior shapdnformationof thegenericmodelin orderto
regulariseshapetting in the presencef noisyor irregular
data. Regularisationenengy, Er, is de ned asthe squared
errorbetweeneachvertex andthereconstructegositionof
the genericvertex locationin termsof a local parameteri-
zationthatis invariantto positionandorientation.Herewe
adopta polygon basedparameterizatiothat can describe
thelocalshapeonanirregulartriangularmesh19]. Thislo-
cal shapeconstraintpreseresthelocal parameterisatioof
the surfacemeshandhencethe animationstructurefor the
surfacein relationto the underlyingskeletal control struc-
ture.

A vertex on a triangle can be de ned in termsof the
barycentriccoordinatesn a local coordinateframe given
by the verticesedge-connectetb the triangle, asdepicted
in Figure2. A vertex positioncanthenbereconstructedh
eachof the local framesfor the trianglessharingthe ver
tex. The error metric for regularisationis de ned asthe
squarederror betweenthe vertex location and the recon-
structedlocationin eachlocal frame, Equation13, where
( vj; v;jhyj) arethebarycentriccoordinateg ; ) and
heightoffseth in thej " triangle-basedramefor a vertex
with valenceN, onthegenericmodel.

X X

1
Er = — kx( Vi Vi ;hV;j) lvkz (13)
\ NV j
dEr 1 X
dﬁv = N_v (x( Vi Vi §hv:j ) lv) (14)

i

3.4. Texture Recovery

For texture recovery eachpolygonin the modelis 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 polygonis not textured from a
cameraview for which it is occluded[3]. For eachcam-
eraimagein turn the modeltextureis recoveredfor all the
visible polygons. Stereocorrespondencbetweencamera
imagesin optimisationprovides sub-pixel accurateimage
locationsfor the modelvertices.Textureresamplings per
formedhereusingOpenGLrenderingto the modeltexture
from acameramage.Thetexturesderivedfrom eachcam-
eraarethencompositedntothe singletexture mapfor the
model using image maskscorrespondingo the polygons
selectedor texturing from eachcamera.Texture blending
is requiredto ensurea smoothtransitionbetweerregionsof
texture recoveredfrom differentcameraimages.Blending
is performedusing a multi-resolutionspline[12] ensuring
thatthe extent of blendingbetweenmagescorrespondso
the spatialfrequeng of theimagefeatures.

4. Resultsand Discussion
4.1 Shapereconstruction

Model-basedcenaeconstructiorns rst comparedvith
currentmodel-fregtechniquesncluding shape&rom silhou-
ette[14], voxel colouring[21], andstereovision [9]. The
visual-hullis derivedusingavolumetricvoxel carvingtech-
nigue asdescribein section3.3.2. Colour carvingis per
formed using the Voxel-Coloringalgorithm [18] with the
exceptionthat RGB colourvaluesarenormaliseddy inten-
sity in testingcolourconsisteng to allow for intensityvari-
ationsbetweenviewpointswith non-lambertiarsurfacesin
the scene. A triangular surface model is generatedrom
the volume representatiorthrough iso-surfice extraction.
Stereodepth-mapsare derived from camerapairs using a
maximal surfacetechnique[20] with the addedconstraint
thatthe searctrangefor disparityis restrictedto lie within
thevisual-hull,remaving outliersin stereacorrespondence.
Multiple depthmapsarefusedinto a single suriacemodel
usingvolumetricfusionandiso-surficeextraction[15].

Figure 3 shows the reconstructedjeometryfor several
capturedrames. The visual-hull providesa goodestimate
of shapeasthe humanbody hasfew concaities. Inaccu-
raciestendto arisewherethereis self-occlusiorwith artic-
ulation of the limbs leadingto extraneoussectionsin the
reconstructed/olume. Colour carving providesonly lim-
ited improvementon shapedueto the quality of reconstruc-
tion from silhouettesandthe consistentolouracrossamary



sectionsof the body. Stereovision providesa noisy esti-
mateof shapedueto theinherentambiguityin establishing
stereacorrespondencacrossuniformregionsof colourtex-
tureonthe body. The model-basedechniqguedemonstrates
improved shaperecovery, integrating silhouetteand stereo
data,andmakinguseof prior knowledgeto regulariseshape
wheredatais ambiguous.The disadwantagehereis thatthe
prior shapeof themodelconstrainghesetof feasibleshapes
thatcanberecoveredandthedetailedgeometryatthehands
andthehairis missing.

4.2 View generation

The goalof multiple view scenecaptureis not necessar
ily accuratesurfacereconstructioninsteadt canbethegen-
erationof visually realisticvirtual views. View-dependent
renderingtechniqueshave beendeveloped[3, 13, 17] to
synthesiseealisticviews with only approximatescenege-
ometry We thereforecompareahereconstructednodelsfor
the synthesiof a virtual view. View-dependentendering
is performedby texturing the modelsfrom the cameram-
agesadjacento thevirtual view. A view-dependenvertex
weighting[17] is usedthatfavourstheclosestameraviews
to smoothlyblend betweenthe texture derived from each
camera.Multi-passtexturing is usedto blendtheweighted
texture derived for eachcameraimagein renderingto the
virtual view.

Figure 4 shaws view-dependentenderingto the tenth
cameraimagenot usedin reconstructiorfor the geometry
shavn in Figure 3. This camerais placedequidistantbe-
tweentwo adjacenttereopairsin the studio. The triangu-
lated surfacesfor the visual-hull and voxel-colouringgen-
eratea “blocky” renderedview. This arisesdueto the dis-
cretenatureof the surfacenormalsleadingto non-smooth
view-dependentveighting of texture. The surfaceof the
voxel-colouredvolumeis alsonoisywhichfurtherdegrades
thevisual-qualityof therenderedview. The memgedstereo
depth-mapsgprovide animprovedresultdueto the smooth
natureof the memed surface geometry However, visual
artifactsare apparentwhere stereomatchingfails leading
to missingregionsof the geometry The model-basedyp-
proachprovidesa completesurfacemodelthatcanbe used
to interpolatethe cameraviews in view-dependentender
ing anddemonstrategmproved visual quality in compari-
sonwith themodel-freetechniques.

4.3 Motion editing and synthesis

One of the advantageof the model-basedpproachs
thatwe arefreeto instrumentthe modelwith ananimation
structureto control the capturedscenedynamics. An ex-
ampleis givenin which a seriesof modelsis constructed
with texturefor a sequencén which a subjectumpsin the

Figure 5. Synthesisof new motions,shaving the recon-
structedandtexture-mappediumanmodelon the left with
threenovel poses.

air. Themotionof thelimbs arethenretagetedto different
locationsusinginversekinematicsandthe modelsrendered
asshawn in Figure 6. We also demonstrateghat models
capturedfrom a single frame can subsequentlype usedto

synthesiseen motionsequenceasshavn in Figure5.

5. Conclusions

In this paperwe have presenteéd.model-basetechnique
for multiple view scenereconstruction. A humanoidcom-
puter graphicsmodelis usedto reconstructstatic frames
anddynamicsequencesf peoplein a multiple camerastu-
dio. Themodelis animatedo matchthe poseof a subject
at eachtime frame. The modelshapeis thenoptimisedin
aregularisedcoarse-to- nestereoframewnork in which the
searctrangefor stereomatcheds graduallyreducedo the
calibrationaccuray of thecamerasystemgnablingcornver
gencen thepresencef noisystereadata. Themodel-based
framawork incorporatesilhouetteandfeaturecuesto com-
plementthe stereodata. Regularisationis performedusing
a local constraintthat preseresthe shapeand parameter
isation of the surfacemeshof the model. This approach
providesimprovedshapereconstructiowhencomparedo
model-fregtechniquesn the presencef visualambiguities
by makinguseof prior shapenformationin themodeland
multiple shapecues.

Theprincipaldravbacksof thetechniquearetherequire-
mentfor manuallyde ned featurepointsin orderto pose
the model, and the restrictionon the contentof the scene
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(a) Cameramage (b) Visual-hull (c) Voxel-colouring (d) Mergedstereo (e)Model-based

Figure 3. Shapeeconstruction.

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

Figure 4. View-dependentenderingin comparisorto cameraview not usedin reconstruction.



Figure 6. Editingacapturedsequencétoprow) usingthe
animationstructureof the model(bottomrow).

imposedby the shapeof the genericmodel. This canhow-

ever form the basisto analyse edit or synthesisaew data
from a limited set of capturedframes. Model-free tech-
niquesfor multiple view reconstructiorallow the capture
of arbitraryscenes.A model-base@pproachprovidesthe

meango dealwith visualambiguitiesin scenereconstruc-
tion and providesa temporallyconsistenscenemodel for

analysisof dynamicsequences.
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