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Abstract

In model-basedfree-viewpoint video,adetailedrepresentation
of the time-varying geometryof a real-word sceneis used
to generaterenditionsof it from novel viewpoints. In this
paper, we presenta methodfor reconstructingsucha dynamic
geometrymodel of a human actor from multi-view video.
In a two-stepprocedure,�rst the spatio-temporallyconsistent
shapeandposesof a generichumanbodymodelareestimated
by meansof a silhouette-basedanalysis-by-synthesismethod.
In a secondstep,subtledetails in surfacegeometrythat are
speci�c to eachparticulartimesteparerecoveredby enforcing
a color-consistency criterion. By this means,we generate
a realistic representationof the time-varying geometryof a
moving personthat also reproducesthesedynamic surface
variations.

1 Intr oduction

In a free-viewpoint video, the 3D appearanceof a real-world
sceneis representedin sucha way that arti�cial renditionsof
the scenefrom arbitrary novel viewpoints can be generated.
To this end, model-basedfree-viewpoint video methods
employ explicit models of dynamic scene geometry and
dynamic surface texture. Typically, these dynamic scene
models are directly reconstructedfrom multi-view video
footage,or an a priori model is adaptedto matchthe scene
appearancein input imagedata. We have demonstratedthat
a model-basedalgorithm, which simultaneouslycapturesthe
shape,the motion and the texture of a moving personfrom
multi-view video,cangeneratehighly realisticfree-viewpoint
renditionsof humanactors[3]. In our original method,an
enhancedtexturing approachenabledus to create realistic
scenerenditionsalthoughonly approximatescenegeometry
wasavailablethat could not modelsubtletime-varying shape
details. To bridgethis gap,we presentin this papera method
that also reconstructsthesedynamicgeometrydetailson the
bodymodelfrom multi-view video.

To serve thispurpose,wehavedevelopeda two-stepalgorithm
thatmodi�es theposeandthesurfacegeometryof a template
humanbody model suchthat it matchesthe appearanceof a

humanactor in all time stepsof input video footage. In the
�rst step,a setof anthropomorphicshapeandposeparameters
are estimated via a silhouette-basedanalysis-by-synthesis
approachto obtain a spatio-temporallysilhouette-consistent
bodyrepresentation.In a secondstep,subtledynamicchanges
in surfacegeometrythat are not capturedby the silhouette-
consistentmodelarereconstructedvia color-consistency-based
meshdeformation.

2 RelatedWork

If convincing novel viewpoint renditionsof a dynamic real
world scene shall be generated,a representationof the
time-varying scenegeometryis required. Many approaches
have been proposedin the literature to reconstructsuch
representationsof arbitraryscenesfrom imageor video data.
Shape-from-silhouettemethodsreconstructthegeometryfrom
multi-view silhouette imagesor video streams. Examples
are image-based[12, 18] or polyhedral visual hull [11]
methods,aswell asapproachesperformingvoxel-based[13]
or point-based[6] reconstruction.Stereomethodshave also
beenappliedto reconstructandrenderdynamicscenes[19, 8].

If the moving subject in the sceneis a person, structural
knowledgeaboutthehumanbodycanbeexploitedto facilitate
shapereconstruction. In [1], laser rangescansof a human
torso and the arms are employed to reconstructa model of
body deformation. The posesof a kinematic skeleton are
measuredby meansof a marker-basedmotioncapturesystem.
In [17], amodelof surfacedeformationfor thecompletehuman
body is reconstructedby jointly employing a marker-based
motion capturemethodand multi-view silhouettematching.
Both approachesproducehighly detaileddeformablebodies,
but theircommitmentto amarker-basedmotioncapturesystem
makesit hardto usethemfor 3D videoreconstruction.

More similar to our methodis the work presentedin [15],
where a sophisticatedbody model comprising a kinematic
skeletonanda deformablesurfacegeometryis �tted to video
data. The work presentedin [7] is alsocloselyrelatedto our
approach. Here a procedurebasedon silhouette,stereoand
featurecorrespondenceinformationis described,which is able
to reconstructahumanmodelfrom multiplecameraviews.

In our work, we extend the approachpresentedin [3] such
that it alsocapturessubtletime-varying geometrydetailsin a
generichumanbodymodel.To this end,we do not only resort
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Figure1: Visualizationof theinterplayof theindividualprocessingstepsin ourapproach.

to multi-view silhouettematching,aswe have doneit before,
but alsomakeuseof acolor-consistency criterion. In principle,
subtlegeometryinaccuraciesin a silhouette-�ttedbodymodel
can be compensatedin renderedfree-viewpoint videos by
applyinga clever texture generationscheme.Nonetheless,it
canfurther improve thevisualquality of a 3D videoif a more
detailedgeometryrepresentationis availablethat capturesthe
time-varyingbodyshapemoreaccurately.

3 Overview

Fig. 1 illustratesthe algorithmicwork�o w betweenthe main
componentsin our approach. The systemexpectsmultiple
synchronizedvideo streams(so-calledmulti-view video or
MVV streams)of an arbitrarily moving person as input
(Sect. 4). Our scenerepresentationis basedon a generic
humanbody model that comprisesa triangle meshsurface
representationandanunderlyingkinematicskeleton(Sect.5).
We employ a two-stepprocedureto reproducethe shapeand
the poseof the actor in the real world at eachtime stepof
videowith ourbodymodel.

In the�rst step(Sect.6), we applya silhouette-basedanalysis-
by-synthesismethodto estimatethe correctbody poseof the
model at eachtime step of video. We also estimatebody
shapeparametersthatmake themodelgloballyconsistentwith
the person's silhouettesat each time step. Unfortunately,
this spatio-temporallyconsistentscenerepresentation(STC
representation)doesnotreproducesubtletime-varyingchanges
in thegeometryof thebodysurface.

We recover thesedynamicgeometryvariationsby computing
appropriatevertex displacementsfor eachtime stepof video
separately(Sect.7). To thisend,wejointly employ acolor- and
silhouette-consistency criterion to identify slightly inaccurate
surfaceregionsof thebodymodelwhicharethenappropriately
deformedby meansof aLaplacianinterpolation.

The output of our method is a dynamic scenemodel for

a moving human actor that also reproducestime-varying
geometryvariations(Sect.8).

4 Multi-view VideoRecording

The multi-view video (MVV) sequencesusedasinput to our
approacharerecordedin our multi-view studio. It enablesus
to captureanareaof approximately4x4x3mwith eightframe-
synchronizedvideocameras,which areplacedin a convergent
arrangementaroundthecenterof thescene.ImperxTM MDC-
1004 camerasare employed, featuring a 1004x1004CCD
sensoranddelivering25 fps. Thecamerasarecalibratedinto a
commoncoordinateframe. Color-consistency acrosscameras
is ensuredby applying a color-spacetransformationto each
camerastream.

For eachMVV sequencethatservesasinputto ourmethod,the
person�rst strikesan initialization posefor a shortmoment,
andthereafteris free to move arbitrarily. In a post-processing
step,thesilhouetteof thepersonin eachframeis extractedvia
color-basedbackgroundsubtraction.

5 An Adaptable Human Body Model

We employ a templatehumanbody model whoseshapeand
proportionscanbecustomizedin orderto optimally reproduce
the appearanceof a personin the real world (Fig. 3a). The
kinematicsof themodelarerepresentedby meansof askeleton
comprising16 segmentsand 17 joints that provide 35 pose
parametersin total. The surfacegeometryof eachsegmentis
representedvia aclosedtrianglemesh.

Two setsof anthropomorphicshapeparametersare provided
which are modi�ed during reconstruction of a spatio-
temporallyconsistentscenerepresentation(Sect.6). The �rst
setconsistsof a uniform scalingparameterfor eachbone.The
secondsetof parametersconsistsof four setsof controlvalues
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Figure2: (a) Scalingcurve beforeandafter deformation;(b) Local sagittalandfrontal planesfor a body segment;in eachof
theseplanestwo scalingcurvesarede�ned thatscalethesegment's geometryin oppositedirections;(c) Torsosegmentbefore
(left) andafter(right) free-formdeformation.

for each segment, which de�ne one-dimensionalB-spline
scalingcurvesthatenablefree-formgeometrydeformation.

In additionto theanthropomorphicparameters,themodelalso
providesadditionalshapere�nementparametersthatenablea
moredetailedshapecontrol. For eachvertex, a displacement
in the direction of the local normal can be speci�ed. The
per-vertex displacementparametersare modi�ed during our
dynamicshapere�nementprocedure(Sect.7).

6 Spatio-temporally ConsistentShapeReconstruction

In the �rst major step of our dynamic scene model
reconstruction method, we estimate a spatio-temporally
consistent geometry description, a so-called STC
representation.TheSTCrepresentationhastwo characteristic
features:Firstly, the poseof the generichumanbody model
matchesthe poseof the real-world actorat eachtime stepof
video. Secondly, a constantset of anthropomorphicshape
parametersfor thebodyhasbeenidenti�ed suchthatthemodel
is multi-view silhouette-consistentin severalbodyposes.

To reconstruct the STC representation, we extend the
silhouette-basedanalysis-by-synthesisapproach originally
proposedin [3]. This method performs an optimization
searchin theanthropomorphicshapeandtheposeparameters
in order to maximize the overlap betweenthe silhouetteof
the reprojectedmodeland the imagesilhouettein all camera
views. The energy function EF that numerically assesses
this overlapsumsup the numberof setpixels in binary XOR
imagesbetweenimageandmodelsilhouettesfrom all camera
perspectives. By this means,we �rst customizethe skeleton
dimensionsof the templatehumanbody model (Sect. 6.1).
Thereafter, in an iterative procedurewe �nd anoptimalsetof
poseparametersfor eachtime step of video and a globally
optimalsetof B-splinescalingparameters(Sect.6.2).

6.1 Adapting the Skeleton

To customizethe bone lengths of the default skeleton we
only employ the eight input framesdepicting the personin
the initialization pose. Our skeletonrescalingmethodis an
iterative procedurethat alternatesbetweenan optimization
of pose parametersand an estimation of uniform scaling
parameters.

In the�rst stepof eachiterationtheuniformscalingparameters
of all body segmentsare adjusted. The secondstepof each
iteration uses the rescaledbody model and computesan
estimateof the body poseparameters.Thesetwo stepsare
repeatedseveral times. Fig. 3b shows the model after the
kinematicskeletonhasbeenshape-adaptedto the proportions
of our testsubject.

6.2 Joint PoseEstimation and Spatio-temporalFree-form
Deformation

We have developed a novel spatio-temporal free-form
deformation schemethat deforms the individual segment
geometriesuntil they arein accordancewith the actor's body
in multiple body poses. The deformationof eachindividual
segment is controlled by the anthropomorphicB-spline
parameters.For eachof the 16 triangle meshes,four local
B-splinecurves arede�ned. Eachof thesecurves scalesthe
geometryin onespeci�c local coordinatedirection (Fig. 2a).
Two of the scalingcurves deform the meshin two opposite
scalingdirectionsin the sagittalplane,the two othersdo the
samein thelocal frontalplane(Fig. 2b).

The geometry of one individual segment is deformed
by simultaneously�nding four optimal sets of N local
control values. Each set of control values speci�es one
of the local scaling curves. The criterion that guides the



optimization searchis the previously mentionedsilhouette-
XOR energy function, EF . We have testedtwo numerical
optimization schemesto minimize this error function in
the deformationparameters,the LBFGS-B method [2] and
Powell's method [16]. Both methodstend to converge to
similar solutions but the former one is preferablesince it
convergesmuchfaster.

We alsoperformedexperimentsto determinethebestnumber
of control valuesto be usedfor eachscaling curve. Many
control values can capturemuch of the details of a body
segment. On the other hand, the optimization takes longer
andoften doesnot converge. Therefore,we have decidedto
useonly 4 control valuesfor eachscalingcurve (N = 4),
totalling 16 parametersfor eachsegment, which is a good
compromisebetweenoptimizationspeedandshapemodeling
precision. Fig. 2c shows the torso segmentbeforeand after
free-formdeformation.

We have developeda spatio-temporaloptimizationprocedure
thatemploys thepreviously describedprincipleto shape-adapt
the geometryof all body segments. It allows us to robustly
infer deformationvaluesthatcorrectlyreproducethegeometry
of anactornotonly in onebut in severalbodyposes.Sincethe
stanceof theskeletonchangesover time, we applya two-step
iterative procedurethatalternatesbetweenposedetermination
andsegmentdeformation.

In the �rst stepof eachiteration, the poseparametersof the
model at each time step of video are estimatedusing the
silhouette-basedanalysis-by-synthesisapproach.

In the secondstep, the B-spline control valuesfor eachof
the 16 segmentsare computedby meansof the previously
describedoptimizationscheme.To this end,K time stepsof
video areautomaticallyselectedout of the M time stepsthat
theinput videosequencecontains.We �nd scalingparameters
that optimally reproducethe shapeof the segments in all
of theseK body posessimultaneously. A modi�ed energy
function EFR sums over the silhouette-XORcontributions

(a) (b) (c) (d)

Figure3: (a) Adaptablegenerichumanbodymodel;(b) initial
model after skeleton rescaling; (c) model after one and (d)
several iterationof the spatio-temporalfree-formdeformation
scheme.

EFI at eachof theseK time steps,EFR =
P K

I =1 EFI . We
do not optimizetheshapeof all 16 segmentsat thesametime
but in a sequencethatcomplieswith theskeletonhierarchy of
thebodymodel.First thedeformationof thetorsois computed,
thereafterthescalingof theupperarmsandupperlegs,andso
on.

Optionally, the two-step optimization procedure can be
repeatedseveral times. At the end, the model possessesa
spatio-temporallysilhouette-consistentshape(Fig. 3d).

7 Dynamic ShapeRe�nement

The STC scene representationthat we have now at our
dispositionis globally silhouette-consistentwith a numberof
time stepsof the input video sequence.However, although
the match is globally optimal, it may not exactly matchthe
actor's silhouettesat eachindividual time step. In particular,
subtlechangesin bodyshapethataredueto musclebulgingor
deformationof the apparelarenot modeledin the geometry.
Furthermore, certain types of geometry features, such as
concavities on the body surface, can not be capturedfrom
silhouetteimagesalone.

In order to capture these dynamic details in the surface
geometry, we computeper-vertex displacementsfor eachtime
stepof video individually. To this end, we also exploit the
color informationin theinput videoframes.

AssumingapurelyLambertiansurfacere�ectance,weestimate
appropriateper-vertex displacementsby jointly optimizing
a multi-view color-consistency and a multi-view silhouette-
consistency measure.Regularizationtermsthat assessmesh
distortionsandvisibility changesarealsoemployed.

The following subsequentstepsareperformedfor eachbody
segmentandeachtimestepof video:

� Regions on the body model are identi�ed in which the
STC representationdoes not match the actor's shape
accordingto acolor-consistency measure(Sect.7.1).

� A numberof randomseedvertices in eachregion are
displacedalongtheir localnormaldirections(Sect.7.2).

� Using theseeds'displacements,all verticesbelongingto
thecolor-inconsistentregion aredisplacedby meansof a
Laplaceinterpolation(Sect.7.3).

7.1 Identi�cation of Color-inconsistentRegions

Weusecolorinformationto identify, for eachtimestepof video
individually, thoseregionsof thebodygeometrywhich do not



fully complywith theappearanceof theactorin theinputvideo
images.To numericallyassessthegeometrymisalignment,we
computefor eachvertex a color-consistency measuresimilar
to the onedescribedin [5]. To this end,for vertex j with 3D
coordinatevj we �rst averagethecolorsof thoseimagepixels
from all cameraviews to whichvertex j projects:

I (vj ) =
P K

i =1 
 i (vj )I i (vj )
P N

i =1 
 i (vj )
: (1)

In (1), K is thenumberof input images,
 i (vj ) is thevisibility
functionfor imagei . It is 1 if thevertex j is visible in imagei ,
and0 otherwise.I i (vj ) denotesthecolor of j in imagei . The
color-consistency valuefor vertex j is thencomputedas:

E I (vj ) =
P N

i =1 
 i (vj )[I i (vj ) � I (vj )]2

P N
i =1 
 i (vj )

: (2)

By applyinga thresholdTLO D to theerrormeasureE I (vj ) we
can decideif the vertex j is in a photo-consistentor photo-
inconsistentposition. If E I (vj ) > TLO D , j is classi�ed
as inconsistent,otherwiseas consistent. The value TLO D

controlshow muchof theshapeinaccuracy shall becorrected
via vertex displacements.If TLO D is very small,evenslightly
shapemisalignmentsareidenti�ed. If TLO D is large,only the
mostsigni�cant geometrydiscrepanciesarerecovered.Fig. 5a
illustratesthein�uence of varyingTLO D .

All photo-inconsistentverticesare clusteredinto contingent
photo-inconsistentsurface patchesby means of a region
growing method.

7.2 Computing Vertex Displacements

We randomlyselectM verticesout of eachcolor-inconsistent
region that we have identi�ed in the previous step. For each
vertex j 2 M with positionvj we computea displacement~r j

in thedirectionof the local surfacenormalthatminimizesthe
following energy functional:

E (vj ; ~r j ) = wI E I (vj + ~r j ) + wSES (vj + ~r j )+
wD ED (vj + ~r j ) + wP EP (vj ; vj + ~r j )

(3)

E I (vj + ~r j ) is thecolor-consistency measurefrom Sect.7.1.

The term ES (vj + ~r j ) penalizesvertex positionsthat project
into image plane locations that are very distant from the
boundaryof theperson's silhouette.It evaluatesto:

ES (vj + ~r j ) = win
P K

i =1 ESin;i (vj + ~r j )+
wout

P K
i =1 ESout;i (vj + ~r j )

(4)

ESin;i (v) is the value of the inner distance �eld to the
silhouetteboundaryin the imageplaneof camerai , evaluated

at the projected position of the vertex with 3D position
v. ESout;i (v) is the respective value of the outer distance
�eld. The inner andouterdistance�elds for eachsilhouette
image(Fig. 4) canbe pre-computedby meansof the method
describedin [9].

Figure4: From left to right: original input image,silhouette
image,outerdistance�eld andinnerdistance�eld.

ED (v) regularizes the segment's mesh by measuringthe
distortionof triangles.We employ a distortionmeasurewhich
is basedon theFrobeniusnorm[14]:

� =
a2 + b2 + c2

4
p

3A
� 1; (5)

wherea, b andc arethe lengthsof a triangle's edgesandA is
theareaof thetriangle.For anequilateraltrianglethevalueis
0. For degeneratetrianglesit approachesin�nity . To compute
ED (vj + ~r j ) for a displacedvertex j at positionvj + ~r j , we
averagethe� valuesfor thetrianglesadjacentto j .

ThetermEP (vj ; vj + ~r j ) penalizesvisibility changesthatare
dueto moving a vertex j from positionvj to positionvj + ~r j .
It hasa largevalueif in positionvj + ~r j thenumberof cameras
thatseesthatvertex is signi�cantly differentfrom thenumber
of camerasthatseesit atvj . If thenumberof camerasthatsees
it doesnot change,EP (vj ; vj + ~r j ) = 0.

The weights wI ; wS ; wD ; wP are straightforwardly found
through experiments,and are chosenin a way that E I (v)
and ES (v) dominate. We use the LBFGS-B method[2], a
quasi-Newton algorithm, to minimize the energy function
E(vj ; ~r j ). After calculatingthe optimal displacementfor all
M randomverticesindividually, thesedisplacementsareused
to smoothlydeformthe whole region by meansof a Laplace
interpolationmethod.

7.3 Deformation of Color-inconsistentRegions

Using a Laplaceinterpolation(seee.g. [4, 10]), eachcolor-
inconsistentregion is deformedsuchthat it globally complies
with the per-vertex displacements.The new positionsof the
verticesin a region form anapproximationto thedisplacement
constraints.Formally, thedeformedvertex positionsarefound
via asolutionto theLaplaceequation

Lv = 0; (6)



wherev is thevectorof vertex positionsandthematrixL is the
discreteLaplaceoperatorwith

L ij =

8
<

:

valence(i ) if i innervertex andi = j ,
� 1 if i innervertex andj in 1-neighborhood,
0 otherwise.

(7)

The matrix L is singular, andwe henceneedto addsuitable
boundary conditions to Eq. 6 in order to solve it. We
reformulatetheproblemas

min
� �

L
K

�
v �

�
0
d

� � 2

(8)

This equation is solved in each of the three Cartesian
coordinatedirections(x, y and z) separately. The matrix K
andthe vectord imposethe individual per-vertex constraints
(Sect.7.2)whichwill besatis�edin least-squaressense:

K ij =

8
<

:

wi if adisplacementis speci�edfor i ,
wi if i is aboundaryvertex,
0 otherwise.

(9)

Theelementsof d are:

di =

8
<

:

wi � (vi + ~r i ) if adisplacementis speci�edfor i ,
wi � vi if i is aboundaryvertex,
0 otherwise.

(10)

The values wi are constraint weights, vi is the position
coordinateof vertex i before deformation, and ~r i is the
displacementfor i . The least-squaressolutionto (8) is found
by solvingthelinearsystem:

�
L
K

� T �
L
K

�
x = (L2 + K2)x =

�
L
K

� T

d: (11)

Appropriate weights for the displacementconstraints are
easily found throughexperiments. After solving the 3 linear
systemsindividually (for x, y andz-coordinatedirections),the
new deformedbody shapethat is both color- and silhouette-
consistentwith all input views is obtained.

To remove temporalnoisefrom the dynamicallyre�ned body
geometrythevertex displacementsaregauss-�lteredin a post-
processingstep.

8 Results

We have testedour methodby reconstructingdynamicscene
representationsfrom two multi-view video sequencesof a
male actor. In one sequence(160 time steps) the person

walks aroundin the scene,in the secondsequence(210 time
steps)the personperformsa Tai Chi move. In Fig. 5b the
STC representationthat has only been reconstructedfrom
silhouette-images,and our color-consistency-re�ned scene
representationareshown in directcomparison.Onecanclearly
seethat in the re�ned modelthe shapeof the shoulderregion
has been reconstructedwith much higher precision. Only
by meansof our novel shapere�nement procedurewe could
capturethesepose-dependentgeometryvariationsevenwith a
segmentedbodymodel. The improvementsin bodygeometry
also lead to a better visual quality if the model is usedfor
renderinga free-viewpoint video, where the body model is
projectively textured with the input video frames. Although
clever texture blending can cloak geometryinaccuraciesin
a purely silhouette-�tted body model [3], the dynamically
re�ned model leadsto an even further augmentedrendering
quality

Fig. 5d illustratesthatour methodis capableof reconstructing
dynamicshapevariationsin the torso while our test subject
performsa Tai Chi move. Theseshapevariationscould not
have beenmodeledwith a staticsetof anthropomorphicshape
parameters.Fig. 5e shows the time-varying geometryof the
leg in a sequencewhere the test subjectis walking around.
Fig. 5c visually illustratesthe principleof our dynamicshape
re�nementmethod.First,only afew color-inconsistentvertices
onthebodyareidenti�ed. However, if only theseverticeswere
displaced,little bumpswouldappearon thebodysincetherest
of thegeometryremainedunaffected.By meansof ourLaplace
deformationtheshapeis smoothlydeformedinto a multi-view
color-consistentcon�guration.

Fig. 5avisually illustratesthat thecolor-consistency threshold
TLO D (Sect.7.1)allowstheuserto controlhow muchdynamic
geometry detail is reconstructedin the shape re�nement
process. The imagesshow a color-coded visualization of
photo-inconsistentparts of the body's geometry for one
particular time instant of video. Color-consistentparts are
shown in red,color-inconsistentpartsareshown in black. To
generatetheimages(from left to right), consistency thresholds
of 100,150,175,200and225havebeenused.

Applying our method to the test data, we measuredthe
following runtimes for the individual processing steps:
Throughexperimentalevaluation, we have found out that it
is suf�cient to employ only 5 framesout of the input footage
for spatio-temporallyconsistentshapereconstruction. On a
PC featuringa PentiumTM 4 CPU and Nvidia GeForce 6800
GPUoneiterationof theskeletonadaptationmethodtakeson
averagearound1 minute. The runtimeof the spatio-temporal
free-form deformationstrongly dependson how many time
stepsof videoareconsidered.If 5 time stepsareemployed it
takes around15 minutesto �nd optimal scalingparameters.
The dynamic shape re�nement proceduretakes around 4
minutesper time step when M = 0:1N seedverticesare
employed, N being the numberof verticesbelonging to a
color-inconsistentregion (Sect.7.2).



Despite the high quality of the reconstructed scene
representations,our approachis subjectto a few limitations.
If verticesbelongingto a color-inconsistentregion are never
seenby any of thecamerasat a particulartime instant,surface
detailscannot be recoveredfor this region. Furthermore,the
very coarsepartsof the triangle meshesdo not enableus to
capturesmallsurfacedetails,suchassmallfoldsin theapparel,
which arebelow the mesh's resolution. In consequence,even
on the highest detail level the re�ned geometryremainsa
smoothapproximationto the true shape. Finally, the color-
basedshapere�nement may fail if the personwearsclothes
thatexhibit astrongview-dependentre�ectancevariation.

Despitetheselimitations, we have demonstratedthat we can
robustly reconstructarealisticdynamicscenerepresentationof
a moving humanactor, even thoughwe only employ a rather
genericsegmentedbodymodel.

9 Conclusions

In this paper, we presentedan automatic approach to
reconstructadynamicscenerepresentationof amoving human
subjectfrom multi-view video data. Startingfrom a generic
body model, our method �rst createsa spatio-temporally
consistent shape representationthat matches the actor's
silhouettesat multiple time instants. Subtle surface details
at each particular time step, which could not be captured
from silhouette imagesalone, are identi�ed by employing
color-consistency and qualitative criteria. The �nal dynamic
scenerepresentationrealistically recovers even time-varying
geometrydetailsof a moving personby meansof a generic
segmentedbody model. In the future, we plan to reconstruct
detailed surface re�ectance models from multi-view video,
and to usethem for shapere�nement of body surfaceswith
arbitraryre�ectanceproperties.
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Figure5: (a) Differentamountsof detailscanbereconstructedat eachtime instantby varyingTLO D ; (b) Improvementsin the
shouldergeometryby applyingthedynamicshapere�nementmethod;(c) Illustrationof thedynamicshapere�nementprocess:
if only randomseedverticeswould be displaced,all the remaininggeometrywould be unaffected; the Laplaceinterpolation
smoothlydeformsthewholegeometry;(d) Differenttime instantsof a Tai Chi motion; thetime-varyingshapeof thetorsohas
beenrecovered;(e)Dynamicchangesin theleg's geometrywhile thepersonis walking.


