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Abstract

In model-basedree-vievpointvideo,a detailedrepresentation
of the time-varying geometryof a real-word sceneis used

to generaterenditionsof it from novel viewpoints. In this

paper we presenta methodfor reconstructingucha dynamic

geometrymodel of a human actor from multi-view video.

In atwo-stepprocedure,rst the spatio-temporallyconsistent
shapeandposeof agenerichumanbody modelareestimated
by meansof a silhouette-basednalysis-by-synthesisiethod.

In a secondstep, subtledetailsin surface geometrythat are

speci ¢ to eachparticulartime steparerecoreredby enforcing

a color-consisteng criterion. By this means,we generate
a realistic representatiorof the time-varying geometryof a

moving personthat also reproducesthese dynamic surface

variations.

1 Intr oduction

In a free-vievpoint video, the 3D appearancef a real-world
sceneis representedh sucha way thatarti cial renditionsof
the scenefrom arbitrary novel viewpoints can be generated.
To this end, model-basedfree-viavpoint 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 modelis adaptedto matchthe scene
appearancén input imagedata. We have demonstratedhat
a model-basedlgorithm, which simultaneouslycapturesthe
shape,the motion and the texture of a moving personfrom
multi-view video, cangeneratehighly realisticfree-vievpoint
renditionsof humanactors[3]. In our original method,an
enhancedtexturing approachenabledus to createrealistic
scenerenditionsalthoughonly approximatescenegeometry
was available that could not model subtletime-varying shape
details. To bridgethis gap, we presenin this papera method
that also reconstructghesedynamicgeometrydetailson the
bodymodelfrom multi-view video.

To sene this purposewe have developeda two-stepalgorithm
thatmodi es the poseandthe surfacegeometryof a template
humanbody model suchthat it matchesthe appearancef a
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humanactorin all time stepsof input video footage. In the
rst step,asetof anthropomorphishapeandposeparameters
are estimatedvia a silhouette-basedanalysis-by-synthesis
approachto obtain a spatio-temporallysilhouette-consistent
bodyrepresentationin a secondstep,subtledynamicchanges
in surface geometrythat are not capturedby the silhouette-
consistenmodelarereconstructedia color-consisteng-based
meshdeformation.

2 RelatedWork

If corvincing novel viewpoint renditionsof a dynamicreal
world scene shall be generated,a representationof the
time-varying scenegeometryis required. Many approaches
have been proposedin the literature to reconstructsuch
representationsf arbitrary scenefrom imageor video data.
Shape-from-silhouettemethodseconstructhe geometryfrom
multi-view silhouetteimagesor video streams. Examples
are image-based[12, 18] or polyhedral visual hull [11]
methods,aswell as approachegerformingvoxel-based13]
or point-based6] reconstruction. Stereomethodshave also
beenappliedto reconstrucandrenderdynamicsceneg19, 8].

If the moving subjectin the sceneis a person, structural
knowledgeaboutthe humanbody canbe exploitedto facilitate
shapereconstruction. In [1], laserrangescansof a human
torso and the arms are employed to reconstructa model of

body deformation. The posesof a kinematic skeleton are
measuredy meanof a marker-basedmotion capturesystem.
In [17], amodelof surfacedeformatiorfor thecompletehuman
body is reconstructedy jointly emplo/ing a marker-based
motion capturemethodand multi-view silhouettematching.
Both approachegroducehighly detaileddeformablebodies,
but theircommitmento amarker-basednotioncapturesystem
malkesit hardto usethemfor 3D videoreconstruction.

More similar to our methodis the work presentedn [15],

where a sophisticatedoody model comprising a kinematic
skeletonanda deformablesurfacegeometryis tted to video
data. The work presentedn [7] is alsocloselyrelatedto our
approach. Here a procedurebasedon silhouette,stereoand
featurecorrespondenc@formationis describedwhichis able
to reconstruce humanmodelfrom multiple cameraviews.

In our work, we extend the approachpresentedn [3] such
thatit alsocapturessubtletime-varying geometrydetailsin a
generichumanbody model. To this end,we do not only resort
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Figurel: Visualizationof theinterplayof theindividual processingtepsin our approach.

to multi-view silhouettematching,aswe have doneit before,
but alsomake useof a color-consistenyg criterion. In principle,
subtlegeometryinaccuraciesn a silhouette- ttedbody model
can be compensatedn renderedfree-vievpoint videos by
applying a clever texture generationscheme. Nonethelessit
canfurtherimprove the visual quality of a 3D videoif amore
detailedgeometryrepresentatiois availablethat captureshe
time-varyingbody shapemoreaccurately

3 Overview

Fig. 1 illustratesthe algorithmicwork ow betweenthe main
componentsn our approach. The systemexpects multiple
synchronizedvideo streams(so-called multi-view video or
MVV streams)of an arbitrarily moving person as input
(Sect.4). Our scenerepresentatioris basedon a generic
human body model that comprisesa triangle mesh surface
representatioandan underlyingkinematicskeleton(Sect.5).
We employ a two-stepprocedureto reproducethe shapeand
the poseof the actorin the real world at eachtime step of
videowith our bodymodel.

In the rst step(Sect.6), we applya silhouette-basednalysis-
by-synthesignethodto estimatethe correctbody poseof the

model at eachtime step of video. We also estimatebody
shapegparametershatmalke the modelglobally consistentvith

the persons silhouettesat eachtime step. Unfortunately
this spatio-temporallyconsistentscenerepresentationSTC

representationjoesnotreproducesubtletime-varyingchanges
in the geometryof thebodysurface.

We recorer thesedynamicgeometryvariationsby computing
appropriatevertex displacement$or eachtime stepof video
separatelySect.7). To thisend,wejointly employ acolor and
silhouette-consistegccriterion to identify slightly inaccurate
surfaceregionsof thebodymodelwhicharethenappropriately
deformedby meansof a Laplacianinterpolation.

The output of our methodis a dynamic scenemodel for

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

4 Multi-view Video Recording

The multi-view video (MVV) sequencesisedasinput to our
approacharerecordedn our multi-view studio. It enablesus
to captureanareaof approximatelyx4x3mwith eightframe-
synchronizediideo cameraswhich areplacedin a corvergent
arrangemenaroundthe centerof the scene.lmperx™ MDC-
1004 camerasare employed, featuring a 1004x1004CCD
sensomlnddelivering 25 fps. Thecamerasrecalibratednto a
commoncoordinateframe. Color-consisteng acrosscameras
is ensuredby applying a color-spacetransformationto each
camerastream.

ForeachMVV sequenct¢hatsenesasinputto our methodthe
personrst strikesan initialization posefor a shortmoment,
andthereafteris free to move arbitrarily. In a post-processing
step,the silhouetteof the personin eachframeis extractedvia
color-basedackgroundsubtraction.

5 An Adaptable Human Body Model

We employ a templatehumanbody model whoseshapeand

proportionscanbe customizedn orderto optimally reproduce
the appearancef a personin the real world (Fig. 3a). The

kinematicsof themodelarerepresentetly meanof askeleton
comprising16 segmentsand 17 joints that provide 35 pose
parameterdn total. The surfacegeometryof eachsegmentis

representedia a closedtrianglemesh.

Two setsof anthropomorphicshapeparametersare provided
which are modi ed during reconstruction of a spatio-
temporallyconsistenscenerepresentatiotiSect.6). The rst

setconsistof a uniform scalingparametefor eachbone.The
secondsetof parametersonsistof four setsof controlvalues
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Figure2: (a) Scalingcune beforeandafter deformation;(b) Local sagittalandfrontal planesfor a body segment;in eachof
theseplanestwo scalingcurvesarede ned that scalethe segments geometryin oppositedirections;(c) Torsosggmentbefore

(left) andafter (right) free-formdeformation.

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

In additionto theanthropomorphiparametershe modelalso
providesadditionalshapere nementparametershatenablea
more detailedshapecontrol. For eachvertex, a displacement
in the direction of the local normal can be speci ed. The
pervertex displacemenparametersare modi ed during our
dynamicshapere nementprocedurgSect.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
representationThe STC representatiomastwo characteristic
features:Firstly, the poseof the generichumanbody model
matcheghe poseof the real-world actorat eachtime stepof
video. Secondly a constantset of anthropomorphicshape
parameterfor thebodyhasbeenidenti ed suchthatthemodel
is multi-view silhouette-consister severalbody poses.

To reconstructthe STC representation,we extend the
silhouette-basedanalysis-by-synthesisapproach originally
proposedin [3]. This method performs an optimization
searchin the anthropomorphishapeandthe poseparameters
in order to maximize the overlap betweenthe silhouetteof

6.1 Adapting the Skeleton

To customizethe bone lengths of the default skeleton we
only emplg 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.

Inthe 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 shavs the model after the

kinematicskeletonhasbeenshape-adaptetb the proportions
of ourtestsubject.

6.2 Joint PoseEstimation and Spatio-temporal Free-brm
Deformation

We have developed a novel spatio-temporal free-form
deformation schemethat deforms the individual segment
geometrieuntil they arein accordancevith the actor's body
in multiple body poses. The deformationof eachindividual
sgment is controlled by the anthropomorphicB-spline
parameters. For eachof the 16 triangle meshesfour local
B-spline curves arede ned. Eachof thesecurves scalesthe

the reprojectedmodel and the imagesilhouettein all camera geometryin one speci ¢ local coordinatedirection (Fig. 2a).
views. The enegy function EF that numerically assesses Two of the scaling curves deform the meshin two opposite
this overlap sumsup the numberof setpixelsin binary XOR scalingdirectionsin the sagittalplane,the two othersdo the
imagesbetweenmageand modelsilhouettesrom all camera samein thelocal frontal plane(Fig. 2b).

perspecties. By this meanswe rst customizethe skeleton
dimensionsof the templatehumanbody model (Sect. 6.1).
Thereafterin aniterative procedureve nd anoptimal setof
poseparameterdor eachtime step of video and a globally
optimalsetof B-splinescalingparameter¢Sect.6.2).

The geometry of one individual sement 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 guidesthe



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

We alsoperformedexperimentsto determinethe bestnumber
of control valuesto be usedfor eachscalingcurve. Marny
control values can capture much of the details of a body
segment. On the other hand, the optimization takes longer
and often doesnot corverge. Therefore,we have decidedto
useonly 4 control valuesfor eachscalingcurve (N = 4),
totalling 16 parameterdor eachsegment, which is a good
compromisebetweenoptimizationspeedand shapemodeling
precision. Fig. 2c shaws the torso sgmentbefore and after
free-formdeformation.

We have developeda spatio-temporabptimizationprocedure

EF, ateachof theseK time stepsEFr = P r:l EF, . We

do not optimizethe shapeof all 16 sggmentsat the sametime

but in a sequencéehatcomplieswith the skeletonhierarcly of

thebodymodel.Firstthedeformatiorof thetorsois computed,
thereaftetthe scalingof the upperarmsandupperlegs,andso

on.

Optionally, the two-step optimization procedure can be
repeatedseveral times. At the end, the model possessesa
spatio-temporallpilhouette-consistesthapgFig. 3d).

7 Dynamic ShapeRe nement

The STC scenerepresentatiornthat we have now at our
dispositionis globally silhouette-consisterwith a numberof
time stepsof the input video sequence.However, although
the matchis globally optimal, it may not exactly matchthe

thatemploys the previously describedbrincipleto shape-adapt actors silhouettesat eachindividual time step. In particulay

the geometryof all body segments. It allows us to robustly

infer deformationvaluesthatcorrectlyreproducehegeometry
of anactornotonly in onebut in severalbodyposesSincethe

stanceof the skeletonchangesver time, we apply a two-step
iterative procedurghat alternatesetweerposedetermination
andsggmentdeformation.

In the rst stepof eachiteration, the poseparameter®of the
model at eachtime step of video are estimatedusing the
silhouette-basednalysis-by-synthes&pproach.

In the secondstep, the B-spline control valuesfor eachof
the 16 sggmentsare computedby meansof the previously
describedbptimizationscheme.To this end,K time stepsof
video are automaticallyselectedout of the M time stepsthat
theinputvideosequenceontains.We nd scalingparameters
that optimally reproducethe shapeof the seggmentsin all
of theseK body posessimultaneously A modi ed enegy
function EFr sums over the silhouette-XORcontritutions
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Figure3: (a) Adaptablegenerichumanbody model;(b) initial
model after skeletonrescaling; (c) model after one and (d)
several iteration of the spatio-temporafree-formdeformation
scheme.

subtlechangesn bodyshapehataredueto musclebulging or
deformationof the apparelare not modeledin the geometry
Furthermore, certain types of geometry features, such as
concaities on the body surface, can not be capturedfrom
silhouetteimagesalone.

In order to capture these dynamic details in the surface
geometrywe computepervertex displacementfor eachtime
stepof video individually. To this end, we also exploit the
colorinformationin theinputvideoframes.

AssumingapurelyLambertiarsurfacere ectanceweestimate
appropriatepervertex displacementshy jointly optimizing
a multi-view color-consisteng and a multi-view silhouette-
consisteng measure. Regularizationtermsthat assessnesh
distortionsandvisibility changesrealsoemployed.

The following subsequenstepsare performedfor eachbody
sgmentandeachtime stepof video:

Regions on the body model are identi ed in which the
STC representatiordoes not match the actor's shape
accordingo acolor-consisteng measurgSect.7.1).

A numberof randomseedverticesin eachregion are
displacedalongtheirlocal normaldirections(Sect.7.2).

Using the seeds'displacementsall verticesbelongingto
the color-inconsistentegion aredisplacedoy meansof a
Laplaceinterpolation(Sect.7.3).

7.1 Identi cation of Color-inconsistentRegions

We usecolorinformationto identify, for eachtime stepof video
individually, thoseregionsof the body geometrywhich do not



fully complywith theappearancef theactorin theinputvideo
images.To numericallyassesshe geometrymisalignmentwe
computefor eachvertex a color-consisteng measuresimilar
to the onedescribedn [5]. To this end,for vertex j with 3D
coordinatey; we rst averagethe colorsof thoseimagepixels
from all cameraviews to which vertexj projects:

L),
iz i(Y)

In (1), K is thenumberof inputimages, ; (v;) is thevisibility

functionfor imagei. It is 1if thevertex j is visiblein imagei,

andO otherwise.l; (v; ) denoteghecolorof j in imagei. The
color-consisteng valuefor vertex j is thencomputedas:

P _
L i'g/j)[li(vj) |(Vj)]2:

i)

(v) = @)

Ei(vj) = @)

By applyingathresholdT o p totheerrormeasurée; (vj) we
can decideif the vertex j is in a photo-consistenor photo-
inconsistentposition. If E;(vj) > Twop, ] is classied
as inconsistent,otherwiseas consistent. The value T o p
controlshow muchof the shapenaccurag shallbe corrected
via vertex displacementslif T o p is very small, evenslightly
shapemisalignmentsareidenti ed. If T o p is large,only the
mostsigni cant geometrydiscrepanciearerecovered.Fig. 5a
illustratesthein uence of varying T, o p .

All photo-inconsistenterticesare clusteredinto contingent
photo-inconsistentsurface patchesby meansof 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 positionv; we computea displacement;
in the directionof the local surfacenormalthat minimizesthe
following enegy functional:

E(vi;p) = WE (v +K)+wsEs(v + i)+

Wp Ep (vj + /) + WpEp (Vj;Vj + F)

©)

Ei (v; + fy) isthecolorconsisteng measurdrom Sect.7.1.

ThetermEgs(v; + ) penalizesvertex positionsthat project
into image plane locations that are very distant from the
boundaryof the persons silhouette It evaluatego:

K
iz1 Esini (vj + 1)+
K
i=1 ESout;i (Vj + rT)

ES(Vj + FT) = (4)

Wout

Esini (v) is the value of the inner distance eld to the
silhouetteboundaryin theimageplaneof camera, evaluated

at the projected position of the vertex with 3D position
V. Esouti (V) is the respectie value of the outer distance
eld. Theinnerandouterdistance elds for eachsilhouette
image(Fig. 4) canbe pre-computedy meansof the method
describedn [9].

Figure4: From left to right: original input image, silhouette
image,outerdistanceeld andinnerdistanceeld.

Ep (v) regularizesthe sgments mesh by measuringthe
distortionof triangles.We emplgy a distortionmeasurevhich
is basedon the Frobeniusmorm[14]:
a’+ PP+ 2
= —p=— 1 5
4 3A ®)
wherea, b andc arethelengthsof atriangle's edgesandA is
the areaof thetriangle. For anequilateratrianglethe valueis
0. For degeneratdrianglesit approacheg nity . To compute
Ep (v, + #) for adisplacedvertex j atpositionv; + rj, we
averagethe valuesfor thetrianglesadjacentoj .

ThetermEp (vj;v; + ) penalizeisibility changeshatare
dueto moving avertex j from positiony; to positionv; + r;.

It hasa largevalueif in positionv; + r; thenumberof cameras
thatseeghatvertex is signi cantly differentfrom the number
of cameraghatseest atv; . If thenumberof cameraghatsees
it doesnotchangeEp (vj;V; + F;) = 0.

The weights w; ;ws;wp ;wp are straightforvardly found
through experiments,and are chosenin a way that E, (v)
and Es(v) dominate. We usethe LBFGS-B method[2], a
quasi-Nevton algorithm, to minimize the enegy function
E(vj;r). After calculatingthe optimal displacementor all
M randomverticesindividually, thesedisplacementareused
to smoothlydeformthe whole region by meansof a Laplace
interpolationmethod.

7.3 Deformation of Color-inconsistentRegions

Using a Laplaceinterpolation(seee.g. [4, 10]), eachcolor
inconsistentegion is deformedsuchthatit globally complies
with the pervertex displacements.The new positionsof the
verticesin aregionform anapproximatiorto thedisplacement
constraints Formally, the deformedvertex positionsarefound
via a solutionto the Laplaceequation

Lv = 0O (6)



wherev is thevectorof vertex positionsandthematrix L is the
discreteLaplaceoperatomwith

8
< valencqi) ifiinnervertexandi = j,
Lij = . 1
0 otherwise.
(1)
The matrix L is singular andwe henceneedto add suitable
boundary conditionsto Eq. 6 in order to solve it. We
reformulatethe problemas
2
. L 0
min K Vv d (8)

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

< w; if adisplacemenis speci edfori,
Kij = . w; ifiisaboundaryerte, 9)
" 0 otherwise.
Theelementf d are:
< w; (vi +r) Iif adisplacemenis speciedfori,
di=_  w v if i is aboundaryvertex,
0 otherwise.
(10)

The values w; are constraint weights, v; is the position
coordinate of vertex i before deformation, and r is the
displacementor i. The least-squaresolutionto (8) is found
by solvingthelinearsystem:

T T

L
— 2 2\ — .
x=(L°+ K*)x= K d:

L

L
K K (11)

Appropriate weights for the displacementconstraintsare
easily found throughexperiments. After solving the 3 linear
systemsndividually (for x, y andz-coordinatedirections) the
newv deformedbody shapethatis both color and silhouette-
consistentvith all inputviews is obtained.

To remove temporalnoisefrom the dynamicallyre ned body
geometrythevertex displacementaregauss- lteredin a post-
processinggtep.

8 Results

We have testedour methodby reconstructingdynamicscene
representationgrom two multi-view video sequencef a
male actor In one sequencg(160 time steps)the person

walks aroundin the scene,in the secondsequencg210 time
steps)the personperformsa Tai Chi move. In Fig. 5b the
STC representatiorthat has only been reconstructedfrom
silhouette-images,and our color-consisteng-re ned scene

if i innervertec andj in 1-neighborhoogepresentatioareshavn in directcomparisonOnecanclearly

seethatin the re ned modelthe shapeof the shoulderregion

has been reconstructedvith much higher precision. Only

by meansof our novel shapere nement procedurewe could
capturethesepose-dependemgeometryariationsevenwith a
segmentedbody model. The impravementsin body geometry
also lead to a bettervisual quality if the modelis usedfor

renderinga free-vievpoint video, where the body model is

projectively textured with the input video frames. Although
clever texture blending can cloak geometryinaccuraciesn

a purely silhouette- tted body model [3], the dynamically
re ned model leadsto an even further augmentedendering
quality

Fig. 5dillustratesthat our methodis capableof reconstructing
dynamic shapevariationsin the torso while our test subject
performsa Tai Chi move. Theseshapevariationscould not
have beenmodeledwith a staticsetof anthropomorphishape
parameters.Fig. 5e shavs the time-varying geometryof the
leg in a sequencenherethe test subjectis walking around.
Fig. 5c¢ visually illustratesthe principle of our dynamicshape
re nementmethod.First,only afew colorinconsistenvertices
onthebodyareidenti ed. However, if only theseverticeswere
displaced|ittle bumpswould appeaonthebodysincetherest
of thegeometryremainedinafected.By meansof our Laplace
deformationthe shapds smoothlydeformednto a multi-view
color-consistenton guration.

Fig. 5avisually illustratesthatthe color-consisteng threshold
TLop (Sect.7.1)allowstheuserto controlhow muchdynamic
geometry detail is reconstructedin the shape re nement
process. The imagesshav a colorcoded visualization of

photo-inconsistentparts of the body's geometry for one
particular time instantof video. Colorconsistentparts are
shawn in red, colorinconsistenpartsareshavn in black. To

generateheimaged(from left to right), consisteng thresholds
of 100,150,175,200and225have beenused.

Applying our method to the test data, we measuredthe
following runtimes for the individual processing steps:
Through experimentalevaluation, we have found out that it
is sufcient to emplogy only 5 framesout of the input footage
for spatio-temporallyconsistentshapereconstruction. On a
PC featuringa Pentium™ 4 CPU and Nvidia GeForce 6800
GPU oneiterationof the skeletonadaptatiormethodtakeson
averagearoundl minute. The runtimeof the spatio-temporal
free-form deformationstrongly dependson how mary time
stepsof video areconsidered.f 5 time stepsareemployed it
takes around15 minutesto nd optimal scaling parameters.
The dynamic shapere nement proceduretakes around 4
minutesper time stepwhen M = 0:1N seedverticesare
employed, N being the number of verticesbelongingto a
colorinconsistentegion (Sect.7.2).



Despite the high quality of the reconstructed scene
representationspur approachis subjectto a few limitations.
If verticesbelongingto a color-inconsistentregion are never

seenby ary of the camerast a particulartime instant,surface
detailscannot be recoveredfor this region. Furthermorethe
very coarsepartsof the triangle meshesdo not enableus to

capturesmallsurfacedetails,suchassmallfoldsin theapparel,
which arebelov the meshs resolution. In consequencesven

on the highestdetail level the re ned geometryremainsa

smoothapproximationto the true shape. Finally, the color

basedshapere nement may falil if the personwearsclothes
thatexhibit a strongview-dependente ectancevariation.

Despitetheselimitations, we have demonstratedhat we can
robustly reconstruct realisticdynamicscenaepresentationf
a moving humanactor even thoughwe only employ a rather
genericsggmentedbody model.

9 Conclusions

In this paper we presentedan automatic approach to
reconstrucadynamicsceneepresentationf 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 silhouetteimagesalone, are identi ed by employing
color-consisteng and qualitative criteria. The nal dynamic
scenerepresentatiomealistically recovers even time-varying
geometrydetailsof a moving personby meansof a generic
segmentedbody model. In the future, we planto reconstruct
detailed surface re ectance models from multi-view video,
andto usethemfor shapere nement of body surfaceswith
arbitraryre ectanceproperties.

References

[1] B. Allen, B. Curless,andZ. Popwic. Articulatedbody
deformationfrom rangescandata.21(3):612—6192002.

[2] R.Byrd,P Lu,J.NocedalandC.Zhu.A limited memory
algorithmfor boundconstraineptimization. SIAM J.

Sci.Comp, 16(5):1190-12081995.

[3] J.CarranzaC. Theobalt,M. Magnor andH.-P. Seidel.
Free-vievpoint video of human actors. ACM Trans.

Graph, 22(3):569-5772003.

G. Farin. Curvesand Surfacesfor CAGD: A Practical
Guide MorganKaufmann,1999.

(4]

[5] P Fua and Y. G. Leclerc. Object-centeredsurface
reconstruction: combining multi-image stereo and

shading.Int. J. ComputMsion, 16(1):35-55,1995.

[6] M. H. Gross,S. Wirmlin, M. Naf, E. Lamboray C. P.
SpagnoA. Kunz,E. Koller-Meier, T. Swobodal,L. J.Van
Gool,S.Lang,K. Strehlle,A. V. Moere,andO. G. Staadt.
Blue-c: a spatiallyimmersie displayand3d videoportal
for telepresence.ACM Trans. Graph, 22(3):819-827,
2003.

[7]

A. Hilton andJ. Starck. Multiple view reconstructiorof
people.In 3DPVT, pages357—-3642004.

[8] T. Kanade,P. Rander andP. J. Narayanan. Virtualized
reality: Constructingvirtual worlds from real scenes.

IEEE MultiMedia, 4(1):34-471997.

M. N. Kolountzakis and K. N. Kutulakos. Fast
computationof the euclidian distancemapsfor binary
images.Inf. ProcessLett, 43(4):181-1841992.

9]

[10] Y. Lipman,O. Sorkine,D. Cohen-OyD. Levin, C. Rossl,
andH.-P. Seidel. Differentialcoordinatedor interactive
meshediting. In FrancaGianniniand AlexanderPaslo,
editors,ShapeModeling International2004 (SMI 2004)

pagesl81-190Genwa, Italy, 2004.IEEE.

[11] T. Matsuyamaand T. Takai. Generationyvisualization,
and editing of 3D video. In Proc. of 1st International
Symposiunon 3D Data ProcessingVisualization and

Transmissior3DPVT'02) page234ff, 2002.

[12] W. Matusik, C. Buehler R. Raskar S. J. Gortler, and
L. McMillan. Image-basedisual hulls. In Proceedings

of ACM SIGGRAPH)0, pages369-374,2000.
[13]

S. Moezzi, L.-C. Tai, and P. Gerard. Virtual view
generationfor 3D digital video. |IEEE MultiMedia,

4(1):18-26,1997.

P. P Pebay and T. J. Baker. A comparison of
triangle quality measures. In Proceedingsto the 10th
InternationalMeshingRoundtablepages327-3402001.

(14]

[15] R. Plankers and P. Fua. Articulated soft objects for
video-basedbody modeling. In 8th IEEE Confeenceon

ComputeMision(ICCV) pages394-4012001.

[16] W. H. PressS. A. Teulolsky, W. T. Vetterling,andB. P.
Flannery Numerical Recipes CambridgeUniversity

Press1992.

[17] P.SandlL. McMillan, andJ.Popwi¢. Continuousapture
of skindeformation ACM Trans.Graph, 22(3):578-586,

2003.

[18] S. Wuermlin, E. Lamboray O. G. Staadt,and M. H.
Gross. 3d video recorder In Proc. of IEEE Pacic

Graphics pages325-3342002.

[19] C.L. Zitnick, S.B. Kang,M. UyttendaeleS. Winder, and
R. Szeliski. High-quality video view interpolationusing
alayeredrepresentationACM Trans.Graph, 23(3):600—

608,2004.



@

(b) ©

(d)

(e)

Figure5: (a) Differentamountsof detailscanbe reconstructet eachtime instantby varying T o p ; (b) Improvementsn the
shouldergeometryby applyingthe dynamicshapere nementmethod;(c) lllustration of the dynamicshapere nementprocess:
if only randomseedverticeswould be displaced,all the remaininggeometrywould be unafected;the Laplaceinterpolation
smoothlydeformsthe whole geometry;(d) Differenttime instantsof a Tai Chi motion; the time-varying shapeof thetorsohas
beenrecovered;(e) Dynamicchangesn theleg's geometrywhile the personis walking.



