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ABSTRACT

By jointly applyinga model-basedmarker-lessmotion cap-
ture approachandmulti-view texture generation3D Videos
of humanactorscanbereconstructedfrom multi-view video
streams. If the input data were recordedunder calibrated
lighting, thetexture informationcanalsobeusedto measure
time-varyingsurfacere�ectance.This way, 3D videoscanbe
realistically displayedundernovel lighting conditions. Re-
�ectanceestimationis only feasibleif themulti-view texture-
to-surfaceregistrationis consistentover time. In this paper,
we proposetwo image-basedwarpingmethodsthatcompen-
sateregistrationerrorsdueto inaccuratemodelgeometryand
shiftingof apparelover thebody.

Index Terms— 3D video, spatio-temporalregistration,
imageprocessing,machinevision,computergraphics

1. INTRODUCTION

The commitmentto an adaptablea priori body model en-
ablesusto jointly usea marker-lessmotioncaptureapproach
and a multi-view texture generationmethodto reconstruct
free-viewpoint videosof humanactorsfrom only a handful
of multi-view video streams[1]. If the input video footage
is recordedundercalibratedlighting conditionswe can ex-
ploit the fact that thepersonmovesrelatively to thecameras
and light sourcesin order to reconstructa dynamicsurface
re�ectancedescriptionfor the model [2]. This description
consistsof a parametricBRDF for eachsurfacetexel anda
normalwith time-varyingdirection. The joint descriptionof
time-varyingscenegeometryandappearanceenablesusto re-
alistically display3D videosalsoundernovel lighting condi-
tions.For re�ectanceestimation,it is essentialthatthemulti-
view texture-to-surfaceregistrationis consistentover time. In
this paper, we presenttwo methodsbasedon imagewarping
to correctfor thetwo mostimportantsourcesof textureregis-
trationerrors.

The �rst sourceof error are inaccuraciesin the body
model's geometrythat can be compensatedby warping the
input video framesprior to texture generation. In contrast
to our image-basedapproach,relatedmethodsfrom the lit-
eraturetypically deformthe geometryof the model to opti-
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mize model-to-imageregistration. For instance, [3, 4] de-
form modelgeometryfrom input imagesby jointly optimiz-
ing multi-view silhouette-andphoto-consistency. In a simi-
lar line of thinking, [5] jointly employs silhouetteandstereo
constraintsto deformscenegeometryfrom images.Themain
advantageof our imagewarpingmethodis that it is part of
thepreprocessingandthustime-varyinggeometryvariations
don't needto beencodedin the3D videostreams.

The secondsourceof misregistrationsis the shifting of
apparelwhile thepersonis moving. This alsohasto becom-
pensatedprior to re�ectanceestimation.Wedetectthemotion
of theapparelby computingoptical �o w �elds in thetexture
space.Subsequently, the texture coordinatesfor lookup are
warpedaccordingto the textile motion. To our knowledge,
this is the �rst methodin the literatureto attackthis shifting
problem.

Our resultsshow that it is feasibleto usepurely image-
basedapproachesto compensatethe mostprominentmulti-
view registrationerrors. Consequently, they canbe handled
in a preprocessingstagewhich enablesus to stick to a very
compactrelightable3D videodataformat.

Thepapercontinuesin Sect.2 with a brief review of the
basicsof relightable3D video reconstructionand important
preprocessingsteps. Sect.3 explains the �o w-basedimage
warpingtechniquewhichis usedduringboththegeometryer-
ror compensation,Sect.4, aswell astheclothshift detection,
Sect.5. Resultsareshown in Sect.6 andthepaperconcludes
with anoutlookto futurework in Sect.7.

2. PRELIMIN ARIES

Ourrecordingsetupcomprisesof eightmegapixel videocam-
erasthatareplacedin anapproximatelycirculararrangement
aroundthe moving subject,as well as two calibratedlight
sources.During relightablefree-viewpoint videoacquisition
we recordtwo typesof multi-view videosequencesfor each
personandeachtypeof apparel[2]. Oneso-calledre�ectance
estimationsequence(RES) is capturedin which the person
rotateson the spot while attainingan approximatelystatic
posture(achievable by rotating in very small steps). This
sequenceis usedfor per-texel BRDF estimation.Also, sev-
eraldynamicscenesequences(DSS)arerecordedto capture
arbitrary humanmotion. From thesesequences,the actual
relightablefree-viewpoint videosare reconstructed,and the



secondcomponentof there�ectancemodel,thetime-varying
normal �eld, is estimated. We apply the marker-lessopti-
cal motionestimationandshapematchingschemedescribed
in [1] to makeakinematicbodymodelwith asingle-skinsur-
facefollow themotionof theactorin eachof theinput video
streams.

Giventhemoving geometry, all inputvideoframesandall
correspondingdatarequiredfor re�ectanceestimation(e.g.
imagesamples,normals,visibility information,light vectors)
aretransformedinto sequencesof textures. To this end,we
parameterizethe model's surfaceover a 2D square.For the
BRDF and time-varying normal estimationwe needa pa-
rameterizationwith minimal surfacedistortion. To achieve
this,we employ a parameterization(ParameterizationA) that
leaves the meshboundaryfree andresultsin fairly uniform
distribution of samples[6]. For thepurposeof cloth shift de-
tection,on theotherhand,we prefera parameterization(Pa-
rameterizationB) with a �x edsquareboundary, Fig. 1.

Fig. 1. Humanbody model and the correspondingtexture
parameterizations(colors=normalsencodedin RGB).

3. IMA GE WARPING

A genericGPU-assistedimage-warpingmethodis usedin ei-
therof thetwo subsequentlydescribedmulti-view registration
approaches.Themethoddeformsaninput image,I M , in such
a way that it optimally overlapswith a referenceimageI R .
Thewarpingoperationworksasfollows:

A regular2D trianglemeshT with n verticesf v1; : : : ; vn g
is superimposedover I M . The optical �o w betweenI R and
I M is computedby meansof an appropriateoptical �o w
method,for instancethehierarchicalLucas-Kanade[7] tech-
nique.Theso-created�o w �eld describesa displacementfor
eachpixel in I M that brings it into optimal overlapwith its
correspondingpixel in I R , Fig. 2. From the per-pixel dis-
placementswecomputeagloballyconsistentwarpingfor I M

that brings it into photo-consistentregistrationwith respect
to I R . In order to do this for eachvertex vi in T a 2D dis-
placementvector~r i is estimatedby performinga weighted
averageon all �o w vectorsin a rectangularpixel neighbor-
hoodaroundthepositionof vi . Thetrianglemeshis thende-
formedto globally adaptto the per-vertex displacementsby
meansof a Laplaceinterpolation.The new meshcon�gura-
tion approximatelysatis�esthedisplacementconstraintsand

Fig. 2. Illustrationof theimage-warpingprocedure.

alsopreservesasmoothgeometry. Formally, thedeformation
of themeshis foundby solvingtheLaplaceequation

Lx = 0 (1)

wherex 2 Rn arethevertex positionsandthen � n-Matrix
L is thediscreteLaplaceoperator[8] with

L ij =

8
><

>:

4 if i innervertex andi = j ;
� 1 if i innervertex andj in its 4-neighborhood;
0 else.

(2)
To solve thesystem,we addsuitableboundaryconditionsto
Eq. (1) andreformulatetheproblemas

min
��

L
K

�
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0
d

�� 2

(3)

Then� n matrixK andd 2 Rn imposetheinterpolationcon-
ditions which will be satis�ed in least-squaressense.K is a
diagonalmatrix which containsnon-zeroweightswi for ver-
ticesvi for which a displacementconstrainthasbeenfound,
aswell asfor verticeson the imageboundary. Thevectord
encodespositionconstraintsof the form x i = wi � (ui + ~r i )
for innerverticeswith displacement~r i , andconstraintsof the
form x i = ui �x i for verticesontheimageboundary(ui being
undeformedvertex coordinates).It contains0-entriesfor all
othervertices.WesolveEq. (3) for eachcoordinatedirection
individually.

4. GEOMETRY ERROR COMPENSATION

Sincethegeometryof ourbodymodeldoesnotexactlymatch
thegeometryof its real-worldcounterpart,duringtexturegen-
erationcolor information from spatially distinct surfacelo-
cationsmay be mappedonto the samesurfacepoint of the
model.Wepreventtheseerrorsby modifyingthetexturegen-
erationprocessin thefollowing way:

Supposewe want to transformthe imageI C (t) seenby
cameraC at time stept into thetexturedomain,andthereby



Fig. 3. Geometryerrorcompensation.

producea texturehenceforthreferredto asmulti-view video
(MVV) texture. For eachtexel K i in the MVV texture, we
�rst determinethe camerathat seesit best. We achieve this
by searchingfor the camerathat exhibits the minimal angu-
lar deviation betweenits viewing vector and the normal of
the surfacepoint that mapsto K i . In casethe camerathat
seesthepoint bestis cameraC itself the texel color is taken
from I C (t). In contrast,if it is anothercameraD 6= C, the
body model is projectively textured with I c(t) and the so-
textured model is renderedfrom cameraview D to obtain
I C in D , Fig. 3. Using the imagewarpingmethod(Sect.3),
I C in D is deformedsuch that it is optimally overlapswith
I D (t). The resulting warpedreprojectedimage is called
I C;w ar ped . Sometimesbetterresultsare obtainedby recur-
sively applyingthewarpingprocedure.Typically, after three
iterationsa convergenceis achieved. The texel color is now
taken from I C;w ar ped(t). All possiblecombinationsof ref-
erenceandreprojectedwarpedimagesfor eachtime stepare
precomputedwhichmeans56warpingcomputationspertime
stepin oureightcamerasetup.

Thecomparisonshown in Figs.5a,bproofsthatghosting
artifacts in texturesthat are due to geometryerrorscan be
preventedby our approachwithout resortingto error-prone
geometrydeformation.Onemight arguethat optical �o w is
basedon the assumptionthat all surfacesin the sceneare
diffuse. For re�ectanceestimation,though,we deliberately
generatespecularhighlightsin the images.Our experiments
show thatthemethodnonethelessproducesgoodresultssince
in mostinput framesthediffusere�ectanceis predominant.

5. CLOTH SHIFT DETECTION AND
COMPENSATION

Our BRDF estimationprocedureassumesthat a staticsetof
materialparameterscanbeassignedtoeachpointonthemodel's
surface. In reality, however, this assumptiondoesnot hold
sincethe apparelof the personshifts acrossthe body while
sheis moving. Prior to surfacere�ectance,we thusestimate
the motion of the apparelover time andregisterall surface
texturesagainsta referencetexture. Pleasenotethat we can
still reproducethe trueshifting of theapparelduringrender-
ing by makingthecloth motioninformationaccessibleto the

Fig. 4. Clothshift betweentwo subsequentcombinedtextures
t andt + 1 (in parameterizationB) is foundvia optical�o w. In
the middle,detectedshiftedareasareshown in red. Finally,
theshift is encodedin thewarpedtexture-coordinates.

renderer. During display, the rendererwarpsthe estimated
staticBRDF texturesback into their true position. We em-
ploy the following methodto detectthe shifting of cloth in
thetexturedomain,Fig. 4:

Ourreferencetimestepis thelastframeof theRES.MVV
texturesfor this frameandall the framesof the DSSarere-
sampledinto a weightedlyblendedsingletexture in parame-
terizationB. Cloth shift is detectedby computingan optical
�o w �eld betweensubsequentblendedtextures. This �o w
�eld describesfor eachtexel how it shifts acrossthe body
surface.This texel motion informationis madeaccessibleto
the re�ectanceestimationprocessaswell as the rendererin
theform of warpedtexturecoordinates.

Pleaserememberthatwe usetextureparameterizationA
for sampling,but texture parameterizationB for cloth shift
computation. Therefore,we project the parameterizationA
texturecoordinatesof thereferenceframeinto parameteriza-
tion B to obtain the texture coordinateimageI C oor dAB (0).
Giventheaccumulateddisplacementsfrom thepairwise�o w
�elds we candeformI C oor dAB (0) suchthat it matchesthe
texture at eachtime of input video using the methodfrom
Sect.3. Note that it is essentialto computethecloth motion
relative to the previous frame and accumulatethe displace-
mentover time. Only thisway, appearancedifferencesdueto
lighting changescanberobustlyhandled.

Thesequenceof deformedtexturecoordinatesenablesus
to accountfor cloth shifting duringestimationandrendering,
althoughweonly estimateastaticsetof BRDFparameters.

6. RESULTS

Fig. 6a,bshows examplescreen-shotsof a high-quality re-
lit 3D videorenderedin real-time.We assessthemulti-view
warpingqualityby comparingtheimagedifferencesbetween
referenceviewsandreprojectedmodelviewsbeforeandafter
thewarp.Thelocalregistrationimprovementsin singleimage
pairsleadto a global improvementin multi-view texture-to-
modelconsistency. In Fig. 5a,bthe texture registrationim-
provementdueto warping-basedgeometrycorrectionarevis-
ible. With respectto oneinputstreamnotusedfor reconstruc-



Fig. 5. With geometryerrorcompensationghostingartifacts
(a)aresigni�cantly reduced(b).

tion we have obtaineda peak-signal-to-noise-rationimprove-
mentof 0.2 dB. On a PentiumIV 3.0 GHz, warp correction
takesaround10 secondsfor onepair of referenceimageand
reprojectedimage.

Clothshift compensationyieldsa furtherPSNRimprove-
mentof 0.1-0.2dB.Althoughthesequantitativeimprovements
mayappearsmall,their in�uenceontheoverallvisualis qual-
ity iswell-pronounced.Fig.6showshow it correctsthemove-
mentof seamsof theshirt over thesurface.Clothshift detec-
tion takesaround35s pertimestep.

Bothmethodsleadto enhancedregistrationin majorityof
thesituations.Still, beingglobaloptimizationmethods,they
can possibly lead to local deterioration. During cloth shift
detectiontheevolution of wrinklescanalsocausea problem.
In somerarecases,seamsat visibility boundariesmayoccur,
however thiswasneveranoticeableproblemin ourmany test
scenes.Both methodsareoptionalextensionsto theoriginal
relightablefree-viewpointvideoestimationframework, andit
is up to theuserto decideif they areactivated.

Despitethelimitations,ourresultsshow thatimage-based
warpcorrectionandclothshift detectionareeffectiveregistra-
tion techniquesthatenhancespatio-temporalphoto-consistency
for relightable3D videos.

7. CONCLUSIONS

We presentedtwo image-basedspatio-temporalregistration
techniquesthatenablehigh-qualityreconstructionof model-
basedrelightable3D videos. In conjunction,they enablethe
faithful reproductionof an actor's appearancedespitesmall
inaccuraciesin thetemplatemodel'sshape,anddespitemove-
mentof textiles acrossthebody's surface. Quality improve-
mentsin the real-timerenderingswereshown bothquantita-
tively and visually. In the future, we plan to work on new
algorithmsto reconstructmoving peoplewearingvery wide
apparel.
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