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ABSTRACT

By jointly applyinga model-basednarlerlessmotion cap-

ture approachand multi-view texture generation3D Videos

of humanactorscanbe reconstructedrom multi-view video

streams. If the input datawere recordedunder calibrated
lighting, the textureinformationcanalsobe usedto measure
time-varyingsurfacere ectance.Thisway, 3D videoscanbe

realistically displayedundernovel lighting conditions. Re-

ectanceestimationis only feasibleif themulti-view texture-

to-surfaceregistrationis consistenpver time. In this paper

we proposewo image-baseavarpingmethodshatcompen-
sateregistrationerrorsdueto inaccuratenodelgeometryand

shifting of apparelbver thebody.

Index Terms— 3D video, spatio-temporalegistration,
imageprocessingmachinevision, computergraphics

1. INTRODUCTION

The commitmentto an adaptablea priori body model en-
ablesusto jointly usea marker-lessmotioncaptureapproach
and a multi-view texture generationmethodto reconstruct
free-vievpoint videosof humanactorsfrom only a handful
of multi-view video streamdq1]. If the input video footage
is recordedunder calibratedlighting conditionswe can ex-
ploit the factthatthe personmovesrelatively to the cameras
and light sourcesin orderto reconstrucia dynamicsurface
re ectancedescriptionfor the model[2]. This description
consistsof a parametricBRDF for eachsurfacetexel anda
normalwith time-varying direction. The joint descriptionof
time-varyingsceneggeometryandappearancenablesisto re-
alistically display 3D videosalsoundernovel lighting condi-
tions. For re ectanceestimationjt is essentiathatthe multi-
view texture-to-sur@ceregistrationis consistenbvertime. In
this paper we presentwo methodsbhasedon imagewarping
to correctfor thetwo mostimportantsourcef textureregis-
trationerrors.

The rst sourceof error are inaccuraciesn the body
model's geometrythat can be compensatedby warping the
input video framesprior to texture generation. In contrast
to our image-base@pproach relatedmethodsfrom the lit-
eraturetypically deformthe geometryof the modelto opti-
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mize model-to-imageregistration. For instance, [3, 4] de-
form modelgeometryfrom input imagesby jointly optimiz-
ing multi-view silhouette-and photo-consistenc In a simi-
lar line of thinking, [5] jointly employs silhouetteandstereo
constraintgo deformsceneggeometryfrom images.Themain
adwantageof our imagewarping methodis thatit is part of
the preprocessingndthustime-varying geometryvariations
don't needto beencodedn the 3D videostreams.

The secondsourceof misragistrationsis the shifting of
apparewhile the personis maoving. This alsohasto be com-
pensategbrior to re ectanceestimation We detecthemotion
of the appareby computingoptical ow elds in thetexture
space. Subsequent|ythe texture coordinatedor lookup are
warpedaccordingto the textile motion. To our knowledge,
thisis the rst methodin theliteratureto attackthis shifting
problem.

Our resultsshaw thatit is feasibleto usepurely image-
basedapproacheso compensatehe most prominentmulti-
view registrationerrors. Consequentlythey canbe handled
in a preprocessingtagewhich enableaus to stick to a very
compactrelightable3D videodataformat.

The papercontinuesn Sect.2 with a brief review of the
basicsof relightable3D video reconstructiorand important
preprocessingteps. Sect.3 explainsthe o w-basedimage
warpingtechniquewhichis usedduringboththegeometryer
ror compensationSect.4, aswell asthe cloth shift detection,
Sect.5. Resultsareshavn in Sect.6 andthe paperconcludes
with anoutlookto futurework in Sect.7.

2. PRELIMIN ARIES

Ourrecordingsetupcomprise®f eightmegapixel videocam-
erasthatareplacedin anapproximatehcirculararrangement
aroundthe moving subject,as well astwo calibratedlight
sources.During relightablefree-vievpoint video acquisition
we recordtwo typesof multi-view video sequencefor each
persorandeachtypeof appare[2]. Oneso-callede ectance
estimationsequencdRES) is capturedin which the person
rotateson the spot while attainingan approximatelystatic
posture(achievable by rotating in very small steps). This
sequencés usedfor pertexel BRDF estimation. Also, sev-
eraldynamicscenesequencefDSS)arerecordedo capture
arbitrary humanmotion. From thesesequencesthe actual
relightablefree-viavpoint videosare reconstructedand the



seconccomponenbdf there ectancemodel,thetime-varying
normal eld, is estimated. We apply the marker-less opti-
cal motion estimationand shapematchingschemedescribed
in [1] to make akinematicbodymodelwith a single-skinsur
facefollow the motionof the actorin eachof theinput video
streams.

Giventhemoving geometryall inputvideoframesandall
correspondinglatarequiredfor re ectanceestimation(e.g.
imagesamplesnormals visibility information,light vectors)
aretransformednto sequencesf textures. To this end,we
parameterizéhe models surfaceover a 2D square.For the
BRDF and time-varying normal estimationwe needa pa-
rameterizatiorwith minimal surfacedistortion. To achieve
this, we employ a parameterizatioParameterizatior) that
leaves the meshboundaryfree and resultsin fairly uniform
distribution of sampleg6]. For the purposeof cloth shift de-
tection,on the otherhand,we prefera parameterizatioiiPa-
rameterizatiorB) with a x edsquareboundaryFig. 1.

Parameterization A

Fig. 1. Humanbody model and the correspondingexture
parameterization&olors=normalencodedn RGB).

3. IMA GE WARPING

A genericGPU-assiste@nage-varpingmethodis usedin ei-
therof thetwo subsequentlgescribednulti-view registration
approachesThemethoddeformsaninputimage,l v , in such
away thatit optimally overlapswith a referencémagelr.
Thewarpingoperatiorworksasfollows:

is superimposedaver |y . The optical o w betweenl g and
v is computedby meansof an appropriateoptical o w
method for instancethe hierarchicalLucas-Kanad¢7] tech-
nique. Theso-createdo w eld describes displacementor
eachpixel in Iy thatbringsit into optimal overlapwith its
correspondingoixel in | g, Fig. 2. From the perpixel dis-
placementsve computea globally consistentvarpingfor | y
that bringsit into photo-consistentegistrationwith respect
to Ir. In orderto do this for eachvertex v; in T a 2D dis-
placementvectort; is estimatedoy performinga weighted
averageon all ow vectorsin a rectangulampixel neighbor
hoodaroundthe positionof v;. Thetrianglemeshis thende-
formedto globally adaptto the pervertex displacementdy
meansof a Laplaceinterpolation. The new meshcon gura-
tion approximatelysatis esthe displacementonstraintsand

Original
rid

Deformed grid

Optical flow between
reference and reprojection

Warped image

Fig. 2. lllustrationof theimage-varpingprocedure.

alsopreseresa smoothgeometry Formally, the deformation
of themeshis found by solvingthe Laplaceequation

Lx = 0 1)

wherex 2 R" arethevertex positionsandthen  n-Matrix

L isthediscreteLaplaceoperatol8] with

8
24 ifiinnervertexandi = j;
Li = 1 if i innervertex andj in its 4-neighborhood
T s
"0 else.

@
To solve the system we addsuitableboundaryconditionsto
Eq. (1) andreformulatethe problemas

X = 3)

Then nmatrixK andd 2 R" imposetheinterpolationcon-
ditionswhich will be satis edin least-squaresense.K is a
diagonalmatrix which containsnon-zeroweightsw; for ver
ticesv; for which a displacementonstrainthasbeenfound,
aswell asfor verticeson theimageboundary The vectord
encodegositionconstraintof theform x; = w; (u; + )
for innerverticeswith displacement;, andconstraintof the
formx; = u; x; for verticesontheimageboundary(u; being
undeformedvertex coordinates).It containsO-entriesfor all
othervertices.We solve Eq. (3) for eachcoordinatedirection
individually.

4. GEOMETRY ERROR COMPENSATION

Sincethegeometryof ourbodymodeldoesnotexactly match
thegeometryof its real-world counterpartduringtexturegen-
eration color information from spatially distinct surface lo-

cationsmay be mappedonto the samesurface point of the
model.We preventtheseerrorsby modifying thetexturegen-
erationprocessn thefollowing way:

Supposewe wantto transformthe imagel ¢ (t) seenby
cameraC attime stept into the texture domain,andthereby



Fig. 3. Geometryerrorcompensation.

producea texture henceforthreferredto as multi-view video
(MVV) texture. For eachtexel K in the MVV texture, we
rst determinethe camerathat seesit best. We achieve this
by searchingor the camerathat exhibits the minimal angu-
lar deviation betweenits viewing vector and the normal of
the surface point that mapsto K. In casethe camerathat
seeghe point bestis cameraC itself the texel color is taken
from I (t). In contrast|f it is anothercameraD 6 C, the
body modelis projectively textured with 1.(t) and the so-
textured model is renderedfrom cameraview D to obtain
lcinp, Fig. 3. Using the imagewarping method(Sect.3),
lcinp is deformedsuchthatit is optimally overlapswith
Ip (t). The resulting warpedreprojectedimageis called

lc.warped. SOmetimesbetterresultsare obtainedby recur
sively applyingthe warpingprocedure Typically, afterthree
iterationsa corvergenceis achieved. The texel coloris now
taken from | c.war ped(t). All possiblecombinationsof ref-
erenceandreprojectedvarpedimagesfor eachtime stepare
precomputedvhichmeans6 warpingcomputationgpertime
stepin our eightcamerasetup.

The comparisorshavn in Figs.5a,bproofsthatghosting
artifactsin texturesthat are dueto geometryerrorscan be
preventedby our approachwithout resortingto errorprone
geometrydeformation. One might amguethat optical ow is
basedon the assumptiorthat all surfacesin the sceneare
diffuse. For re ectanceestimation,though,we deliberately
generatespeculathighlightsin theimages.Our experiments
shav thatthemethodnonethelesproducegjoodresultssince
in mostinputframesthe diffusere ectanceis predominant.

5. CLOTH SHIFT DETECTION AND
COMPENSATION

Our BRDF estimationprocedureassumeshat a static set of
materialparametersanbeassignedo eachpointonthemodels
surface. In reality, however, this assumptiordoesnot 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 referenceexture. Pleasenotethatwe can
still reproducehe true shifting of the apparelduring render
ing by makingthe cloth motioninformationaccessible¢o the

Fig. 4. Cloth shift betweertwo subsequerdombinedextures
t andt+ 1 (in parameterizatioB) is foundvia optical o w. In
the middle, detectedshiftedareasare shavn in red. Finally,
theshiftis encodedn thewarpedtexture-coordinates.

renderer During display the rendererwarpsthe estimated
static BRDF texturesbackinto their true position. We em-
ploy the following methodto detectthe shifting of cloth in

thetexturedomain,Fig. 4:

Ourreferencdime stepis thelastframeof theRES.MVV
texturesfor this frameandall the framesof the DSSarere-
samplednto a weightedlyblendedsingletexture in parame-
terizationB. Cloth shift is detectedby computingan optical

ow eld betweensubsequenblendedtextures. This ow
eld describedor eachtexel how it shifts acrossthe body
surface. This texel motioninformationis madeaccessibléo
the re ectanceestimationprocessaswell asthe rendererin
theform of warpedtexture coordinates.

Pleaseemembethatwe usetexture parameterizatiom
for sampling,but texture parameterizatioB for cloth shift
computation. Therefore,we projectthe parameterizatio
texture coordinate®of the referenceframeinto parameteriza-
tion B to obtainthe texture coordinateimage|l ¢ gor gag (0).
Giventheaccumulatedlisplacementfrom the pairwise o w

elds we candeform| coorgas (0) suchthatit matcheshe
texture at eachtime of input video using the methodfrom

Sect.3. Notethatit is essentiato computethe cloth motion
relative to the previous frame and accumulatethe displace-
mentovertime. Only thisway, appearancdifferencesiueto

lighting changesanberobustly handled.

Thesequencef deformedexture coordinateenablesus
to accounffor cloth shifting duringestimationandrendering,
althoughwe only estimatea staticsetof BRDF parameters.

6. RESULTS

Fig. 6a,b shavs example screen-shotef a high-quality re-
lit 3D videorenderedn real-time. We assesshe multi-view
warpingquality by comparingheimagedifferencedetween
referencesiews andreprojectednodelviews beforeandafter
thewarp. Thelocalregistrationimprovementsn singleimage
pairsleadto a globalimprovementin multi-view texture-to-
model consisteng. In Fig. 5a,bthe texture registrationim-
provementdueto warping-basedgeometrycorrectionarevis-
ible. With respecto oneinputstreannotusedfor reconstruc-



Fig. 5. With geometryerror compensatiomghostingartifacts
(a) aresigni cantly reducedb).

tion we have obtaineda peak-signal-to-noise-ratiamprove-
mentof 0.2dB. On a PentiumlV 3.0 GHz, warp correction
takesaround10 seconddor onepair of referencamageand
reprojectedmage.

Cloth shift compensatiogieldsa furtherPSNRimprove-
mentof 0.1-0.2dB. Althoughthesequantitatve improvements
mayappeasmall,theirin uence ontheoverallvisualis qual-
ity iswell-pronouncedFig. 6 shavshow it correctgshemove-
mentof seamf the shirt over the surface.Cloth shift detec-
tion takesaround35 s pertime step.

Both methoddeadto enhancedegistrationin majority of
the situations.Still, beingglobal optimizationmethodsthey
can possiblylead to local deterioration. During cloth shift
detectionthe evolution of wrinkles canalsocausea problem.
In somerarecasesseamsat visibility boundariesnayoccut
however this wasnever anoticeablegoroblemin our mary test
scenes Both methodsare optionalextensionsto the original
relightablefree-vievpointvideoestimatiorframevork, andit
is up to theuserto decideif they areactivated.

Despitethelimitations,our resultsshav thatimage-based
warpcorrectionandcloth shift detectiorareeffective registra-
tiontechniqueshatenhancepatio-temporgbhoto-consistenc
for relightable3D videos.

7. CONCLUSIONS

We presentedwo image-basedpatio-temporategistration
techniqueghat enablehigh-qualityreconstructiorof model-
basedrelightable3D videos. In conjunction,they enablethe
faithful reproductionof an actor's appearanceespitesmall
inaccuracietn thetemplatemodels shapeanddespitemove-
mentof textiles acrossthe body's surface. Quality improve-
mentsin the real-timerenderingsvere shavn both quantita-
tively andvisually. In the future, we plan to work on new
algorithmsto reconstrucimoving peoplewearingvery wide
apparel.
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