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Abstract— By meansof passive optical motion capture real people
canbeauthentically animatedand photo-realistically textured.To
import real-world characters into virtual envir onments,however,
alsosurfacere�ectance propertiesmust be known. We describea
video-basedmodeling approach that captureshuman shapeand
motion as well as re�ectance characteristics fr om a handful of
synchronized video recordings.The presentedmethod is able to
recover spatially varying surfacere�ectance propertiesof clothes
fr om multi-view video footage.The resulting model description
enablesus to realistically reproducethe appearanceof animated
virtual actors under differ ent lighting conditions, as well as to
interchange surface attrib utes among differ ent people, e.g. for
virtual dressing. Our contribution can be used to create 3D
renditions of real-world people under arbitrary novel lighting
conditions on standard graphics hardware.

Index Terms— 3D Video, Dynamic Re�ectometry, Real-time Ren-
dering, Relighting

I . INTRODUCTION

Recentadvancesin graphicshardware and renderingalgo-
rithmsenablethecreationof imagesof unprecedentedrealism
in real-time. In order to capitalizeon thesenovel rendering
possibilities,however, ever more detailedand accuratescene
descriptionsmust be available. The price to pay can be
measuredin working hoursspentto createdetailedgeometry
meshes,complex textures,convincing shaders,and authentic
animations:Apparently, scenemodelingis becominga limiting
factor in realistic rendering.

One alternative to avoid excessive modeling times consists
of capturingsuitablemodelsdirectly from “the real thing”.
Image- and video-basedrendering (IBR/VBR) approaches
pursuethis notion,aimingat automaticallygeneratingvisually
authenticcomputermodelsfrom real world-recordedobjects
and events [16]. Many of these techniquesshow how to
interactively render photo-realisticviews from real world-
captured,dynamicscenes(seealsoSect.II). While the ability
to realisticallydisplaydynamiceventsfrom novel viewpoints
hasby itself alreadya numberof intriguing applications,the
next step is to use objects that have been capturedin the
real world for augmentingvirtual scenes.To import a real-
world object into surroundingsdifferent from the recording
environment, however, its appearancemust be adaptedto
the new illumination situation. To do so, the bi-directional
re�ectancedistribution function(BRDF)mustbeknown for all

objectsurfacepoints.Data-driven [7], [25] aswell asmodel-
based[22], [18] methodshave beenproposedto recover and
representthe BRDF of real-world materials.Unfortunately,
these methodscannot be directly applied to dynamic ob-
jectsexhibiting time-varying surfacegeometryandconstantly
changinglocal illumination.

We presentan approachthat jointly capturesshape,motion
and time-varying surfacere�ectanceof people.An overview
of our methodis given in Sect.III. As input to our algorithm,
we only require a handful of calibrated and synchronized
video recordings,Sect. IV. The algorithm returns subject-
adapted3D geometryandanimationparametersby employing
a marker-less motion capture method. In a preprocessing
step, multi-view texture consistency is enhancedand lateral
shift of textiles detected,Sect.V. From the video input, we
estimatea dynamic re�ectance descriptioncomprising of a
spatially-varying BRDF and a dynamicsurfacenormal �eld,
Sect.VI. PCgraphicshardware-assistedrenderingthenallows
usto photo-realisticallyvisualizerecordedpeopleat interactive
frameratesin changinglighting conditionsandfrom arbitrary
perspective, Sect.VII. We validateour algorithm,Sect.VIII,
and present results for several subjects wearing different
clothesmadeof non-lambertiantextiles, Sect.IX. The paper
concludesin Sect.X.

Contributionsof our paperare:

� An algorithm that warps input video images in order
to guaranteemulti-view photo-consistency in conjunction
with inexact objectgeometry,

� A method to detectand compensatelateral shifting of
textiles,

� dynamicre�ectometry from multi-view video, i.e.,

– per-texel BRDF parameterestimation,
– reconstructionof time-varying normal mapsto cap-

ture small, variabledetail of surfacegeometry(e.g.,
wrinkles in clothing), and

� the integrationof the acquisition,estimation,andrender-
ing methodsinto a working system.

The following section highlights related work on free-
viewpoint video andBRDF estimation.
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Fig. 1. Our methodjointly estimatesshape,motion and dynamicsurfacere�ectanceof a humanactor from input video (a). A dynamicscenedescription
basedon a templatebody model (b) enablesus to photo-realisticallyrendermoving actorsfrom arbitrary viewpoint and underboth capturedreal-world (c)
andarti�cial illumination (d).

I I . RELATED WORK

We capitalizeon previous researchin many areas,but primar-
ily pick up ideasfrom the �elds of free-viewpoint video and
image-basedre�ectanceestimation.

Researchin free-viewpoint video aimsat developingmethods
for photo-realistic,real-timerenderingof previously captured
real-world scenes.The goal is to give the userthe freedomto
interactively navigate his or her viewpoint freely throughthe
renderedscene.Early researchthat paved the way for free-
viewpoint video was presentedin the �eld of image-based
rendering(IBR). Shape-from-silhouettemethodsreconstruct
geometrymodelsof ascenefrom multi-view silhouetteimages
or video streams.Examplesare image-based[24], [35] or
polyhedral visual hull methods[23], as well as approaches
performingpoint-basedreconstruction[14]. The combination
of stereoreconstructionwith visual hull renderingleadsto a
morefaithful reconstructionof surfaceconcavities [20]. Stereo
methodshave also been applied to reconstructand render
dynamic scenes[41], [16], someof them employing active
illumination [33]. Alternatively, a completeparameterized
geometrymodelcanbeusedto pursueamodel-basedapproach
towardsfree-viewpoint video[6]. On theotherhand,light �eld
rendering[19] is employedin the3D TV system[26] to enable
simultaneoussceneacquisitionandrenderingin real-time.

IBR methodscan visualize a recordedsceneonly for the
same illumination conditions that it was captured in. For
correctrelighting, it is inevitable to recover completesurface
re�ectancecharacteristics.

The estimationof re�ection propertiesfrom still imageshas
been addressedin many different ways. Typically, a single
point light sourceis usedto illuminate an object of known
3D geometryconsistingof only one material.One common
approachis to take HDR imagesof a curved object,yielding
a differentincidentandoutgoingdirectionsper pixel andthus
capturing a vast number of re�ectance samplesin parallel.
Often, the parametersof an analytic BRDF model are �t
to the measureddata [32], [18] or a data-driven model is
used [25]. Zickler et al. [40] proposeda scattereddata
interpolationmethodto reconstructa re�ectancemodel. Re-

�ectancemeasurementsof sceneswith morecomplex incident
illumination can be derived by either a full-blown inverse
global illumination approach[36], [12], [4] or by representing
the incident light �eld as an environment map and solving
for the direct illumination componentonly [37], [30], [27]. In
our approachwe will approximatethe incident illumination
by multiple point light sourcesand estimateBRDF model
parameterstaking only direct illumination into account.

Re�ection propertiestogetherwith measuredphotometricdata
can also be used to derive geometric information of the
original object [39]. Rushmeieret al. estimatediffuse albedo
and normal map from photographswith varied incident light
directions [31], [3]. A linear light source is employed by
Gardneret al. [10] to estimateBRDF propertiesand surface
normal. In [11], [13], re�ectanceand shapeof static scenes
aresimultaneouslyre�ned usinga single light sourcein each
photograph.

Insteadof explicitly reconstructinga mathematicalre�ectance
model,it hasalsobeentried to take an image-basedapproach
to relighting. In [15] a method to generateanimatableand
relightablefacemodelsfrom imagestakenwith a speciallight
stageis described.Wengeret al. [34] extend the light stage
device such that it enablescapturingof dynamic re�ectance
�elds. Their resultsare impressive, however it is not possible
to changethe viewpoint in the scene.Einarssonet. al. [8]
extendit furtherby usinga largelight stage,a trade-millwhere
the personwalks on, and light �eld renderingfor display.
Humanperformancescanberenderedfrom novel perspectives
andrelit. Unfortunately, their methodcanonly processsingle
periodicmotion,suchaswalking, andis only suitablefor low
frequency relighting. For our 3D video scenario,we prefer a
morecompactscenedescriptionbasedon parametricBRDFs
thatcanbe reconstructedin a fairly simpleacquisitionfacility
and that allows for arbitraryviewpoint changes.

Carceroni and Kutulakos presenta volumetric method for
simultaneousmotion and re�ectance capture for non-rigid
objects[5]. They haveshown niceresultsfor spatiallycon�ned
3D sceneswhere they useda coarseset of surfels as shape
primitives.
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Fig. 2. Algorithmic work�o w of our method.

In thispaper, weproposeamodel-basedapproachthatcaptures
shape,motion parametersand dynamic surface re�ectance
of the whole human body at high accuracy. As input, we
only expecta handfulof synchronizedvideo streamsshowing
arbitraryhumanmotion.Our reconstructeddynamicscenede-
scriptionenablesus to rendervirtual peoplein real-timefrom
arbitraryviewpointsandunderarbitrary lighting conditions.

I I I . OVERVIEW

Fig. 2 illustrates the work�o w betweenthe componentsof
our joint shape,motion andre�ectancecaptureapproach.The
input to our systemconsistsof multi-view video sequences
thatarerecordedusingeightsynchronizedcolorvideocameras
(Sect.IV). The re�ectanceestimationsequence(RES)is used
to estimatesurface re�ectance properties.Arbitrary human
motion is capturedin the dynamic scenesequences(DSS),
and it is thesesequencesthat are later visualizedandrelit. In
both types of sequences,the personwearsidentical clothes.
The respective datapathsfor both input sequencesareshown
in Fig. 2. A generic body model is adaptedto match the
shapeand proportionsof the recordedperson.Subsequently,
human pose parametersare computedfor all time frames
by meansof a silhouette-basedmarker-free motion capture
approach(Sect. V-A). To store all per-surface elementdata
neededduringre�ectanceestimationin texturespace,wemake
use of surface parameterizationmethods.Multi-view video
(MVV) textures are generatedby transforming each input
video image into the texture domain (Sect.V-B). To correct
for photo-inconsistenciesdue to inexact body geometry, the
input imagescan be warp-correctedprior to MVV texture
generation(Sect.V-C). Furthermore,texture registrationprob-
lems due to shifting of the apparelover the body surface
are preventedby meansof an automaticcloth shift detection
procedure(Sect. V-D). From the RES video data, BRDF
modelparametervaluesareestimatedfor eachsurfacetexture
element(texel) of the geometrymodel individually (Sect.VI-
A). The recovered local re�ectancepropertiesthen allow us
to estimatethe time-varying surfacenormal �eld in the DSS
sequences(Sect.VI-B). Themoving bodymodel,its spatially-
varying re�ectance,and the time-varying normal �eld enable
us to interactively renderandinstantaneouslyrelight the DSS
sequencesfrom arbitraryviewpoint andillumination direction
(Sect.VII, Sect.VIII, andSect.IX).

IV. ACQUISITION

As input to our system,we recordmulti-view video (MVV)
sequences.A multi-view recordingsetupenablesus to cap-
ture a volume of approx. 4 � 4 � 3 m with eight externally
synchronizedvideo cameras.Seven of the camerasareplaced
in an approximatelycircular arrangementaroundthe center
of the scene,the eighthcamerarecordsthe set from an over-
headposition.Sincewe estimateboth motion andre�ectance
properties,we have strict requirementsconcerningthe spatial,
temporal,andcolor resolutionof our imagingdevices.We em-
ploy ImperxTM MDC-1004camerasthat featurea 1004x1004
pixel CCD sensorwith linear 12 bits-per-pixel dynamicrange
providing a sustainedframerateof 25 fps. Thecapturedvideo
datais streamedin real-timeto eight parallelRAID systems.
Thecamerasarecalibrated,andinter-cameracolor-consistency
is ensuredby applying a color-spacetransformationto each
camerastream.

Thelighting conditionsin our studioarefully controllable.No
exterior light can enter the recordingarea,and the in�uence
of indirect illumination is minimized by covering up all the
wallsandthe�oor with blackclothandcarpet.Weemploy two
K5600TM Jokerbug 800 spot lights to illuminate our scenes.
They are placed in oppositecornersof our stage,and they
are orientedtowardsthe centerof the recordingarea,Fig. 3.
During estimation,we approximatethe contribution of each
spotlight by asinglepoint light source.Light sourcepositions,
intensitiesand color responseof the camerasare calibrated
off-line. Our �e xible approachcan also handlemore general
setupscomprisingof spotlights anddiffuseillumination from
the ceiling.

We successively recordtwo MVV sequencesfor eachperson
and eachtype of apparel. The �rst sequence,referredto as
the re�ectanceestimationsequence(RES),serves as input to
theBRDF estimationalgorithm.Thehumansubjectperforms,
on the very spot, a simple 360� rotation aroundhis vertical
bodyaxiswhich only takesa few seconds.Theactorkeepsthe
upperbody in a staticinitialization posture.This way, we can
safely assumethat, for the durationof the RES, the apparel
doesnot shift over thebody. Prior to re�ectanceestimationwe
�t our geometrymodel to eachrecordedbody pose(Sect.V-
A). For eachpoint on the model's surface,the RES contains
(in the best case)as many different appearancesamplesas
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there are imagesdepicting the respective point. Over time,
the surfaceelement's normalpointsin variousdirectionswith
respectto light sourcesand imaging sensors.While surface
normalorientationvariesfreely, our staticcameraandlighting
setupallows for only a limited numberof half vectordirections
ĥ j = l̂ + v̂ j , i.e., angular separationsbetweenspot light l̂
and cameradirectionsv̂ j . By placing the eight camerasnon-
symmetricallywith respectto the two spot lights, we gather
samplesfor up to 16 different light-to-cameraangles,which
we found suf�cient to robustly �t our isotropicBRDF models
(Sect.VI).

The secondtype of input video footage,the dynamic scene
sequences(DSS),capturetheactor'sperformancesfrom which
theactualrelightable3D videosareto begenerated.Fromthe
DSS we also reconstructa time-varying surfacenormal �eld
(Sect.VI-B).

V. MOTION CAPTURE AND TEXTURE GENERATION

We usea model-basedapproachto representthe time-varying
geometryof the actor. To estimateour model's shapeand
motion parameters,we performmaker-lessmotion capture.In
order to merge the video data from multiple viewpoints, we
computestatic texture parameterizations,resampleand align
theinput streamsusinga novel warp-correctiontechnique,and
temporallyregister the video streamsby detectingshifting of
the apparel.

A. Model-basedMotion Capture

To simultaneouslyrecover dynamic 3D surface geometryas
well asanimationparameters,we usean extendedversionof
themodel-based,passive opticalmotioncaptureapproachpro-
posedin [6]. A kinematicbodymodelconsistingof 16separate
segmentsrepresentedby individual triangle meshesis used
for automaticsilhouette-basedmotion estimationand shape
customization.In a semi-automaticprocedure,the segmented
modelcanbetransformedinto anew modelwith closedsingle-
skinsurfacegeometry, Fig. 1b. To doso,thetrianglemeshesof
adjacentsegmentsare zipperedand surfaceskinning weights
are assignedto correctly model motion-dependentgeometry
deformation. While we use the segmentedversion of the

Fig. 3. Illustration of cameraand light sourcearrangement.

model for motion estimationand shapeindividualization,we
usethe single-skinmodel for re�ectanceestimationand later
rendering.

B. Texture Parameterization

We jointly apply two differentstaticsurfaceparameterizations
of thesingle-skinmeshover theplanardomainbasedon [38].
To this end, the meshis cut along a prede�nedpath.Param-
eterizationI leaves the mesh boundaryfree and minimizes
surface distortion (the left image in Fig. 5 shows a texture
in parameterizationI). We use it during BRDF and normal
estimationsince it leads to a fairly uniform distribution of
sampleson themodel's surface.ParameterizationII forcesthe
boundaryof the meshto lie on the borderof a square(Fig. 4
shows two texturesin parameterizationII). This causeslarger
distortion, but the textureswith �x ed boundaryare ideal for
cloth shift detection(Sect.V-D).

Usingour surfaceparameterizations,all datarelatedto surface
elements(e.g. image samples,normals, visibility informa-
tion, light vectors) can be conveniently stored as textures.
Throughoutour experiments,we use1024x1024-texel texture
maps.Beforeany furtherprocessingcommences,thegraphics
hardware is usedto transformeachvideo cameraimageinto
the texture domain.For eachvideo time step,eight so-called
multi-view videotextures(MVV textures)arecreatedfor both
of the two describedtexture parameterizations.

C. Warp Correction

Fig. 4. Detectionof relative cloth shift betweentwo subsequentcombined
texturesCt andCt+ 1 (in parameterizationII) by meansof optical �o w. Areas
whereshifting textiles were found aremarked in red on the 3D model.

Although the body model initialization procedureyields a
faithful representationof the person's true geometry, small
inaccuraciesbetweentherealhumanandits digital counterpart
are inevitable. Due to these geometry inaccuracies,pixels
from different input views may get mappedto the sametexel
position in different MVV textures,even thoughthey do not
correspondto the same surface element of the true body
geometry.

Onecommonstrategy to enhancemodel-to-textureconsistency
is to deform the geometryuntil an overall photo-consistency
measureis maximized.Geometrydeformation-basedoptimiza-
tion, however, tends to give unstableresults, in particular
due to nonlinear optimizations that are normally required.
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We take an alternative approach.Insteadof moving surface
elementsto their correctlocationsin 3D, we move the image
pixels within the 2D input imageplanesuntil they all become
photo-consistentgiven the available geometry. The following
example illustrates our modi�ed MVV texture generation
scheme(seeFig.5 andvideo):

Let's assumewe want to assemblea MVV texture from the
video imageI j (t) seenby cameraj at time t. For texel k in
the MVV texture, we �nd out which cameraseesit bestby
searchingfor the minimal deviation betweencameraviewing
vectorsand the surface elementnormal. If the camerathat
seesthe surfacepoint bestis j, the texel color is taken from
I j (t). In casecamerai 6= j seesthe point best and it is not
occluded,we regard the video image Ii(t) as the reference
image.The modelat time t is projectively texturedwith I j (t)
andrenderedinto cameraview i. Theimageof thereprojected
textured model is warped such that it is optimally aligned
with the referenceimage.The color of k is taken from the
warped image. This way, all texel color values stem from
the samephysical cameraimage. The texel color, however,
is always taken from a versionof that cameraimagethat has
been optimally aligned with the cameraview that seesthe
correspondingsurfaceelementmosthead-on.

Warpedimagesareprecomputedfor all 56 possiblecombina-
tions of i and j at every time step(Fig. 5). To establishper-
pixel correspondences,the warping operationitself is based
on the optical �o w [21] betweenthe referenceimageandthe
imageof thereprojectedtexturedmodel.A regular2D triangle
meshis superimposedon the reprojectedmodel image,per-
vertex displacementsarederived from theoptical �o w values,
and the mesh is deformedaccordinglyvia thin-plate spline
interpolation [9]. Finally, the warped reprojectedimage is
createdon the GPU.

Optical �o w is basedon the assumptionthat all surfaces
in the sceneare diffuse. For re�ectanceestimation,though,
we deliberatelygeneratespecularhighlights on surfaces in
the scene.Experimentsshow that our method nonetheless
producesgood results since for the majority of garments
diffusere�ectanceis the predominantcontribution.

D. Cloth Shift Detection

OurBRDFestimationprocedure(Sect.VI-A) yieldsa �x edas-
signmentof BRDFparametervaluesto individualbodysurface
locationswhich it storesas static textures. During dynamic
normal estimation (Sect. VI-B) and rendering (Sect. VII),
however, this rigid attribution of re�ectance propertiesmay
not hold since in a DSS, in contrastto the RES, it is likely
that textiles undergo transversal shift over the body surface.
It is thus necessaryto detect cloth shifting and to take it
into account for these two steps. We have developed the
following procedure:For eachtime step of a DSS, and the
last time stepof the correspondingRES,all MVV texturesin
parameterizationII areweightedlyblendedinto combinedtex-
tures.Eachcombinedtexture describesthe completesurface
appearanceof thepersonin a singlesquareimage,Fig. 4. The

combinedtexture of the single RES time stepis regardedas
the referencetexture sinceit capturesthe surfaceappearance
from which BRDF parametersare estimated.Cloth shift in
3D correspondsto imagemotion in the texture domainwhich
we computevia optical �o w (Sect.V-C). For eachtime step
of a DSS we need to compute the motion of each texel
with respectto its position in the BRDF parametertextures.
Due to lighting changesthis absoluteshift-motion cannot
be computedby direct comparisonto the referencetexture.
Instead,we �rst computethe relative shift-motionbetweenall
subsequentcombinedtexturesCt andCt+ 1, Fig. 4. Themotion
betweenthe referencetexture andC0 is also computed.The
absoluteshift-motion of a texel in Ct is the sum of all its
shift motionsthat have beendetectedat previous time steps.
We use the GPU to rendera texture-spacerepresentationof
absoluteshift-motionof eachtexel at eachtime step.To this
end, we use the mesh-basedwarping techniquedescribedin
Sect.V-C to warp the color-codedBRDF texture coordinates
in parameterizationII accordingto theabsoluteshift-motion.

VI . DYNAMIC REFLECTOMETRY

Our re�ectance estimation approachconsistsof two steps.
In the �rst step we determineBRDF parametervalues per
pixel from the re�ectance estimationsequence.An iterative
estimationprocessenablesus to handlegeometryinconsisten-
cies betweenthe real object and the much smootherhuman
bodymodel.In thesecondstepwe computeeventime-varying
normal maps per frame to capture surface detail such as
wrinkles in clothing whoseshapeand extent dependon the
currentposeof theperson.Theunderlyingtechniqueis similar
to [18] which we have extendedin orderto copewith multiple
light sources,time-varying data,and inter-frameconsistency.

A. BRDF Estimation

We estimatea setof spatially-varyingBRDFsfor eachperson
and each out�t from the respective re�ectance estimation
sequence(RES)explainedin Sect.IV. Theposeparametersfor
the RES have beendeterminedbeforehand.For eachsurface
element,the BRDF representationconsistsof an individual
diffuse color componentthat is speci�c to the surfacepoint,
anda setof specularparametersthat aresharedby all surface
pointsbelongingto the samematerial.Our framework is �e x-
ible enoughto incorporateany parametricre�ectancemodel.
However, in the majority of our experiments we employ
the parametricBRDF model proposedby Phong [28]. We
have also tested our method with the model proposedby
Lafortune[17], using two specularlobes.

In general,our estimationof BRDF parameters,and later the
estimationof the time-varying normals,is basedon minimiz-
ing for eachsurfacepoint~x the error E(~x; r (~x)) betweenthe
currentmodel r (~x) andthe measurementsfor this point from
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Fig. 5. MVV texture generation(parameterizationI) for camera0: The color information for eachsurfacepoint on the body model is not looked up in
the original input video framerecordedfrom camera0 (columnwith darker blue background).Insteadthe texel color is taken from an imagethat hasbeen
obtainedby reprojectingthe modelthat hasbeentexturedwith cameraimage0 into the cameraview that seesthe surfacepoint mosthead-on(secondcolumn
of images).Given 8 cameras,56 warpedreprojectedimagesexist for one time step(imagematrix in center).

all camerasi at all time stepst:
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The term is evaluatedseparatelyin the red, greenand blue
color channel.Si(t) denotesthe measuredcolor samplesat~x
from camerai, and I j denotesthe intensityof light source j.
The viewing directionsv̂i(t) and light sourcedirectionsl̂ j (t)
are expressedin the point's local coordinateframe basedon
the surface normal n̂(t). Visibility of the surface point with
respectto eachcamerais given by k i(t) and with respectto
the light sourcesby l j (t), both beingeither0 or 1. fr �nally
evaluatesthe BRDF. All information that is relevant for one
texel thus can be groupedinto an implicit datastructurewe
call dynamictexel or dyxel.

Using non-linearoptimization, this formula can in principle
be usedto determinea full BRDF and the surfacenormal at
the sametime. However, we apply an iterative approach.We
carefully designedthe re�ectanceestimationsequenceto ob-
tain a muchmorestableoptimization.Thesubsequentstepsof
our iterative BRDF estimationschemearematerialclustering,
�r st BRDF estimation,normal estimationand re�ned BRDF
estimation, Fig. 6.

Insteadof determiningthespecularpartof theBRDF perpixel
weassumethatthereis only very little variationof thespecular
part within the samematerial,e.g. skin, hair or the different
fabrics.By combining the measurementsof multiple surface
points exhibiting the samematerial,we increasethe number
of samplesand,moreimportantly, thevariationin viewing and
lighting directionsin order to obtaina more faithful specular
estimate.The clustering step determinesto what material a
surfaceelement,i.e., eachtexel in the texture maps,belongs.
The number of materials is preset a priori. We employ a
straightforwardcolor-basedclusteringapproachthatconsiders
the raw texel color values.

During the �r st BRDF estimationpass,an optimal setof per-
texel BRDF parametersis determinedusingthenormalsof the
default geometry. Theestimationitself consistsof a non-linear
minimization of (1) in the BRDF parameters.For optimiza-
tion, we make use of a Levenberg-Marquardtminimization
scheme[29] in the samemanneras [18]. First, we �nd an
optimal set of parametervaluesfor eachmaterial cluster of
texels.To quantifytheestimationerrorpermaterialcluster, we
sumthe error term in (1) for all surfaceelementsthat belong
to the cluster. Given the averageBRDF for each material,
we can renderthe model by applying only averagespecular
re�ectances.By subtracting this specularcomponentfrom
each sample,we generatenew dynamic texels that contain
purely diffusere�ectancesamples.Using thesepurely diffuse
samples,anindividual diffusecomponentis estimatedfor each
surface element (texel) by minimizing (1) over the diffuse
color parameter. The output of the �rst BRDF estimationis
thena setof spatially-varying BRDF parametersr f ir st .

The default normalsof the humanbody model cannotrepre-
sent subtle details in surface geometry, such as wrinkles in
clothing.In a normalestimationstep,we make useof the �rst
setof estimatedBRDF parametersr f ir st in orderto reconstruct
a re�ned normal�eld via photometricstereo.Pleasenotethat
our algorithm is not photometricstereoin the classicalsense
sincethe viewing directionsvary. However, we will continue
to usethis term for our algorithmandask the readerto keep
that differencein mind. In order to make this reconstruction
tractable,we implicitly assumethatthelocal normaldirections
do not changewhile the personis rotating in place.During
normalestimationweminimizethefollowing extendedversion
of the energy functional Eq. 1 in the local surface normal
direction n̂(~x) of eachsurfacepoint~x:

Enormal(~x; n̂(~x)) = a E(~x; r (~x)) + bD(n̂(~x)) g. (2)

The additional regularizationterm D(n̂(~x)) penalizesangular
deviation from thedefaultnormalof thebodymodel.Thisway,
we alsoenforceconvergenceto a plausiblelocal minimum of
the non-convex energy functional. The coef�cients a and b
areweightingfactorssummingto one,theexponentg controls
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Fig. 6. Subsequentstepsto estimateper-texel BRDFs.

the penalty impact. Appropriate values are found through
experiments.Normalestimationrobustnessis furtherimproved
if only thosecolor samplesin a dyxel areusedthatcomefrom
the two best cameraviews. In the secondBRDF estimation
we capitalize on the re�ned surface normals and compute
a more accurateset of BRDF parameters,r f inal . As output,
we generateone �oating point texture for eachBRDF model
parameter. Throughexperimentswe found out that the BRDF
estimationschemeconvergesto a stablesolutionalreadyafter
one iteration.Thus, it is safeto run just one iterationandby
this meanskeepprocessingtimesasshortaspossible.

B. Estimationof Time-varyingNormals

The BRDF reconstructedin the previous step enablesus to
relight any dynamic scenein which the person wears the
sameapparelasin the respective RES.To generatea visually
compelling rendition, however, we found that we need not
only accuratere�ectance,but alsoa representationof thesmall
surface geometrydetails that appearand disappearwhile a
person is moving. We are able to capture these geometry
detailsby estimatinga time-varying surfacenormal �eld for
eachDSSvia photometricstereo.

Motion parametersfor the DSS are found by meansof our
silhouette-basedtrackingapproach(Sect.V). Thetime-varying
normaldirection is estimatedfor eachsurfacepoint individu-
ally. Theestimationprocedureis a non-linearminimizationof
the regularizedenergy function (2) in the normal direction.
Our cloth shift detection method (Sect. V-D) has stored
information aboutpotentialtemporaldisplacementof textiles
asa streamof warpedBRDF texture coordinates.We account
for this by performingBRDF parameterlookupsusing these
temporally varying texture coordinates.In order to robustly

Fig. 7. 2D illustration of robust time-varying normal map estimation.
Top: The sequencesubdivided into short chunks.For eachchunk,one best-
matchingnormal is derived per texel which is assignedto the chunk's center
time step(white). Intermediatetime stepsare interpolated(bottom).

perform photometricstereoand to minimize the in�uence of
measurementnoise, a suf�cient number of sampleshas to
be collectedfor eachsurfacepoint. To achieve this purpose,
we assumethat changesin local normal direction within a
short window in time can be neglected.The input sequence
is split into subsequentchunksof frames(typically of length
5). For every point ~x on the body surfacewe �t an optimal
normal n̂ to eachchunkof video individually. After the time-
varying normalshave beenestimatedat this coarsescale,the
normaldirectionsbetweensubsequentchunksareinterpolated
via sphericallinear interpolation,Fig.7. For somesequences,
we areable to correctundersamplingproblemsby adaptively
enforcingconsistency with thetemplatemodel.To this end,in
thosesurfaceareasexhibiting a high �tting errorwe re-runthe
normalestimationwith a higherin�uence of the penaltyterm
in Eq. 2. This way, we obtain a normal �eld that is smooth
in the temporaldomainandfaithfully modelssubtledynamic
detailsin surfacegeometry.

VI I . RENDERING

Our approachoutputsa relightabledynamicobjectdescription
that consistsof the animatedgeometryand the reconstructed
materialproperties.Thematerialpropertiesconsistof thetime-
independentBRDF textures,the dynamicnormalmaps,anda
sequenceof warpedBRDF texturecoordinatesmodelingcloth
shifting.

During real-time playback,our rendererArena displays the
single-skinbodymodelin thesmoothlyinterpolatedsequence
of capturedbody poses.The �nal appearanceof the body
surfaceis determinedon the GPU by BRDF shaderprograms
implementedin Nvidia's CgTM language.We can currently
demonstratePhong and Lafortune shader implementations.
Due to limited cameraresolution,changingfacial expressions
cannotfaithfully be capturedby our dynamicre�ectancerep-
resentation.We thereforedo not computefull BRDF lighting
in the facebut only simulatediffuse surfaceappearance.To
this end, we use the fragment colors from the weightedly
blendedinputvideostreamsasdiffusere�ectancecomponents.
Our real-time renderer can illuminate the dynamic scene
from multiple point or directionallight sourceswith activated
shadow mapping.Relighting from static environment maps
that are approximatedby discrete directional light sources
via importance sampling is also feasible. On a 3.0 GHz
Pentium4we achieve 19 fps sustainedrenderingframe rate
if a model with 90000 trianglesand four point lights with
activatedshadow mappingareapplied.Using an environment
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mapfor relighting,we canstill renderthe sceneat 6 fps if 16
approximatinglights areemployed.

VI I I . VALIDATION AND DISCUSSION

We have validated our approachby visual inspection and
quantitative evaluation. In total, we have processed15 dif-
ferent input sequencesusing Phong and Lafortune BRDFs.
They cover 3 different humansubjects,6 different types of
apparel,andcomprise150 to 350 frameseach.For numerical
veri�cations, we restrictourselves to Phongsequences.

(a) (b)

Fig. 8. (a) Resultwithout warp-correctionprior to re�ectanceestimation-
ghostingdue to misalignmentsalong the stripesof the trousersare visible.
(b) Result with warp-correction- ghostingartifacts have beensigni�cantly
reduceddueto bettermulti-view consistency. Block artifactsaredueto limited
texture resolution.

Warp correction(Sect.V-C) leadsto an averagereductionin
absoluteimagedifferencebetweenreferenceand reprojected
image in the rangeof 6%. Thesepair-wise registration en-
hancementsresult in improvementsin multi-view texture-to-
modelconsistency, seeFig. 8.

(a) (b) (c)

Fig. 9. Zoom-in on renditionsof the t-shirt's waist seam.Block artifacts
are due to limited texture resolution.(a) shows the model textured with the
blendedinput cameraviews as reference.(b) shows the appearanceof the
renderedseamif cloth shift detectionhasnot beenusedduringreconstruction.
Parts of the trousersare erroneouslydisplayedin orangecolor. In contrast,
(c) shows the correctly renderedseamif textile motion hasbeenconsidered
during theestimation.Althoughtheshift detectionis not pixel-accurateit still
leadsto a more realistic reproductionof the true appearanceof the actor's
apparel.

Cloth shift compensationalso contributes to more realistic
renditions,especiallysince the positionsof seamsof pieces

TABLE I

COMPARISON OF THE ESTIMATED AVERAGE DIFFUSE AND SPECULAR

PHONG BRDF PARAMETERS THAT HAVE BEEN ESTIMATED USING THE

SCANNED AND THE TEMPLATE MESH. VALUES ARE GIVEN FOR THREE OF

THE SURFACE MATERIALS.

Material Scanned Template

Shirt (Diffuse) 0.352 0.336

Shorts(Diffuse) 0.773 0.743

Skin (Diffuse) 0.448 0.445

Shirt (Specular) 0.012 0.013

Shorts(Specular) 0.014 0.010

Skin (Specular) 0.015 0.012

of apparelare more reliably captured,seeFig. 9. Although
both of thesemethodsleadto visual improvementsin locally
con�ned surface areas,they have a very noticeablepositive
in�uence on the overall visual quality.

We have alsomeasuredthe averagepeak-signal-to-noise-ratio
with respectto one input video streamnot usedfor recon-
struction. By employing warp correction,we obtaina PSNR
improvement of 0.2 dB. Cloth shift compensationtypically
accountsfor anadditionalgainof 0.1-0.2dB. Thisnumerically
con�rms theachieved reconstructionimprovements.However,
the global quality measuredoes not do full justice to the
perceivable local visual improvementsthat we achieve.

For our capturedtest persons,we neither have ground truth
BRDF parametersnor groundtruth normal mapsat our dis-
position.We thereforeassessthe quality of the reconstructed
dynamicre�ectancemodelsby visual comparisonto the input
videofootage.Ourapproachcapturesdynamicscenegeometry
reliably and jointly estimatesdynamicsurface re�ectanceof
differentmaterials,Fig. 12. Diffuse and specularre�ectances
arefaithfully discriminated.Therealisticallyreproducedspec-
ular re�ection of the trousersof a male test subjectis shown
in the accompanying video that canbe downloadedfrom [1].
Subtledetailslike time-varying wrinkles in clothing arefaith-
fully capturedin normalmaps,Fig. 12a,andrealisticallyrelit
undervarying illumination conditions,Fig. 12b.

To get as-good-as-possiblere�ectancedatafor one RES, we
generateda high-quality surface mesh using a laser range
scannerand rotatedthe personon a turntable.We compared
BRDF parametersandnormalmapscomputedwith our model
to theonesobtainedwith thescannedmodel.Theper-material
BRDF parametersfound with our approximategeometryonly
deviate minimally, see Tab. I. Our surface normals nicely
capturesurfacedetails,most importantly wrinkles and seams
of piecesof apparel.In someplacesour normal �eld even
exceedsthe resolutionof the scan(seeFig. 10).

To verify therenderingqualityundernovel lighting conditions,
we have recordedone of our male test subjectsunder two
different calibratedlighting setups,henceforthtermedLC A
andLC B. In eachof the lighting setups,just oneof the spot
lights hasbeenemployed.Thepositionsof thelight sourcesin
LC A andLC B are(angularly)approximately45� apartwith
respectto thecenterof thescene.We reconstructedtheBRDF
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of thetestsubjectusinglighting setupLC A. Subsequently, we
comparedthe groundtruth imagesof the personilluminated
by setupLC B, Fig. 11a,to therenderingsof thepersonunder
LC B, Fig. 11b. This comparisonillustratesthat our method
realistically reproducesthe true appearanceof even subtle
surface details under incident illumination that is different
from the lighting conditionsusedduring reconstruction.

Our approachis subjectto a coupleof limitations:Re�ectance
estimationis impossible,if alreadythe shapeestimationus-
ing the marker-less motion capturemethod fails. There are
certainly extremepostures,suchas the fetal position, which
could not faithfully be captured.However, we have shown
alreadyin [6] thatwe cancapturefairly complex motionsuch
asballetdance,andcanalsohandleposeswerethearmscome
closeto thebody. In our testsequences,weshow fairly general
everydaymotion suchaswalking anda simpledance.Please
note that in thesessequencespeopleare holding there arms
away from thebodyin orderto exposetheotherwiseoccluded
torso areasto the viewer. This way, we demonstratethat we
canactuallycapturetheappearanceof areaspossiblyoccluded
to somecamerasor light sources.It is thusnot dueto a limited
operationalrangeof our algorithm.

Another limitation is that the single-skin surface model is
generatedin an interactive procedure.However, this is not
a principal limitation of our methodsince model generation
could be fully automatedby a methodsimilar to [2]. Further-
more,althoughwe can handlenormal every-dayapparel,we
can not accountfor looseapparelwhosesurfacecan deviate
almostarbitrarily from the body model.

Although cloth shift compensationand warp correctionlead
to visual improvements in the majority of cases,isolated
local deteriorationsarestill possible.Cloth shift detection,for
example,sometimeserroneouslyclassi�es evolving wrinkles
asshifting of apparel.Also, in caseof stronglyincorrectbody
geometry, warp correctionmay inducenoticeablediscontinu-
ities on the surface,e.g. due to changingreferencecameras
or visibility boundaries.Luckily, for the types of scenewe
intend to handle,body shapeis alreadyso close to the true
geometrythatthesediscontinuitiesplay no signi�cant role.We
nonethelessleave thedecisionif eitherof thetwo methodsare
usedto the user.

Moreover, we currentlyneglect interre�ectionson thebody. In
the RES,they potentiallyplay a role betweenthe wrinkles in
clothing.To prevent this effect from degradingthe estimation
accuracy, we have taken care to minimize the number of
wrinkles in the RES.

Sometimes,we observe smallrenderingartefactsdueto under-
sampling(e.g.on theunderneathof thearms).However, since
we decouplethe BRDF estimationfrom the dynamicnormal
map estimation,we can reduceundersamplingproblemssig-
ni�cantly. First, undersampledareasduring BRDF estimation
can be minimized by recording an RES sequenceshowing
several rotationmotionswith differentbody postures.If even
in this extendedRES a pixel is never seenby any of the
cameras,we �ll in re�ectance propertiesfrom neighboring

(a) (b) (c)

Fig. 10. Color-codedsurfacenormalsof a laser-scanof a personin shorts
(a), thenormal�eld estimatedwith our method(b), andthesurfacenormalsof
our the templatemodel (c). The 3 coordinatesof the surfacenormalvectors
in world spaceare encodedin the three RGB color channels.One has to
notethat our laser-scanneris not well-suitedfor full-body scanning,andthus
exactgeometryof thehead,thehands,andthefeetcouldnot bereconstructed.
Furthermore,due to resolutionlimitations, geometrydetailswere smoothed
out and subtle wrinkles were not captured.Even though,one can seethat
our estimatednormal �eld (b) nicely reproducesthe wrinkles that have been
capturedin the scan.Thesegeometryfeaturesarenot presentin the smooth
templategeometry (c). One can even see that our image-basedapproach
doesn't smoothout details like the seamof the t-shirt and the seamof the
shorts.Insteadit capturesthemaccurately.

regions in texture space.This still leaves the possibility that
during dynamic normal estimation a surface point is not
exposedto any camera.In this case,we have to resort to
the normal coming from the templatemodel since no other
evidenceis available.We'd like to point out that all of these
undersamplingissuesare general problems of any passive
vision systemandnot speci�c to our approach.

Finally, our currentfacerenderingtechniqueis a compromise
that producesvisually compelling but not physically correct
results.Capturingthe re�ectanceof the faceseparatelywith
a morecloselyspacedcamerasetupwould permit full BRDF
relighting.

Despitetheselimitations,our methodis aneffective combina-
tion of algorithmictoolsthatallows for thecreationof realistic
relightabledynamicscenedescriptions.

IX. RESULTS

In the previous section,we have given evidenceof the per-
formanceof individual algorithmic componentsof our joint
motion and re�ectance estimation scheme.In this section,
we show that the interplay of thesealgorithmic ingredients
enablesthe authenticrendition of moving real-world people
in real-time. Our dynamic scenedescription allows us to
photo-realisticallyrenderhumanactorsunder both arti�cial,
Fig. 1d, and real world illumination that has beencaptured
in high-dynamicrangeenvironment maps,Fig. 1c. We can
also implant actors into virtual environments as they are
commonlyusedin computergames,suchas a little pavilion,
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(a) (b)

Fig. 11. Renderingundernovel calibratedlighting condition: (a) shows the
ground-truth(recorded)appearanceof the actor from one input view under
calibratedlighting conditionLC B. (b) shows therenderedmodelunderLC B
from the sameviewpoint. For BRDF reconstruction,a different calibrated
lighting condition LC A was used.The comparisonshows that we are able
to reproducethe true appearanceof the actor even under novel lighting
conditions.

Fig. 12c,or a pool house,Fig. 12d.Here,our dynamicsurface
re�ectance descriptioneven enablesthe realistic display of
the person's re�ection in the mirroring �oor and the water
surface.Relightable3D videoscanbedisplayedfrom arbitrary
viewpointsandeven real-world lighting environmentscanbe
rotatedinteractively, seeFig. 12e,f,g,h,iandtheaccompanying
video (that canbe downloadedfrom [1]).

Oncewe have estimatedthe BRDF for one type of clothing,
we canalsousethe surfaceappearancedescriptionto change
the apparelof a personeven for motion sequencesin which
the personwasoriginally dresseddifferently (seevideo).

Themotionestimationprocesstakesaround3 s per time step.
Re�ectance estimation at most takes 1 hour for the RES.
Normalestimationtakesapproximately50 s pertime step,and
it canbe parallelizedto bring the computationtime down.

Optional input frame warping takes around 10 s for one
pair of referenceimage and reprojectedimage. Cloth shift
compensationaccountsfor an additional35 s of computation
time for one time stepof video.

Even with the relighting option, our �nal data format is
morecompactthanthe traditional3D video format [6] which
comprisesof 8 raw video streamsfor projective texturing
and the moving model. As an example, for a 330 frames
sequence,the data size of the complete relightable video
(moving geometry+BRDF+normalmaps)is 528MB, whereas
the total sizeof the raw input framesis 1452MB.

Our resultsdemonstratethat we have developedan effective
novel method for simultaneouscapture of dynamic scene
geometry, per-texel BRDFs and time-varying normal maps
from multi-view video.Theacquiredscenedescriptionenables
realistic real-timerenditionof relightable3D videos.

X. CONCLUSIONS

Our video-basedmodeling approachjointly capturesshape,
motion and surfacere�ectanceof a person.From eight syn-

chronized multi-video streams,we recover all information
necessaryto photo-realisticallyrendera recordedpersonfrom
arbitrary viewpoint and in arbitrary illumination. The ability
to perform convincing relighting enablesus to implant real-
world, animatedpeopleinto virtual surroundings.Theabstract
description of people's appearancein terms of geometry,
animation and surface re�ectance further allows us to sep-
aratesurface appearancefrom geometry. This way, we can
interchangesurfaceattributesamongdifferentpeople,e.g.,for
dressingonepersonwith anotherperson's clothes.Moreover,
we employ a compactdata format for our scenedescription
that canbe acquiredwith only a handfulof imagingsensors.

Joint shape,motion and re�ectance capturecannotonly be
applied to humansbut to any dynamicobject whosemotion
can be describedby a kinematic chain and for which a
suitablyparameterizedgeometrymodelis available.For BRDF
parameterrecovery, theproposedalgorithmcurrentlyassumes
thatthesubjectis illuminatedby a smallnumberof spotlights.
Our approach,however, canbe extendedto usemoregeneral
lighting con�gurations,suchas the light stagedevice [34].
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