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Abstract— In recentyears,the convergenceof computer
vision and computer graphics hasput forth fr ee-viewpoint
videoasa new �eld of research. The goal is to advancetra-
ditional 2D video into an immersive medium that enables
the viewer to interactively choosean arbitrary viewpoint in
3D spaceonto the a scenewhile it playsback. In this paper
wegivean overview of a systemfor reconstructing,render-
ing and encodingfr ee-viewpointvideosof human actors. It
employs a hardware-acceleratedmarker-fr ee optical mo-
tion capture algorithm fr om multi-view video streamsand
an a-priori body model to reconstruct shapeand motion
of a moving actor. Real-time high-quality rendering of the
moving person fr om arbitrary perspectivesis achieved by
applying a multi-view texturing approach fr om the video
frames. We also presenta predictive encoding as well as
a 4D-SPIHT wavelet compression mechanism that both
exploit the 3D scenegeometry for ef�cient encodingof the
multi-view texture images.

I. INTRODUCTION

We currentlywitnesstheconvergenceof the �elds of com-
puter graphicsand computervision. This developmenthas
beenmotivatedby the ideaof creatingphoto-realisticvisual-
izationsof real-world scenesin a computernot by designing
modelsof shapeandappearance,but by reconstructingthese
modelsfrom photographicor video data of the real world.
One novel �eld of researchthat has beenspawned by this
convergenceis the�eld of free-viewpoint video.In traditional
video,theviewpoint ontoa scenehasbeendeterminedby the
directorandcannotbechangedby theviewer. Thegoalof free-
viewpoint videois to enabletheviewer to interactively choose
an arbitraryviewpoint onto the playbackof a dynamicscene
thatwaspreviouslyrecordedin therealworld.Thealgorithmic
challengesto make sucha technologyrealityaremanifoldand
involve theacquisitionof multi-view video(henceforthMVV)
streams,thereconstructionof therecordeddynamicscenesand
theef�cient encodingof the3D videofootage.In thispaperwe
describeour algorithmicsolutionsto theseproblemsthat lead
to thedevelopmentof amodel-basedfree-viewpointvideosys-
temof humanactors[1]. Our approachappliesa model-based
marker-less humanmotion capturealgorithm to reconstruct
free-viewpoint videosfrom MVV footage.The reconstructed
3D video can then be played back in real-time from any
arbitraryviewpoint. Photo-realisticsurfaceappearanceof the
actoris attainedby creatingdynamicMVV texturesfrom the

Fig. 1. Overview of thefree-viewpoint videoacquisitionand
renderingsystem.

input video footage.We alsodevelopedalgorithmicsolutions
for ef�cient compressionof thesurfacetextures.

II. RELATED WORK

A variety of different approacheshave beenproposedin
theliteraturethataim at transforming2D videoandtelevision
into an immersive 3D medium.Free-viewpoint video is one
category of 3D video in which the viewer shall be given
the �e xibility to interactively positionhimself at an arbitrary
virtual locationin a 3D. But theterm3D videoalsocomprises
othertechniques,suchasdepth-image-based[2] or panoramic
video[3].

Thetrail for 3D videoapplicationswaspavedby algorithms
from image-basedrenderingthat aim at reconstructingnovel
renderingsof a scenefrom input images[4]. Thesetechniques
have motivatednovel researchthat draws from experiencein
computervision and computergraphicsto explicitly create
3D video systems.In depth-image-basedapproaches,novel
viewpointsof a scenearereconstructedfrom color video and
depthmaps[2]. In [5] and [6] dynamic3D scenegeometry
is reconstructedvia stereoalgorithms from multiple video
cameras,and during playback the viewer can attain novel
viewpoints in betweenthe recordingimaging sensors.In [7]
a shape-fromsilhouettemethodis appliedto reconstructdy-
namic scenesfrom multiple video streams.Applying light-
�eld basedmethodsfor free-viewpoint video has also been
considered[8].

Whereas 3D video provides interactivity only on the
viewer's side, in 3D TV the full pipeline from acquisition



Fig.2. Blendbetweenrenderedbodymodelandunderlyingtrianglemesh(l); bodymodelwith kinematicstructure(m); rendered
free-viewpoint video(r).

to display needsto run in real-time. A 3D TV systemfor
a restrictedset of novel viewpoints basedon multiple video
camerasfor recordingandmultiple projectorsfor displayhas
beenpresentedin [9].

Weproposeamodel-basedsystemfor free-viewpointvideos
of humanactorsthat employs a marker-lessmotion capture
approachto estimatemotion parameters.A comprehensive
review of computervision basedmotion capturealgorithms
canbefoundin thesurvey paper[10].

Whereasacquisitionandrenderingof free-viewpoint videos
is one aspect,encodingof the 3D videos is essentialfor
ef�cient transmissionover broadcastingchannels[11].

III. THE BIG PICTURE

Our free-viewpoint video acquisitionandrenderingsystem
consistsof: a multi-camerasystemfor recording,a model-
basedmarker-free optical motion capturealgorithm for re-
construction,anda real-timerendererfor displayof the free-
viewpoint videos[1]. The systemconsistsof an off-line and
an online component(Fig. 1). The off-line part involves the
recording of the MVV footage of the actor with a set of
synchronizedvideo camerasas well as the estimationof the
person's motion parameters.The (optional) texture compres-
sion is also performedoff-line. Both, for estimatingmotion
parameters,aswell asfor renderingthe3D videofrom anovel
viewpoint,we employ ana-priori humanbodymodel(Fig. 2).
The optical motion capturealgorithm usessilhouettesof the
moving personand an error measurecomputedin graphics
hardwareto robustlyestimatemotionparameters.In aninitial-
ization step,the shapeandproportionsof our a-priori model
areadaptedto theappearanceof therecordedperson.

The online componentof the systemprovides a real-time
rendererwith an interactioninterface for the user. Two dif-
ferentrenderingsystemsareprovided.Both renderersdisplay
the body model in the sequenceof capturedposes.Renderer
I textures the model with the back-projectedand rendered
segmentedvideo frames.RendererII, on the otherhand,ap-
plies time-varying texture mapson the humanbody model
that have beencreatedin a pre-processingstep.The texture
atlas, a parameterizationfunction, allows our surfacetexture
compressionschemesto ef�ciently exploit scenegeometryand
temporalcoherence[12].

IV. MULTI-VIEW VIDEO RECORDING

The video sequencesused as inputs to our system are
recordedin our multi-view videostudio[13]. IEEE1394cam-
erasare placed in a convergent setuparoundthe centerof
the scene.The video sequencesusedin our experimentsare
recordedfrom 8 staticviewing positionsarrangedat approx-
imately equalanglesand distancesaroundthe centerof the
room.All camerasaresynchronizedandrecordat a resolution
of 320x240pixelsanda framerateof 15 fps (maximumframe
ratewith external trigger). The camerasarecalibratedinto a
global coordinatesystem.In eachvideo frame,the silhouette
of the personin the foregroundis computedvia background
subtraction.

V. THE MODEL

In oursystemweapplyagenerichumanbodymodelconsist-
ing of 16 individual bodysegments.Eachsegment's surfaceis
representedvia aclosedtrianglemesh.Themodel'skinematics
arede�ned via 17 joints that connectthe body segmentsand
form a hierarchicalskeletonstructure.35 poseparametersare
neededto completelyde�ne theposeof thebody. In total,more
than21000trianglesmakeup thehumanbodymodel(Fig. 2).

The generic model does not, in general,have the same
proportionsasits humancounterpart.To beableto adaptmodel
sizeandproportionsto therecordedperson,eachsegmentcan
be individually scaled,and its surfacedeformed.The param-
eterscontrollingmodelstatureandbuild arederived from the
modeloverlapwith silhouetteimagesof aninitialization pose.
They arekept�x edduringactualmotioncapture.

VI. MOTION CAPTURE

Sinceany form of visualmarkersin thescenewould neces-
sarily changeits naturalappearance,we developeda marker-
lesshumanmotion capturemethodto acquirefree-viewpoint
videosbasedon our a-priori model. In our method,the indi-
vidualizedgeometrymodelautomaticallytracksthemotionof
a personby optimizing the 35 joint parametersfor eachtime
step.This is achieved by matchingthe projectedbody model
to the segmentedsilhouetteimagesof the personin eachof
the input cameraviews so that the modelperformsthe same
movementsasthehumanin front of thecameras.

Theposeparametersaredeterminedbymeansof ahierarchi-
cal non-linearoptimizationprocedure.The numberof pixels



of the projectedmodel silhouettesand the input silhouettes
thatdo not overlapis our comparisonmeasure.Conveniently,
theexclusive-or(XOR) operationbetweentherenderedmodel
silhouettesandthe segmentedvideo-imagesilhouettesyields
exactly thosepixels. The sum of theseXOR pixels over all
cameraperspectives forms our error measurethat can be ef-
�ciently evaluatedin graphicshardware.

For numerical optimization of the pose parameterswe
employ a standardnon-linearoptimization method,such as
Powell's method.To ef�ciently avoid local minima and to
obtain reliable model poseparametervalues,the parameters
are not all optimized simultaneously. Instead, the model's
hierarchicalstructureis exploited.Modelparameterestimation
is performedin descendingorderwith respectto theindividual
segments'impacton silhouetteappearanceandtheir position
along the model's kinematic chain. First, the position and
orientationof thetorsoarevariedto �nd its 3D location.Next
the armsandlegs are�tted usinga joint parameterizationfor
their lower andupperparts.Finally, thehandsandthefeetare
regarded.

To avoid local, sub-optimalerror minima for the armsand
legs a limited regular grid searchprecedesthe optimization
search.Thisprocedureacceleratesconvergenceandeffectively
avoidslocalminima.Inter-penetrationsbetweenlimbsarepre-
ventedby incorporatinga collision checkbasedon bounding
boxesinto theparameterestimation.

The motion parametersas well as the body deformation
parametersaresaved in our proprietaryfree-viewpoint video
�le formatthatservesasinput for thereal-timerenderer.

Recently, we have enhancedthe basic silhouette-based
trackingsystemby implementingit asa client-server applica-
tion using5 CPUsandGPUs[14]. We also includedtexture
informationinto thetrackingprocessby deriving posecorrec-
tionsfrom 3D corrective �o w �elds reconstructedfrom optical
�o w [15].

VII. RENDERING WITH PROJECTIVE TEXTURES

A high-quality 3D geometrymodel is now available that
closely matchesthe dynamic object in the sceneover the
entire length of the sequence.RendererI displaysthe free-
viewpoint video photo-realisticallyby renderingthe model
in the sequenceof capturedbody posesand by projectively
texturing the modelwith the segmentedvideo frames.Time-
varyingclothfoldsandcreases,shadowsandfacialexpressions
are faithfully reproduced,lending a very natural, dynamic
appearanceto the renderedobject (Fig. 2). To attainoptimal
renderingquality, thevideotexturesneedto beprocessedoff-
line prior to rendering:Sincethe �nal surfacetexture at each
time step consistsof multiple imagestaken from different
viewpoints, the imagesneedto be appropriatelyblendedin
orderto appearasoneconsistentobjectsurfacetexture.Also,
local visibility must be taken into account,and any adverse
effects due to inevitable small differencesbetweenmodel
geometryand the true 3D object surfacemust be countered
ef�ciently . For appropriateblendingof theinputcameraviews,
per-vertex blending weights need to be computedand the

visibility of eachvertex in every inputcameraview needsto be
determined.If surfacere�ectancecanbeassumedtobeapprox-
imatelyLambertian,view-dependentre�ection effectsplay no
signi�cant role. Thus,the weightsarecomputedindependent
of theoutputview in suchawaythatthecameraseeingavertex
best gets the highestblending weight. This is achieved by
assigningthereciprocalof theanglebetweenthevertex normal
anda camera's viewing directionasblendingweight to each
camera's texturefragment.An additionalrescalingfunctionis
appliedto theseweightsthatallows for the�e xible adjustment
of thein�uence of thebestcameraon the�nal texture.

The0/1-visibility of eachvertex in eachinputcameraview is
precomputedandsavedaspartof thefree-viewpointvideo�le.
Sincethesilhouetteoutlinesdo not alwaysexactly correspond
to theprojectedmodeloutlinesin eachcameraview, we apply
an extendedvisibility computationfrom a set of displaced
cameraviews to avoid projectionartifacts.

Finally, while toogenerouslysegmentedvideoframesdonot
affect renderingquality, toosmalloutlinescancauseannoying
untexturedregions.To countersuchartifacts,all imagesilhou-
ettesareexpandedby acoupleof pixelsprior to rendering.

During rendering,the color from each texture image is
multipliedby its vertex-associatednormalizedblendingweight
andits 0/1-visibility in theprogrammablefragmentstageof the
graphicsboard.The �nal pixel color is the sumof the scaled
texturecolors.

Optionally, RendererI canalso reproduceview-dependent
lighting effectsby meansof view-dependentrescalingof the
view-independentblendingweights.

VIII. RENDERING AND ENCODING USING VIDEO
TEXTURES

For encodingpurposeswe resortto a differenttexture rep-
resentationand renderingalgorithm. RendererII represents
surfacetexturesasanangle-dependentvideotexture,or multi-
view video texture, that hasbeencreatedbeforehandusinga
parameterizationof thebodymodel.During displayRenderer
II unpackstheMVV texturesfrom acompressedcode-stream.

Since the texture changesonly slightly with the viewing
angleandover time, MVV texturesactuallycomprisecorre-
lated 4D data volumes.In the following we detail how the
MVV texturesareconstructedanddescribetwo methodsfor
their ef�cient encoding.No new compressionmethodhasto
be provided for the 3D modelandmotion capturingdata,as
compressedbit-streamsalreadyarespeci�ed assub-standards
of theMPEG4AFX speci�cation[16].

IX. TEXTURE ENCODING

A. Texture Atlas

The mappingfrom the input streamsinto texture spaceis
doneby de�ning a texture atlas which mapsthe surfaceof
the 3D model into the 2D domain.The problemof creating
a textureatlasis closelyrelatedto theproblemof surfacepa-
rameterization.For generalmeshesit is necessaryto introduce
cutson thesurfacein orderto boundthedistortion.Thosecuts
maypartitionthesurfaceinto distinctpatches.
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Fig.3. Resamplinginto thetextureatlas:(a)Color-codedbody
parts.(c) Correspondingregionsin texturespace.(b) Original
frame.(d) Resampledframeconsideringvisibility (512x512).

Our methodresemblesthe approachpresentedin [17], in
the way that our texture atlasis constructedby projectingthe
trianglesof one patchorthogonallyonto a planede�ned by
the averagesurfacenormal.Startingwith one arbitrary seed
triangle,neighboringtrianglesareaddedto thepatchuntil the
trianglenormaldeviatestoo muchfrom theaveragenormal.If
onepatchcannotgrow any furtheranotherseedtrianglestartsa
new patch.A separatetextureatlasis constructedfor eachbody
partwhich arethenjoined into a singleatlasasdemonstrated
in Figure3a)andc).

Vertex programson graphicshardwareassistin the texture
resamplingprocess.In orderto computevisibility, weperform
a traditional shadow mappingapproachwith the camerapo-
sition usedas the light source.All non-visibletexels will be
renderedblackascanbeseenin Figure3d).

B. CompressionOverview

Two compressionapproachescanbeused:

� Predictive Texture Encoding [12]: A two step average
(�rst over all cameraangles,thenover all time steps)is
generated,then differential textures are computedwith
respectto the averagetextures.All resultingtexturesare
then compressedusing a shape-adaptive wavelet algo-
rithm.Theformatgrantsrandomaccessover2 differential
imageadditions..

� 4D-SPIHTcoding[18]: All camera-speci�ctexturescom-
prise one large 4D array of texel data.For randomac-
cessandacceptabledecodingtime they arechoppedinto
blockswith an equalnumberof cameraanglesandtime
duration.Unusedtexels areexploited to reduceentropy.
Afterwards,a modi�ed SPIHT algorithmin four dimen-
sionsprovidesthenecessary, lossydatacompression.The

Fig. 4. Theaveragingschemefor textureencoding.

SPIHT-speci�c datastructureallows early terminationof
decodingto ful�ll timeconstraintsin real-timeplayback.

C. Predictive EncodingScheme

Encodingthe video streamsnow meansencodingthe re-
sulting texture mapsof eachtime stept and camerac. We
experienceda strongcoherenceinbetweenthecamera-speci�c
texturesof one timestepas well as over time. The proposed
encodingre�ects thiscoherencein a two level encoding.

Theencodingis shape-adaptive, i.e.,all blacktexelswill be
encodedby ashapemask,andonly thevisibletexelsp(x;y;t;c)
for which vis(x;y;t;c) = 1 need to be consideredfor each
frame.

At �rst, the averageT0(x;y;t) of all cameratexturesat one
timestepis computed,andfrom thistheaverageoverall frames
T00(x;y) (theparametersx andy areleft out in theremainderof
thispaper).SeeFig. 4 for agraphicalsketchof theprocess.

After computingtheaveragetexturesT0andT00all textures
(also the input textures) are converted from RGB to YUV
colorspacein whichall furtherprocessingis performed.Then,
only theT00textureis encodedusinga shape-adaptive wavelet
encoder(BinarySetSplittingwith k-d Trees)[19].

AfterwardsdifferentialtexturesR(t;c) to theoriginal texture
mapsareextractedfor eachframeandcamera.Weightingthe
input in Equations1-3 with the visibility vis when comput-
ing the averagesavoids affecting the distancefrom the valid
pixel valuesto the computedaverageby non-visiblepixels.
This would otherwiseincreasethe entropy of the differential
texturesandthusdegradeencodingquality.

Morespeci�c, we �rst computefor eachtimestepthediffer-
encetexturesR0(t) betweenthe overall T00and the timestep
averageT0(t). In order to get back to the original textures
we further computefor eachcameraand timestepR(t;c) =
p(t;c) � (T00+ R0(t)) . Again all R0(t) andR(t;c) areencoded
usingshape-adaptive waveletencoding.

Since the applied wavelet encodingis lossy the decoded
resultwouldbestronglyin�uencedby thedecodingerrorin T00

andR0(t). Weavoid this in�uenceby computingall differences
with respectto theonceencodedanddecodedtexturesT̂00and
R̂0(t) respectively. Insteadof averagingthe entirestreamby a
singleT00onemayalsode�ne shortertime spansandcompute
severalT00.



Fig. 5. Groupof Picturesarrangedfrom MVV textures.

As the�nal result,theencodeddatastreamcontainsBISK-
encoded�les for theYUV-planesandbitmasksof:

� T̂00: theaverageof all timestepaverages.
� R̂0(t): thedifferencetexturesto thetimestepaverage.
� R̂(t;c): thedifferencetexturesof eachcameratexture.

D. 4D-SPIHT Encoding

1) Data grouping and Filling: Compressionof a data
blockcommenceswhenall necessarycameraimagesareavail-
ableastextures.

After resampling,we groupthetexturemapsinto blocksof
spatialandtemporalcoherency, yieldingfour-dimensionaldata
blocks of YUV samples.The block division correspondsto
theGOP(groupof picture)block structurecommonlyusedin
MPEG video formats,and allows for limited randomaccess
as long as the whole 4D block containinga certain texture
is decoded,seeFigure 5. U and V valuescan optionally be
subsampled,but we currentlywork with reducedbitratesfor
thesecolor components,seetheSPIHTencoderbelow.

Unusedtexels (currently:black pixels) in these4D blocks
arenow �lled with averagesof thesurroundingvalid texels,see
Fig.6 for anexample.Thisensuresbestpossibledatacompres-
sion under the subsequentlyappliedalgorithm, as described
in [20].

To serve this purpose,the whole 4D data block is �rst
downsampledin a Laplacian4D pyramid, all the way to the
lowestresolutionof 1x1,takingthedifferentdimensionextents
into consideration(a division by two remainsoneif theresult
would be smaller than one).Afterwards,the pyramid is tra-
versedbackwardsfromthelowestto thehighestresolution,and
eachunused(black) texel receivesthe color of its associated,
averageparentin thepreviouslevel.Thisway, it is ensuredthat
all unusedtexelsare�lled with a color valuethatcorresponds
to theaverageof all valid texelsin its supportregion.

Fig. 6. Left: input texturemap.Right: Samemapafter �lling
operation.

Fig. 7. Two texture mappatches.Decodingwasperformed
with equalY, U, V datarate,and using the �ll feature.Top:
0.05bpp;Middle: 0.25bpp;Bottom:Encoderinput.

2) Wavelet Encoding: The following 4D wavelet trans-
formation usesHaar wavelets. We take the 4D data block
that was �lled in the previous step,andsequentiallyapply a
1D Haar wavelet tranform in all four dimensionsuntil even
the texture dimensionsizeshave beenreducedto 2. Finally,
compressioncommences.Thecompressionalgorithmis based
on thewidely-usedSPIHTalgorithm,althoughin a new adap-
tation, making it suitablefor 4D data. It is basedon work
done in [20]. The encoderis currently able to handlea 4D
datablock with pairs of equaldimensions(e.g. max(s,t,u,v)
= f 8,8,512,512g, that is, 8 timestepsof 8 camerasat 512 x
512 resolution).TheSPIHTencodervery muchresemblesits
classic2D counterpart[21], with oneexception:Sincethe4D
dimensionsare of different size, the codechasto be able to
detectboundaryconditionsthatgenerateadifferentnumberof
descendantsin thewaveletdatatraversal.

3) Decoding: Most decoderswill probablyextract several
time stepsat once,sincetime stepsareusually readsequen-
tially. Thebit maskcanonly beappliedif it hasbeentransmit-
tedto thedecoder. If this is not thecase,shadow castingmust
beappliedfor maskingif multi-view interpolationis intended
(asnotedin thenext section).

Figure7 shows exampleoutputfrom thereferencedecoder.
Noticethetypicalwash-outeffectof waveletcompression.The
outercontoursweretransmittedin anadditionalshape-mask.



E. The ShapeMask

Texture shapemasksare not neededif the original 3D
model is available; only visible texels will be accessedin
the renderingphase,since only thosewere exposedto the
camerain the given view. Thereforeit suf�ces to provide the
rendererwith theunmaskedtexturemaps.If, on theotherside,
intermediateviews shall be rendered,thenthe texel visibility
maskneedsto beappliedto thetexturemapsbeforerendering
Oneway is to storeit in the bitstream,which requiressome
extra storagespace.The otherapproachis to reconstructthe
relevant masksfrom the 3D model in the decoder, using the
visibility algorithm that was originally usedby the encoder.
This improves compression,but requiresa minimum of two
extra renderingpasses.

X. RESULTS AND CONCLUSION

Our free-viewpoint video systemcan robustly reconstruct
suchcomplex motionasthatof expressive jazzdance(Fig.2).
Fitting times of 1 s per frame are achievable (for details
see [1], [14]). With bothrenderingalgorithmshighly realistic
renditionsof the scenefrom novel viewpoints are obtained,
preservingsubtledetailsin surfaceappearance.

A novel renderingmethodenablesphoto-realisticdisplay
of free-viewpoint videosusingtexturestreamsthathave been
compressedin texturespace.A straightforwardway of texture
compressionwould be to encodethe input video framesus-
ing MPEG2.Applying our predictive encoderaswell asour
4D-SPIHT encoderin the texture domainhasthe advantage
that the codecscanbene�t from structuralsceneinformation
during compression.With the predictive scheme,we obtain
compressionratesin the rangeof 8:1 to 50:1.The4D-SPIHT
encoderenablescompressionratesbetween20:1and280:1,it
alsoallows for randomaccessinto thebitstream.Whichcodec
andwhich compressionratesaresuitabledependon thetarget
applicationandthe tolerablePSNRvalue(see [12], [18] for
PSNRranges).

The systemproducesconvincing resultson complex test
scenesbothin termsof renderingandreconstruction.In future,
we plan to extend the systemto automaticallyderive more
advancedsurfaceappearancemodels.
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