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Abstract

In the talk, we give a brief overview of the research donein the ComputerGraphicsGroup and the Graphics-
Optics-Vision Group of the Max-Planck-Institut für Informatik in the area of 3D Image Analysisand Synthesis.
In this context, weaddressthewholepipelinerangingfromtheacquisitionof computationalscenemodels,over
the algorithmic processingof thesescenedescriptions,to their photo-realistic rendition in the computer. This
paperillustratesthequestionsthatweare trying to answerbymeansof oneof our research projects,video-based
rendering. We havedevelopeda model-basedsystemto acquire, reconstructandrenderfree-viewpointvideosof
humanactors thatnicelyillustratestheconceptof 3D ImageAnalysisandSynthesis.

1. Intr oduction

In computergraphics,it hasalwaysbeenthegoalto generate
virtual renditionsof scenesin a computerthat areindistin-
guishablefrom their real-world counterparts.To serve this
purpose,computationalmodelsof virtual sceneshave to be
acquired,processedandpassedon to a rendererwhich dis-
playsthem.A generaltermwhich describesthis pipelineis
3D ImageAnalysisandSynthesis(Fig. 1). In theComputer
GraphicsGroup and the Graphics-Optics-Vision Group at
the Max-Planck-Institutfür Informatik, we researchalgo-
rithmic solutions that enableus to solve individual sub-
problemswithin thispipeline.

The�rst stageof thepipelineis to acquirea decentcom-
putationalmodel representationof a scene.Among other
things,thiscomprisesthespeci�cationof thescene'sgeome-
try, thespeci�cationof textureandre�ectancedescriptions,
as well as determiningkinematicand dynamicproperties.
Oneoptionwould be to designa modelof a sceneby hand
“on thedrawing table”.However, it is oftenadvantageousto
look at therealthingandto extractthemodelsby measuring
themonobjectsin therealworld.Geometrydescriptionscan
bereconstructedby meansof a laser-rangescanneror by re-
constructingthemfrom multiple imageor videodata.Mod-
els of surfacetexture andlight interactioncanalsobe cap-
turedfrom imageandvideodataif theincidentillumination
is controllable.A motion capturemethodcanbe employed

Figure1: The3D ImageAnalysisandSynthesispipeline.

to estimatekinematicmodelsfrom multiplevideostreamsof
amoving scene.

Onceascenedescriptionhasbeenacquired,it canbesub-
ject to furtherprocessingbeforeit is rendered.For instance,
thismayinvolvethetransformationof geometrydescriptions
into aform thatis well-suitedfor rendition,theautomaticex-
tractionof features,or theconstructionof datastructuresthat
supportef�cient display.

Finally, oncethescenedescriptionhasbeensuitablypre-
processed,it is availablefor displayin a renderingsystem.
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Figure2: Algorithmicwork�ow connectingthecomponentsof our model-basedfree-viewpointvideosystem.Theoptionalsteps
of thetexture-enhancedmotionestimationschemeareshownwith a yellowbackground.

In thetalk, many of ourprojectsthatimplementtheabove
pipeline are presented.In the remainderof this paper, we
will presenta video-basedrenderingsystem,which illus-
tratesthe algorithmicconceptsthat we employ to acquire,
reconstructandrenderreal-world scenesfrom videodata.It
enablesus to generatefree-viewpoint videosof humanac-
tors from multiple synchronizedvideo streamsthat canbe
renderedin real-timefrom arbitrarynovel viewpoints.

2. Free-Viewpoint Video - a Realizationof 3D Image
Analysisand Synthesis

Free-viewpointvideois a3D videoapproachin whichareal-
world sceneis recordedwith multiple imagingsensors,and
a dynamicmodelof the sceneis reconstructedthat canbe
renderedfrom any arbitrarynovel viewpoint.Wehavedevel-
opedamodel-basedalgorithmthatenablesusto reconstruct
free-viewpointvideosof humanactorsfrom videofootage1,
Fig. 2.

The inputs to our method are multiple frame-
synchronizedvideo streamsof a moving person which
we have recordedin our multi-view video studio(Sect.4).
For estimatingthe time-varying appearanceof the actor
in a scenewe use an analysis-by-synthesisschemethat
employs an adaptablehumanbody model (Sect. 5). The
principle clue that we use to �t the model to the scene
content is the overlap betweenthe image silhouettesand
the silhouettesof the projectedmodelin eachcameraview
(Sect.6). We transformthis criterion into a numericalerror
functionwhich is ef�ciently evaluatedin graphicshardware.
Using multiple cameraviews of the actor standingin an
initialization pose,thegeometryof thebodymodelaswell
asasits skeletondimensionsareautomaticallycustomized.

Theshapeparametersof themodelremain�x edthroughout
the whole 3D video sequence.The central componentof
our analysis-by-synthesisscheme is a silhouette-based
marker-free motion captureapproach(Sect.6.2). For each
time step of video it performs an optimization search
for an optimal set of poseparametersof the model. The
energy function guiding this search is the previously
mentionedsilhouette-overlap.The hierarchicalstructureof
the humanbody makes the posedeterminationproblema
compartmentalizedone,i.e. individual sub-problemscanbe
solved independentlyfrom eachother. We pro�t from this
fact and exploit this parallelismin both silhouette-match
computationand poseparametersearch17. We have also
developed an augmentedmotion capture approachthat
takes into accounttexture information and silhouettedata
simultaneously16 (Sect.6.3).

Therendererdisplaysa free-viewpoint videoby showing
themodelin thesequenceof capturedbodyposes.Realistic
time-varying surfacetexturesaregeneratedby projectively
texturing the model with the appropriatelyblendedinput
cameravideoframes(Sect.7). Thisway, dynamicscenescan
be realistically renderedin real-time from arbitrary view-
pointsonstandardgraphicshardware(Sect.8).

3. RelatedWork

A varietyof differentapproacheshave beenproposedin the
literaturethat aim at transforming2D video andtelevision
into animmersive 3D medium.Free-viewpoint videois one
category of 3D videoin which theviewer shallbegiventhe
�e xibility to interactively positionhimselfatanarbitraryvir-
tual locationin a 3D. But theterm3D videoalsocomprises
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othertechniques,suchasdepth-image-based4 or panoramic
video7.

Thetrail for free-viewpoint videoapplicationswaspaved
by algorithmsfrom image-basedrenderingthataimatrecon-
structingnovel renderingsof a scenefrom input images14.
Thesetechniqueshave motivateda new researchdirection
thatdrawsfrom experiencein computervisionandcomputer
graphicsto explicitly create3D video systems.In depth-
image-basedapproaches,novel viewpointsof ascenearere-
constructedfrom color videoanddepthmaps5. In 2 and20

dynamic3D scenegeometryis reconstructedvia stereoalgo-
rithmsfrommultiplevideocameras,andduringplaybackthe
viewer can attainnovel viewpoints in betweenthe record-
ing imagingsensors.It is alsopossibleto usea view mor-
phing methodto generatenovel views from referenceim-
ages13. An approachfor combinedvisual hull reconstruc-
tion andstereo-basedmesh�tting is presentedin 15. In 9; 19

ashape-fromsilhouettemethodis appliedto reconstructdy-
namicscenesfrom multiple video streams.Applying light-
�eld basedmethodsfor free-viewpoint videohasalsobeen
considered3; 6.

While 3D video provides interactivity only on the
viewer's side, in 3D TV the full pipeline from acquisition
to display needsto run in real-time.A 3D TV systemfor
a restrictedsetof novel viewpointsbasedon multiple video
camerasfor recordingandmultipleprojectorsfor displayhas
beenpresentedin 10.

We proposea model-basedsystemfor free-viewpoint
videosof humanactorsthat employs a marker-lessmotion
captureapproachto estimatemotionparameters.A compre-
hensive review of computervision basedmotioncaptureal-
gorithmscanbefoundin therespectivesurvey papers11.

4. Acquisition

The video sequencesused as inputs to our system are
recordedin our multi-view videostudio18. IEEE1394cam-
erasareplacedin a convergentsetuparoundthe centerof
thescene.Thevideosequencesusedin our experimentsare
recordedfrom 8 staticviewing positionsarrangedatapprox-
imatelyequalanglesanddistancesaroundthecenterof the
room.All camerasaresynchronizedandrecordat a resolu-
tion of 320x240pixelsandaframerateof 15 fps(maximum
frameratewith externaltrigger).Thecamerasarecalibrated
into a global coordinatesystem.In eachvideo frame, the
silhouetteof the personin the foregroundis computedvia
backgroundsubtraction.

5. The Model

In our systemwe apply a generichumanbody modelcon-
sistingof 16 individual bodysegments.Eachsegment's sur-
faceis representedvia a closedtrianglemesh.Themodel's
kinematicsarede�ned via 17 joints that connectthe body
segmentsandform ahierarchicalskeletonstructure.35pose

parametersareneededto completelyde�ne the poseof the
body. In total,morethan21000trianglesmakeupthehuman
bodymodel(Fig. 3b).

The genericmodel doesnot, in general,have the same
proportionsas its humancounterpart.To be able to adapt
modelsizeandproportionsto therecordedperson,eachseg-
mentcanbe individually scaled,and its surfacedeformed.
While theposeparametersvaryover time in a reconstructed
free-viewpoint video, the anthropomorphicshapeparame-
tersremain�x edoncethey havebeeninitializedprior to mo-
tion capture.

6. SilhouetteMatching

The challengein applying model-basedanalysisfor free-
viewpointvideoreconstructionis to �nd awayhow to auto-
maticallyandrobustlyadaptthegeometrymodelto thesub-
ject's appearanceasit wasrecordedby the video cameras.
Sincethegeometrymodelis suitablyparameterizedto alter,
within anatomicallyplausiblelimits, its shapeandpose,the
problemconsistsof determiningthe parametervaluesthat
achieve the bestmatchbetweenthe model and the video
images.This task is regardedas an optimizationproblem.
Thesubject's silhouettes,asseenfrom thedifferentcamera
viewpoints,are usedto matchthe model to the video im-
ages(an ideausedin similar form in 8): The model is ren-
deredfrom all cameraviewpoints,andtherenderedimages
arethresholdedto yield binarymasksof themodel's silhou-
ettes.The renderedmodelsilhouettesarethencomparedto
the correspondingimagesilhouettes.As comparisonmea-
sure,the numberof silhouettepixels is determinedthat do
notoverlap.Conveniently, theexclusive-or(XOR) operation
betweenthe renderedmodel silhouetteand the segmented
video-imagesilhouetteyieldsthosepixelsthatarenot over-
lapping.The sum of remainingpixels in all imagesis the
mismatchscore,with zerodenotinganexactmatch.

This matching function can be evaluated very ef-
�ciently on graphics hardware (Fig. 3a). An Nvidia
GeForce3TM graphicscardperformsmorethan100of such
matching function evaluationsper second.Currently, the
main limiting factoris the overheadgeneratedby the read-
back from the graphicsboard.To adaptmodel parameter
valuessuch that the mismatchscorebecomesminimal, a
standardnumericaloptimizationalgorithm,suchasPowell's
method12, runson the CPU.The following subsectionsil-
lustratehow we employ the silhouette-overlap criterion to
initialize thebodymodelandto determineits parametersof
motion.

6.1. Initialization

To apply the silhouette-basedmodelposeestimationalgo-
rithm to real-world multi-videofootage,thegenericgeome-
try modelmust�rst beinitialized,i.e. its proportionsmustbe
adaptedto thesubjectin front of thecameras.To achievethis
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(a) (b) (c)

Figure3: (a) SilhouetteXOR;(b) bodymodel;(c) texturedbodymodelfromsamecamera view.

we run a numericalminimization in the scalingparameter
spaceof the modelusingthe silhouetteXOR energy func-
tion. The model provides one scalingand 16 deformation
parametersperbodysegmentthatcontroltheshapeandpro-
portionsof themodel.Thisway, all segmentsurfacescanbe
deformeduntil they closelymatchtheactor's stature1.

During model initialization, the actor standsstill for a
brief momentin a pre-de�nedposeto have his silhouettes
recordedfrom all cameras.The genericmodel is rendered
for thisknown initializationpose,andwithoutuserinterven-
tion, themodelproportionsareautomaticallyadaptedto the
individual's silhouettes.

Obviously, an exact match betweenmodel outline and
imagesilhouettesis not attainablesincethe parameterized
model hasfar too few degreesof freedom.Thanksto ad-
vancedrenderingtechniques(Section 7) an exact match
is neither needed,nor is it actually desired:Becausethe
recordedpersonmaywearrelatively loose,�e xible clothes,
thesilhouetteoutlinescanbeexpectedto beinaccurate,any-
way. By not beingdependenton exact imagesilhouettein-
formation, model-basedmotion analysisis capableof ro-
bustlyhandlingalsonon-rigidobjectsurfaces.

Theinitialization proceduretakesonly a few seconds,af-
terwhichthesegments'scalingparametervaluesandsurface
deformationvaluesare known. Theseare kept �x ed from
now on. During motion capture,only the 35 joint parame-
tersareoptimizedto follow themotionof thedancer.

6.2. Motion Capture

Sinceany form of visualmarkersin thescenewould neces-
sarilychangeits naturalappearance,wedevelopedamarker-
lesshumanmotioncapturemethodto acquirefree-viewpoint
videosbasedonoura-priorimodel.In ourmethod,theindi-
vidualizedgeometrymodelautomaticallytracksthemotion
of a personby optimizing the 35 joint parametersfor each
time step.This is achievedby matchingtheprojectedbody

model to the segmentedsilhouetteimagesof the personin
eachof the input cameraviews so that the modelperforms
thesamemovementsasthehumanin front of thecameras.

For numericaloptimization of the poseparameterswe
employ a standardnon-linearoptimizationmethod,suchas
Powell's method.Theenergy functionemployed is thepre-
viously describedsilhouetteoverlapcriterion.To ef�ciently
avoid local minima and to obtain reliable model posepa-
rametervalues,the parametersarenot all optimizedsimul-
taneously. Instead,the model's hierarchicalstructureis ex-
ploited. Model parameterestimationis performedin de-
scendingorderwith respectto the individual segments'im-
pact on silhouetteappearanceand their position along the
model's kinematicchain.First, the positionandorientation
of thetorsoarevariedto �nd its 3D location.Next thearms
and legs are �tted using a joint parameterizationfor their
lower and upperparts.Finally, the handsand the feet are
regarded.

To avoid local,sub-optimalerrorminimafor thearmsand
legsa limited regulargrid searchprecedestheoptimization
search.This procedureacceleratesconvergenceand effec-
tively avoidslocalminima.Inter-penetrationsbetweenlimbs
are preventedby incorporatinga collision checkbasedon
boundingboxesinto theparameterestimation.

The motion parametersaswell as the body deformation
parametersaresavedin ourproprietaryfree-viewpointvideo
�le formatthatservesasinput for thereal-timerenderer.

Thecompartmentalizednatureof theposedetermination
problemcanbe exploited to acceleratethe motion capture
process17. Firstly, the energy functionevaluationitself can
bespedup by appropriatelyconstrainingrenderingwindow
sizes,andtherebyreducingtheamountof datatraveling be-
tweenthegraphicsboardandthesystemmemory. Secondly,
duringXOR computation,unchangingbodypartscanbeex-
cludedfrom renderingwhich leadsto evenfurtherincreased
evaluationspeeds.
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(a) (b)

Figure 4: Body modelwith correctivemotion �eld (green
arrows)before (a) andafter (b) poseupdate.

Finally, we have implementedthesilhouette-basedtrack-
ing systemasa distributedclient-server applicationusing5
CPUsandGPUswhich enablesus to performmotion cap-
tureatnearinteractive framerates.

6.3. Texture-enhancedMotion Capture

Theaccuracy at which bodyposesarecaptureddirectly in-
�uences the visual quality of the renderedfree-viewpoint
videos.If themodel'sgeometryis notcorrectlyalignedwith
thepersonin therealworld,ourtexturegenerationalgorithm
(Sect.7) projectsinput video framesonto incorrectgeome-
try. This, in turn, leadsto ghostingartifactsin the �nal ren-
derings.

The silhouette-basedmotion captureapproachfaithfully
capturesevenfastandcomplex bodyposes.However, slight
inaccuraciesin the measuredposesmay exist, which are
mainly dueto the limited imageresolutionandthe lack of
salientshapefeatureson somebody parts.The texture in-
formationwhichis availableatnoadditionalprocessingcost
helpsto correcttheseposeinaccuracies.We have thusde-
signeda two-steppredictor-correctorschemethat employs
texture andsilhouettedatato infer the body poseat a sin-
gle time step 16, Fig. 4: First, a set of poseparametersis
computedby meansof the original silhouette-based�tting
method.In a secondstep,a corrective 3D motion �eld is
computedby comparingthepredictedmodelappearanceto
the real video footage.To this end, the model striking the
silhouette-�ttedposeis texturedwith theinputvideoframes
of the previous timesstepandrenderedbackinto all cam-
eraviews.Misalignmentsin theimageplanesof all cameras
betweenthepredictedappearanceof themodelandthemea-
suredappearanceare identi�ed via optical �o w. From the
multi-view optical �o w �eld a 3D corrective motion�eld is
reconstructed.Fromthis, corrective poseupdateparameters
arecomputedthat bring the modelinto optimal multi-view
silhouette-andcolor-consistency.

7. Rendering

A high-quality 3D geometrymodel is now available that
closely matchesthe dynamicobject in the sceneover the
entirelengthof thesequence.Ourrendererdisplaysthefree-
viewpoint video photo-realisticallyby renderingthe model
in thesequenceof capturedbodyposesandby projectively
texturingthemodelwith thesegmentedvideoframes.Time-
varyingcloth folds andcreases,shadows andfacialexpres-
sionsarefaithfully reproduced,lendinga very natural,dy-
namicappearanceto the renderedobject(Fig. 5). To attain
optimalrenderingquality, thevideotexturesneedto bepro-
cessedoff-line prior to rendering:Since the �nal surface
texture at eachtime stepconsistsof multiple imagestaken
from differentviewpoints,the imagesneedto be appropri-
ately blendedin order to appearas one consistentobject
surfacetexture.Also, local visibility mustbe taken into ac-
count,andany adverseeffectsdue to inevitable small dif-
ferencesbetweenmodel geometryand the true 3D object
surfacemustbecounteredef�ciently . For appropriateblend-
ing of the input cameraviews, per-vertex blendingweights
needto becomputedandthevisibility of eachvertex in ev-
ery inputcameraview needsto bedetermined.If surfacere-
�ectancecanbe assumedto be approximatelyLambertian,
view-dependentre�ection effects play no signi�cant role.
Thus,the weightsarecomputedindependentof the output
view in sucha way thatthecameraseeinga vertex bestgets
the highestblendingweight.This is achieved by assigning
thereciprocalof theanglebetweenthevertex normalanda
camera's viewing directionasblendingweightto eachcam-
era's texture fragment.An additionalrescalingfunction is
appliedto theseweightsthat allows for the �e xible adjust-
mentof thein�uence of thebestcameraon the�nal texture.

The 0/1-visibility of eachvertex in eachinput camera
view is precomputedandsavedaspartof thefree-viewpoint
video�le. Sincethesilhouetteoutlinesdonotalwaysexactly
correspondto the projectedmodeloutlinesin eachcamera
view, we apply an extendedvisibility computationfrom a
setof displacedcameraviews to avoid projectionartifacts.

Finally, while too generouslysegmentedvideoframesdo
notaffect renderingquality, toosmalloutlinescancausean-
noying untexturedregions.To countersuchartifacts,all im-
agesilhouettesareexpandedby a coupleof pixels prior to
rendering.

During rendering, the color from each texture image
is multiplied by its vertex-associatednormalizedblending
weight andits 0/1-visibility in the programmablefragment
stageof thegraphicsboard.The�nal pixel color is thesum
of thescaledtexturecolors.

Optionally, our renderer can also reproduce view-
dependentappearanceeffectsby meansof view-dependent
rescalingof theview-independentblendingweights.
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Figure 5: Free-viewpointvideoof a ballet dancerrendered
into a virtual modelof our acquisitionroom.

8. Resultsand Conclusions

Our free-viewpoint video systemcan robustly reconstruct
even ascomplex motion asexpressive jazz dance(Fig. 6).
Evenslightdetailsin time-varyingsurfaceappearance,such
aswrinkles in clothingandfacialexpressionsarefaithfully
capturedin the dynamicsurfacetextures.The precisemo-
tion dataandthehigh-qualitytextureslendtherendered3D
videosa very naturalappearanceevenfrom viewpointsthat
areverydifferentfrom any inputcameraview (Fig. 5).

If puresilhouette-�tting is appliedto determineposepa-
rameters,average�tting timesbelow 1 s for a single time
steparefeasibleon a PC with a 1.8 GHZ CPU 1; 17. If the
motion-�eld enhancedposeestimationis applied,it takes
between10 and 45 s to �t the model,dependingon what
parametershave beenchosenfor the 2D optical �o w algo-
rithm 16. The reconstructedfree-viewpoint videos can be
renderedat video rate even on a 1.8 GHz PC featuringa
graphicsboardwith aratherold Nvidia GeForce3TM GPU.

In the future, we plan to further extend our model-
basedfree-viewpoint video approach.Firstly, we want to
capitalize on the compact dynamic scenerepresentation
and investigate ways for ef�cient model-based3D video

encoding.Secondly, we intend to estimatetime-varying
surfacere�ectancein addition to the geometryin order to
be able to realistically implant free-viewpoint videos into
arbitrarynovel environments.

In this paper, after elaboratingon 3D Image Analysis
and Synthesisin general,we have illustrated the concept
by meansof a speci�c example,namelya methodto ac-
quire,reconstructandrenderfree-viewpointvideos.Wehave
shown that it is possibleto generaterealistic renditionsof
real-world scenesby lookingat therealthing.
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