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Abstract

In the talk, we give a brief overviev of the reseach donein the ComputerGraphicsGroup and the Graphics-
Optics-\sion Group of the Max-Pland-Institut fur Informatik in the area of 3D Image Analysisand Synthesis.
In this context, we addressthe whole pipelinerangingfromthe acquisitionof computationakscenemodels over
the algorithmic processingof thesescenedescriptionsto their photo-ealistic renditionin the computer This
paperillustratesthe questionghat weare trying to answerby meansf oneof our reseach projects,video-based
rendering We havedevelopeda model-basedystento acquire, reconstruciand renderfree-vievpointvideosof
humanactors that nicelyillustratesthe conceptof 3D Image Analysisand Synthesis.

1. Intr oduction

In computemgraphicsijt hasalwaysbeenthegoalto generate
virtual renditionsof scenesn a computerthatareindistin-

guishablefrom their real-world counterpartsTo sene this

purpose computationamodelsof virtual sceneshave to be

acquired processe@ndpassedn to a renderemwhich dis-

playsthem.A generattermwhich describeghis pipelineis

3D ImageAnalysisand SynthesigFig. 1). In the Computer
GraphicsGroup and the Graphics-Optics-iion Group at

the Max-Planck-Institutfiir Informatik, we researchalgo-

rithmic solutions that enableus to solve individual sub-
problemswithin this pipeline.

The rst stageof the pipelineis to acquirea decentcom-
putationalmodel representatiorof a scene.Among other
things,thiscompriseshespeci cationof thescenesgeome-
try, the speci cationof texture andre ectancedescriptions,
aswell as determiningkinematicand dynamicproperties.
Oneoptionwould be to designa modelof a sceneby hand
“on thedrawing table”. However, it is oftenadvantageouso
look attherealthing andto extractthemodelsby measuring
themonobjectsin therealworld. Geometrydescriptiongan
bereconstructethy meansf alaserrangescanneor by re-
constructinghemfrom multiple imageor video data.Mod-
els of surfacetexture andlight interactioncanalsobe cap-
turedfrom imageandvideodataif theincidentillumination
is controllable.A motion capturemethodcanbe employed
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Figure 1: The3D Image Analysisand Synthesipipeline

to estimatekinematicmodelsfrom multiple videostream®f
amoving scene.

Onceascenealescriptiorhasbeenacquiredjt canbesub-
jectto furtherprocessindeforeit is renderedFor instance,
thismayinvolve thetransformatiorof geometrydescriptions
into aform thatis well-suitedfor rendition,theautomaticex-
tractionof featurespr theconstructiorof datastructureghat
supportefcient display

Finally, oncethe scenedescriptionhasbeensuitablypre-
processedit is availablefor displayin arenderingsystem.
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Figure 2: Algorithmicwork ow connectinghecomponentsf our model-basedtee-vievpointvideosystemTheoptionalsteps
of thetexture-enhancednotionestimationschemeare shownwith a yellowbadground.

In thetalk, mary of our projectsthatimplementtheabove
pipeline are presentedIn the remainderof this paper we
will presenta video-basedenderingsystem,which illus-
tratesthe algorithmic conceptsthat we emplgy to acquire,
reconstrucandrenderreal-world scenegrom videodata.lt
enablesus to generatdree-vievpoint videosof humanac-
tors from multiple synchronizedsideo streamghat can be
renderedn real-timefrom arbitrarynovel viewpoints.

2. Free-Mewpoint Video - a Realization of 3D Image
Analysis and Synthesis

Free-viavpointvideois a3D videoapproachn whichareal-
world scenes recordedwith multiple imagingsensorsand
a dynamicmodel of the sceneis reconstructedhat canbe
renderedrom ary arbitrarynovel viewpoint. We have devel-
opedamodel-basealgorithmthatenablesisto reconstruct
free-vievpointvideosof humanactorsfrom videofootage?,
Fig. 2.

The inputs to our method are multiple frame-
synchronizedvideo streamsof a moving personwhich
we have recordedin our multi-view video studio (Sect.4).
For estimatingthe time-varying appearanceof the actor
in a scenewe use an analysis-by-synthesischemethat
emplgys an adaptablehumanbody model (Sect. 5). The
principle clue that we useto t the model to the scene
contentis the overlap betweenthe image silhouettesand
the silhouettesof the projectedmodelin eachcameraview
(Sect.6). We transformthis criterioninto a numericalerror
functionwhichis ef ciently evaluatedn graphicshardware.
Using multiple cameraviews of the actor standingin an
initialization pose the geometryof the body modelaswell
asasits skeletondimensionsare automaticallycustomized.

Theshapeparametersf the modelremain x edthroughout
the whole 3D video sequenceThe central componentof
our analysis-by-synthesischemeis a silhouette-based
marler-free motion captureapproach(Sect.6.2). For each
time step of video it performs an optimization search
for an optimal set of pose parameterof the model. The
enegy function guiding this searchis the previously
mentionedsilhouette-oerlap. The hierarchicalstructureof
the humanbody makes the posedeterminationproblema
compartmentalizedne,i.e. individual sub-problemg&anbe
solved independentlyfrom eachother We prot from this
fact and exploit this parallelismin both silhouette-match
computationand pose parametersearch!’. We have also
developed an augmentedmotion capture approachthat
takes into accounttexture information and silhouettedata
simultaneously® (Sect.6.3).

Therenderedisplaysa free-viavpoint video by shaving
themodelin the sequencef capturecody posesRealistic
time-varying surfacetexturesare generatecy projectively
texturing the model with the appropriatelyblendedinput
cameravideoframegSect.7). Thisway, dynamicscenegan
be realistically renderedin real-timefrom arbitrary view-
pointson standardyraphicshardware (Sect.8).

3. RelatedWork

A variety of differentapproachebave beenproposedn the
literaturethat aim at transforming2D video andtelevision
into animmersve 3D medium.Free-vievpointvideois one
categyory of 3D videoin which the viewer shallbe giventhe
e xibility tointeractively positionhimselfatanarbitraryvir-
tual locationin a 3D. But theterm 3D video alsocomprises
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othertechniquessuchasdepth-image-basedor panoramic
video”.

Thetrail for free-viavpointvideoapplicationsvaspaved
by algorithmsfrom image-basetenderinghataimatrecon-
structingnovel renderingsof a scenefrom inputimages?“.
Thesetechniqueshave motivateda new researchdirection
thatdravsfrom experiencen computevisionandcomputer
graphicsto explicitly create3D video systems.In depth-
image-basedpproachesjovel viewpointsof ascenearere-
constructedrom color video anddepthmaps®. In 2 and2°
dynamic3D scengyeometnyis reconstructedia sterecalgo-
rithmsfrom multiple videocamerasandduringplaybackhe
viewer can attain novel viewpointsin betweenthe record-
ing imagingsensorslt is alsopossibleto usea view mor-
phing methodto generatenovel views from referenceim-
ages!3. An approachfor combinedvisual hull reconstruc-
tion andstereo-basethesh tting is presentedn 15. In 919
ashape-fronsilhouettemethodis appliedto reconstructly-
namicscenegrom multiple video streamsApplying light-
eld basedmethodsfor free-vievpoint video hasalsobeen
considered: 8.

While 3D video provides interactvity 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
arestrictedsetof novel viewpointsbasedon multiple video
cameragor recordingandmultiple projectordor displayhas
beenpresentedn 10.

We proposea model-basedsystemfor free-viavpoint
videosof humanactorsthat emplog/s a marker-lessmotion
captureapproactto estimatemotion parametersA compre-
hensve review of computeision basedmotion captureal-
gorithmscanbefoundin therespectie survey papersti.

4. Acquisition

The video sequencesused as inputs to our systemare
recordedn our multi-view video studiol8. IEEE1394cam-
erasare placedin a corvergentsetuparoundthe centerof
thesceneThevideosequenceasedin our experimentsare
recordedrom 8 staticviewing positionsarrangeditapprox-
imately equalanglesanddistancesaroundthe centerof the
room.All camerasresynchronizedandrecordat a resolu-
tion of 320x240pixelsandaframerateof 15fps (maximum
frameratewith externaltrigger). Thecamerasrecalibrated
into a global coordinatesystem.In eachvideo frame, the
silhouetteof the personin the foregroundis computedvia
backgroundsubtraction.

5. The Model

In our systemwe apply a generichumanbody model con-
sistingof 16 individual body segments Eachsegments sur
faceis representedia a closedtrianglemesh.The model's
kinematicsare de ned via 17 joints that connectthe body
segmentsandform a hierarchicakkeletonstructure 35 pose
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parametersire neededo completelyde ne the poseof the
body In total, morethan21000trianglesmake upthehuman
bodymodel(Fig. 3b).

The genericmodel doesnot, in general,have the same
proportionsas its humancounterpart.To be able to adapt
modelsizeandproportiongo therecordedpersongachsey-
mentcan be individually scaled,andits surfacedeformed.
While theposeparametersary overtimein areconstructed
free-vievpoint video, the anthropomorphicshapeparame-
tersremain x edoncethey have beeninitialized prior to mo-
tion capture.

6. Silhouette Matching

The challengein applying model-basedanalysisfor free-
viewpointvideoreconstructioristo nd away how to auto-
maticallyandrobustly adaptthe geometrymodelto the sub-
ject's appearancasit wasrecordedby the video cameras.
Sincethe geometrymodelis suitablyparameterizetb alter,
within anatomicallyplausiblelimits, its shapeandpose the
problemconsistsof determiningthe parametewaluesthat
achieze the best match betweenthe model and the video
images.This taskis regardedas an optimizationproblem.
The subjects silhouettesasseenfrom the differentcamera
viewpoints, are usedto matchthe modelto the video im-
ages(anideausedin similar form in 8): The modelis ren-
deredfrom all cameraviewpoints,andthe renderedmages
arethresholdedo yield binary masksof the model's silhou-
ettes.The renderednodelsilhouettesarethencomparedo
the correspondingmage silhouettes As comparisonmea-
sure,the numberof silhouettepixels is determinedhat do
notoverlap.Corveniently theexclusive-or(XOR) operation
betweenthe renderedmodel silhouetteand the sgmented
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
Geforce3M graphicscardperformsmorethan100of such
matching function evaluationsper second.Currently the
main limiting factoris the overheadgeneratedy the read-
back from the graphicsboard. To adaptmodel parameter
valuessuch that the mismatchscore becomesminimal, a
standarchumericaloptimizationalgorithm,suchasPawell's
method?2, runson the CPU. The following subsectiondl-
lustratehow we emplgy the silhouette-@erlap criterion to
initialize the body modelandto determindts parametersf
motion.

6.1. Initialization

To apply the silhouette-basedchodel poseestimationalgo-
rithm to real-world multi-videofootage the genericgeome-
try modelmust rst beinitialized, i.e.its proportionamustbe
adaptedo thesubjectn front of thecamerasTo achieve this
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Figure 3: (a) SilhouetteXOR; (b) bodymodel;(c) textured bodymodelfromsamecamen view.

we run a humericalminimizationin the scalingparameter
spaceof the modelusingthe silhouetteXOR enegy func-
tion. The model provides one scalingand 16 deformation
parameterperbodysegmentthatcontrolthe shapeandpro-
portionsof themodel.Thisway, all segmentsurfacescanbe
deformeduntil they closelymatchthe actor's staturel.

During model initialization, the actor standsstill for a
brief momentin a pre-de nedposeto have his silhouettes
recordedfrom all camerasThe genericmodelis rendered
for thisknown initialization pose andwithout userinterven-
tion, themodelproportionsareautomaticallyadaptedo the
individual's silhouettes.

Ohviously, an exact match betweenmodel outline and
imagesilhouettess 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
recordedpersonmay wearrelatively loose, e xible clothes,
thesilhouetteoutlinescanbeexpectedo beinaccurateary-
way. By not beingdependenbn exactimagesilhouettein-
formation, model-basednotion analysisis capableof ro-
bustly handlingalsonon-rigid objectsurfaces.

Theinitialization procedurgakesonly a few secondsaf-
terwhichthesggments'scalingparametevaluesandsurface
deformationvaluesare known. Theseare kept x ed from
now on. During motion capture,only the 35 joint parame-
tersareoptimizedto follow the motionof thedancer

6.2. Motion Capture

Sinceary form of visualmarkersin the scenewvould neces-
sarily changets naturalappearanceye developedamarker

lesshumanmotioncapturemethodto acquirefree-vievpoint
videosbasedn our a-priorimodel.In our method theindi-

vidualizedgeometrymodelautomaticallytracksthe motion
of a personby optimizing the 35 joint parameterdgor each
time step.This is achieved by matchingthe projectedbody

modelto the segmentedsilhouetteimagesof the personin
eachof theinput cameraviews so thatthe modelperforms
thesamemovementsasthe humanin front of thecameras.

For numerical optimization of the pose parametersve
employ a standarchon-linearoptimizationmethod,suchas
Pawell's method.The enegy functionemplo/edis the pre-
viously describedsilhouetteoverlapcriterion. To ef ciently
avoid local minima and to obtain reliable model posepa-
rametervalues,the parametersrenot all optimizedsimul-
taneouslyInstead the model's hierarchicalstructureis ex-
ploited. Model parameterestimationis performedin de-
scendingorderwith respecto theindividual sgments'im-
pacton silhouetteappearancand their position along the
model's kinematicchain.First, the positionand orientation
of thetorsoarevariedto nd its 3D location.Next thearms
and legs are tted using a joint parameterizatiorior their
lower and upper parts. Finally, the handsand the feet are
regarded.

To avoid local, sub-optimakrrorminimafor thearmsand
legs a limited regular grid searchprecedeshe optimization
search.This procedureacceleratesonvergenceand effec-
tively avoidslocalminima.Inter-penetrationbetweerimbs
are preventedby incorporatinga collision checkbasedon
boundingboxesinto the parameteestimation.

The motion parameteraswell asthe body deformation
parameteraresavedin our proprietaryfree-viavpointvideo
le formatthatsenesasinputfor thereal-timerenderer

The compartmentalizedatureof the posedetermination
problemcan be exploited to accelerateéhe motion capture
process'’. Firstly, the enegy function evaluationitself can
be spedup by appropriatelyconstrainingenderingwindow
sizes,andtherebyreducingthe amountof datatraveling be-
tweenthegraphicsboardandthe systemmemaory Secondly
duringXOR computationunchangindody partscanbeex-
cludedfrom renderingwhich leadsto evenfurtherincreased
evaluationspeeds.
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Figure 4: Body modelwith correctivemotion eld (green
arrows)before (a) andafter (b) poseupdate

Finally, we have implementedhe silhouette-basettack-
ing systemasa distributedclient-sener applicationusing5
CPUsand GPUswhich enablesus to performmotion cap-
tureat nearinteractie framerates.

6.3. Texture-enhancedMotion Capture

The accurag at which body posesare captureddirectly in-

uences the visual quality of the renderedfree-vievpoint
videos.If themodel's geometryis notcorrectlyalignedwith
thepersorin therealworld, ourtexturegeneratioralgorithm
(Sect.7) projectsinput video framesonto incorrectgeome-
try. This, in turn, leadsto ghostingartifactsin the nal ren-
derings.

The silhouette-basedhotion captureapproachfaithfully
capturesvenfastandcomple body posesHowever, slight
inaccuraciedn the measuredoosesmay exist, which are
mainly dueto the limited imageresolutionandthe lack of
salientshapefeatureson somebody parts. The texture in-
formationwhichis availableatno additionalprocessingost
helpsto correcttheseposeinaccuraciesWe have thusde-
signeda two-steppredictorcorrectorschemethat employs
texture and silhouettedatato infer the body poseat a sin-
gle time step 16, Fig. 4: First, a setof poseparameterss
computedby meansof the original silhouette-basedting
method.In a secondstep,a corrective 3D motion eld is
computedby comparingthe predictedmodelappearancé
the real video footage.To this end, the model striking the
silhouette- ttedposeis texturedwith theinputvideoframes
of the previous times stepandrenderedbackinto all cam-
eraviews. Misalignmentsn theimageplanesof all cameras
betweerthe predictedappearancef themodelandthemea-
suredappearancare identi ed via optical o w. From the
multi-view optical ow eld a 3D corrective motion eld is
reconstructedrromthis, correctve poseupdateparameters
arecomputedthat bring the modelinto optimal multi-view
silhouette-andcolor-consisteny.
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7. Rendering

A high-quality 3D geometrymodelis now available that
closely matchesthe dynamicobjectin the sceneover the
entirelengthof thesequenceOurrenderedisplaysthefree-
viewpoint video photo-realisticallyby renderingthe model
in the sequencef capturedbody posesandby projectively

texturingthemodelwith thesegmentedrsideoframes.Time-

varying cloth folds andcreasesshadevs andfacial expres-
sionsarefaithfully reproducedlendinga very natural,dy-

namicappearancéo the renderedbject(Fig. 5). To attain
optimalrenderingguality, the videotexturesneedto be pro-

cessedoff-line prior to rendering:Sincethe 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 mustbetakeninto ac-
count,and ary adwerseeffects dueto inevitable small dif-

ferencesbetweenmodel geometryand the true 3D object
surfacemustbe counteredef ciently . For appropriatéblend-
ing of the input cameraviews, pervertex blendingweights
needto be computedandthe visibility of eachvertex in ev-

eryinputcameraview needdo bedeterminedIf surfacere-

ectance canbe assumedo be approximatelyLambertian,
view-dependente ection effects play no signi cant role.

Thus, the weightsare computedindependenbf the output
view in suchaway thatthe cameraseeinga vertex bestgets
the highestblendingweight. This is achiezed by assigning
thereciprocalof the anglebetweerthe vertex normalanda
cameras viewing directionasblendingweightto eachcam-
era’s texture fragment.An additionalrescalingfunction is

appliedto theseweightsthat allows for the e xible adjust-
mentof thein uence of thebestcameraonthe nal texture.

The 0/1-visibility of eachvertex in eachinput camera
view is precompute@ndsavedaspartof thefree-vievpoint
video le. Sincethesilhouetteoutlinesdo notalwaysexactly
correspondo the projectedmodel outlinesin eachcamera
view, we apply an extendedvisibility computationfrom a
setof displaceccameraviews to avoid projectionartifacts.

Finally, while too generouslysegmentedvideoframesdo
notaffectrenderingguality, too smalloutlinescancausean-
noying untexturedregions.To countersuchartifacts,all im-
agesilhouettesare expandedby a coupleof pixels prior to
rendering.

During rendering, the color from each texture image
is multiplied by its vertex-associatecdhormalizedblending
weightandits 0/1-visibility in the programmabldragment
stageof the graphicsboard.The nal pixel coloris thesum
of the scaledtexturecolors.

Optionally, our renderer can also reproduce view-
dependenappearanceffects by meansof view-dependent
rescalingof theview-independenblendingweights.
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encoding. Secondly we intend to estimatetime-varying
surfacere ectancein additionto the geometryin orderto
be able to realistically implant free-viavpoint videosinto
arbitrarynovel ervironments.

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,reconstrucandrendeffree-vievpointvideos We have
shavn thatit is possibleto generaterealistic renditionsof
real-world scenedy looking attherealthing.
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