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Abstract

In recentyears, the corvergenceof Computervision and ComputerGraphicshasput forth a new eld of reseach that
focuseson the reconstructiorof real-world scenesrom video streams. To male immesive 3D videoreality, not only the
acquisitionbut alsothe real-timehigh-qualityrenderingof a recodedscenefrom an arbitrary novel viewpointneedso be
possible

In this paper we describelatestadvancementsef our systento reconstructand renderfree-viavpoint videosof human
actors. We apply a silhouette-basedion-intrusivemaotion captue algorithm which employsa 3D humanbody modelto
estimateheactor's parametes of motionfrommulti-view videostreams A rendeer playsbad theacquitedmotionsequence
in realt-imefromanarbitrary novel perspective Realisticphysicalappeaanceof themoving actoris obtainedby geneiating
time-varyingmulti-view texturesfromvideo. In thiswork it is shownthatthe motioncaptuie sub-systersanbe enhancedy
incorporating texture informationfromthe input videostreamsinto the tracking process.3D motion elds fromoptical ow
are reconstructedhat are usedin combinationwith silhouettematding to estimateposeparametes. We demonstate the
high visualquality thatis achievedwith the proposedapproac andvalidatetheenhancemenisausedy thethemotion eld

step.
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1. Intr oduction

Recentdevelopmentsn mediatechnologyshav thatthereis a strongintereston the part of the entertainmenindustry
to evolve the classic2D video into animmersive andinteractve 3D medium. The ultimate goalis to createa feeling of
immersionby enablingthe viewer to choosean arbitrary viewpoint onto the scenein real-timeandwithout loss of visual
quality. The rangeof applicationsfor this technologywill be manifold andwill allow impressie effects suchasvirtual
yaroundsin sportsvideosor actordependentiewpoint selectionin interactve movies.

Humanactorsarethe centralelementof motion picturescenesandthe humanvisual systemis very sensitve to slightest
inaccuraciesn a humans motion andlook. In consequencehe synthesisof realisticimagesof humansin motionis a
challengingproblemin ComputerGraphics. Two aspectf this problemare the creationof naturalhumanmotion and
the accuraterenderingof a persons physical appearance.Combiningthe small scaledetailsof skin, muscle,and cloth
movementwith the large scalemotionsof the body into a realisticimagehasrequiredthe developmentof new techniques
which rely on the strengthsof both ComputerVision and ComputerGraphics.Many conventionalmethodsfor estimating
motionparameterareintrusive, requiringopticalmarkersor complex mechanicasetupsandthusrequirea separatiorof the
generatiorof realisticmotionfrom thegeneratiorof realisticphysicalappearancedowever, in the eld of ComputeNision,
numeroustechniqueshave beendevelopedfor non-intrustve motion parameterestimation. Incorporatingsomeof these
techniquesnto ComputerGraphicsallows usto capturebody appearancand motion at the sametime, vastly simplifying
the problemof novel imagesynthesis.

We have developeda methodwhich non-intrusvely estimatesnotion parametersising silhouetteinformation[5]. This
methodemploys the useof a detailedgeometrichody modelandfeaturesof latest-generationommoditygraphicshardware
to estimateposeparametersThe estimationis performedby optimizing the overlap betweenthe modelsilhouetteandthe
silhouetteobtainedrom multi-view videodata.Dueto its compartmentalizedaturethe estimationalgorithmlendsitself to
aparallelimplementation.

Thereconstructedcends renderecht video framerateandallows the viewer to changeist viewpoint freely andin real-
time. In therenderetthe body modelis texturedwith high-detailtime-varying texturesthatare createdrom the video data
by meansf image-basetechniques.

We have previously demonstratedha a broad rangeof comple« and rapid body motion is robustly capturedusing
silhouette-basetechniqueg5]. However, improvementsarepossiblein thoseportionsof the body with small scaledetails

(suchasfeaturesf the face)whosevisual appearances deterioratedventhroughsmall poseinaccuries.To be maximally



effective, we furtherdevelopedour original silhouette-basettackingalgorithminto a hybrid approachthatmakesuseof all
availableinformation.We proposeo usetextureinformationto augmenthesilhouette- tting process.

Optical o w is acomputervision techniquethatemploys texture informationto computea 2D motion eld in theimage
plane. Making useof optical o w calculationsfrom multiple input views andan a-priori body model, it becomegossible
to constructa 3D motion eld which estimateshody motion. We presenta methodfor extracting hierarchialrigid body
transformationgrom thesemotion elds andshaw thatit is bestusedin conjunctionwith, andnotin placeof, silhouette-
basedracking.

We demonstratehat this new hybrid methodimproves motion parameteestimationand consequenthhasa signi cant
impacton the quality of generatedree-vievpoint videosequences.

This article proceedswith an overview of relatedwork in Section2, which is followed by a generaloverviewv of our
free-viewpoint video systemin Section3. The main functionalcomponentandalgorithmicingredientsare outlinedin the
sectionghereafterbeginningwith theacquisitionsetupfor multi-view videostreamsn Sectiord. Theadaptabldodymodel
andmulti-view texture generatiorarepresentedn Section5 andSection? respectiely, andthe silhouettetting stepin our
motion capturealgorithmis brie y describedn Section6. Thetheoreticafoundationf optical o w andthereconstruction
of 3D motion elds from 2D o wsarepresentedn Section8. The nutsandboltsof how to computedifferentialposeupdate
parameterfrom 3D ow elds areexplainedin Section9. Graphicalresultsanda validationof visualimprovementsby the

motion eld steparepresentedn Section10, andthe paperconludeswith anoutlookto our future plansin Section11.

2. RelatedWork

In the scienti ¢ literaturethe problemsof capturinghumanmotion from video dataand the realistic renderingof that
motion from novel viewpoints have rarely beentackledin conjunction. In ComputerVision, non-intrusve optical human
motioncapturehasalwaysbeenanactive eld of researct{seg[9, 22] for comprehensie reviews). Somemethodsvork ona
single2D imageandapply, for example framedifferencing [16] or imageskeletonizatior{12] to t simplebody modelsto
humanmotion. 3D humanmotion captureapproachesgypically employ anexplicit humanbody modelconsistingof a joint
structureandsomeform of surfacerepresentationSimpleshapeprimitives,suchascylinders[13, 26] or superquadricgLQ],
arecommonlyusedto representimbs. The body modelsare tted to the motion by aligningtheir projectionwith features
in theimageplane,suchasimagediscontinuities.The applicationof silhouetteimagesfor humanmotion capturehasalso

beenconsideredln [7] aforce eld exertedby multiple imagesilhouettesalignsa 3D body model. In [24] a combination



of stereocandsilhouette tting is usedto t a humanbody model,andin [5] a silhouette-basethotion estimationmethod
is describedhat exploits graphicshardwareto maximizemodelandsilhouetteoverlap. Recently the applicationof recon-
structedvolumetricmodels(visual hulls) from silhouetteof a moving personfor motion capturehasalsobeenconsidered.
Ellipsoidalbody models[6] , kinematicskeletong[20], or skeletonmodelswith attached/olumesampleqd31] are tted to
thevolumedata.

Theintentto lay the foundationgor the next generatiorof electronicvisualmediahasbroughttogetheresearcherfom
Vision and Graphicsin the eld of 3D video. In 3D video, dynamicmodelsof sceneghat were recordedfrom several
camergerspectiesarereconstructedndrenderedrom novel viewpoints. Examplesof methodghatwereusedto approach
that problem are shape-fromsilhouette-lile approachessuchas visual hull [21, 37], stereo-basedpproache$23] or a
combinationof both[27]. Ray-spacanethodsfrom image-basedenderingthatapproximatethe plenopticfunction [1] in
a scenesuchasthelight eld [18] or the lumigraph[11], canalsobe consideredo be part of the sameeffort. However,
theirimmensememoryrequirementsandthe necessargamplingdensitymake necessarjarge cameraarraysandhugedata
storagesystemsin orderto recorddynamicscenes[36].

Noneof the previously mentionedapproachesxplicitly usesoptical o w or incorporates3D velocity elds into motion
parameteestimationor scenereconstructionThe optical o w is theobsened 2D motion eld in theimageplaneof acam-
eraresultingfrom the projectionof the 3D velocity eld of therecordedmaoving scene(see[2] for a comparisorof optical

o w algorithms). The applicationof 2D optical o w hasbeeninvestigatedin model-basedideo codingfor deriving facial
animationparametersf agenericheadmodel[8] or for recoreringmotionparametersf abodymodelin ateleconferencing
scenarid17]. Usingoptical o w in oneor morecameraviews for full body humanmotionestimationis presentedn [4]. In
theirwork, theauthorsuseatwist parameterizatiofor rigid bodytransformation$o solve for thebodyposeparameterfrom
2D informationdirectly by solving a linear system. The algorithm computegposeupdatesand performsimagewarpingin
aniterative procedure Noneof thesemethodsexplicitly reconstruct 3D motion eld. In [34], analgorithmfor computing
sucha 3D motion eld from optical o ws in multiple cameraviews is presentedlt hasbeenusedto improve voxel-based
scenereconstructiorf35] andto computemodelsof intermediateime stepsin a sequencef shape-from-silhouetteepre-
sentationg33]. Unfortunately the methodsemploying optical o w exhibit robustnesgproblemsif the typical optical ow
assumptionssuchasbrightnessonstang overtime andsmoothnesi aspatialneighborhoodarenotful lled. Thishappens
very easilyif themotionin thescends very rapidandeffectssuchasself-shadwing comeinto play.

In ourwork we combinetechniqueshatwerepreviously investicgatedseparatelynto a singleframewvork. We demonstrate

thatthecombinatiorof asilhouette-basedumanmotioncatpurealgorithmandmulti-view texturegeneratiorformsapower



ful tool for acquisitionandrealisicrenderingof 3D videosof humanactorg[5]. Furthermorewe describea methodthatuses
a 3D motion eld reconstructedrom optical o w to updateposeparametersomputedvia a silhouette-basethodel tting
procedurd29]. By this meanswe combinethe strengthof silhouette-basedting for robustacquisitionof alarge rangeof
motionswith thatof motionestimationfrom textureinformationfor robustcomputatiorof small-scalgposecorrections Us-
ing texture information,poseupdatesanberecoreredon a smallscale.For thesesmallcorrectionsa linear approximation

of themotionof the body partsis valid, henceiterationtowardsa solutionis not necessary

3. The Big Picture

In Fig. 1, anoverview of the proposedree-viavpointvideosystenis shavn. It is functionallyseparate¢hto anof ine and
anonlinecomponenttheformeronecomprisingtheacquisitionandmotioncapturesub-systemshelatteroneconsistingof
thereal-timefree-viavpoint renderer

The systemtakes synchronizedmulti-view video streamsasinputs and computeshe silhouetteof the persronin each
frame of video via backgroundsubtraction.In aninitialization step,the employed body modelis adaptedo the physical
shapeof therecordedperson At everytime step thesystemcomputesgnulti-view texturesfor thebodymodelfrom thevideo
imagesusingimage-basedechniquegSect.7). After initialization, the motion capturealgorithmiteratively estimateghe
bodyposeparameterfor eachtime stepof video. The describednotion capturealgorithmimplementsa two-steppredictor
correctorscheme .Consideringan arbitrarytime stept + 1, the motion capturealgorithmworks asfollows. Startingwith a
body poserecoreredfor time stept, Py, thesystemrst computesanestimateof the poseparameterattimet + 1, PS({, 4l
by optimizing the overlap betweenthe projectedmodel and the silhouetteimagesin all cameraviews. In a secondstep,

estimateP 9

sil t+1 1S augmentedy computinga 3D corrective motion eld from optical o ws. The modelstandingin pose

Ps‘}l 1+1 andtexturedwith thevideoimagesfrom timet is renderednto all cameraviews. Theimagesof the back-projected
modelform a predictionof the persons apperancatt + 1. Theoptical o ws arecomputedor eachpair of back-projected
modelview andcorrespondingegmentedvideoframeattimet + 1.

Thereconstructedanotion eld providesan estimateof wherethe limbs of the body modelneedto be movedin orderto
optimally conformwith theacquiredmagedata.Fromthe motion eld we computea least-squaredifferentialposeupdate
, Puit t+1 , i.€. asetof poseparametershatareaddedto P§| 1+, toformthe nal poseestimateP., fortimet+ 1. The
nal poseparameteestimatesernesasa startingpointin the next iteration.

Oncethe poseparameterdor all time stepsare obtained,they aresavedinto a 3D video le thatis playedbackfrom



arbitrary perspectiesin real-time. The renderershavs the the body modelin the sequencef recoreredbody posesand

createsarealisticsurfaceapearancey generatingnulti-view texturesfrom video.

Figure 1. Overview of the functional units of the proposed free-vie wpoint video system. The system
consists of an online (light gray background) and an ofine component (darker gray). The elements
of the motion capture sub-system are shown in the rounded box.

4. Multi-view Video Acquisition

Thevideo sequencessedasinputsto our systemarerecordedn our multi-view video studio[30]. IEEE1394cameras
areplacedin a corvergentsetuparoundthe centerof the scene.The video sequenceasedfor this paperarerecordedrom
8 staticviewing positionsarrangecht approximatelyequalanglesanddistancesroundthe centerof theroom. The cameras
aresynchronizedsia an externaltrigger andall the video dataare directly streamedo the harddizes of four control PCs,
eachof which is connectedo two camerasVideoframesarerecordedat a resolutionof 320x240at 15 fps. The framerate
is fundamentallylimited to 15 fps by the externaltrigger Using Tsai's algorithm[32] the camerasintrinsic and extrinsic
parametersiredeterminedgalibratingevery camerainto a commonglobal coordinatesystem. The lighting conditionsare
controlledandtheall camerasrecolor-calibrated.

In eachvideoframe,the personin theforegroundis cut outvia backgroundubtraction.Thealgorithmusedemploys per



Figure 2. XOR of model and image silhouette (I), body model with underl ying kinematic skeleton in
recovered body pose (m), textured body model (r).

pixel color-statisticsto generatesilhouettes[6]. Shadev regionsthatmightleadto anincorrectclassi cationof background

pixelsasforegroundareeliminatedvia anadditionalangularthresholdon pixel huevalues.

5. Adaptable Body Model

Thebodymodelusedthroughouthesystenis ageneriomodelconsistingof ahierarchicarrangemenf 16 bodysegments
(head,upperarm, torso etc.), eachof which is representedby a closedtriangle mesh(seeFig. 2). In total, the surface
geometryconsistof 21422triangles. The model's kinematicsarede ned via anunderlyingskeletonconsistingof 17 joints
connectingoonesggments.Rigid transformationst eachof thesejoint locationsde ne a speci ¢ body posefor the model.
Thesedransformationgsreconstrainedo imitatethe actualmotionsof thebody Shoulderandhip joints arerepresentefly 3
degree-of-freedonfDOF) ball jointsandelbow andkneejoints arerepresentetly 1-DOFhingejoints. In total, 35 parameters
areneedto completelyde ne abodypose.Assumingtheactorstandsn a speci c initialization pose thegenerichodymodel
shapes conformedto that of the personthrougha silhouette-basedting process.Shape-adaptatioof the body modelis
achieved by adjustingbody poseparameterandadditionalscalingparameterin aniterative procedureghatcornvergeswhen
anoptimal conformanceof the modelshapeandthe silhouetteimagesis reached5]. Fromthis point on, bonelengthsand
segmentgeometryare x edandmotionparameteestimationis performedusingacombinatiorof silhouetteandmotion eld

information.

6. Silhouette-basedViodel Fitting

For eachnew time stepof videot+ 1 themotioncapturesub-systenbeginswith thecomputatiorof asetof poseparameters

P 1+1 thatmaximizesthe overlapbetweerthe projectednodelandtheinputsilhouettesTheseposeparametersrefound

8



by meansof a hierarchicalnon-linearoptimizationprocedurewhich is initialized with the poseparameter$; thatwere
foundin the precedingime step. The error functionthatdrivesmotion captureis the perpixel XOR betweerthe projected
modelsilhouettesandinput silhouettesn eachcameraview (Fig. 2). It canbeef ciently computedusingfeaturesof current
consumegraphicshardware. The poseparametersrefoundby solving a sequencef smallerscaleoptimizationproblems.
Following the skeletonhierarcly, the poseparametersf the model's root joint, locatedin thetorsosegment,arefound rst.
Thereafterthe posesf arms,legsandheadarederivedand nally theposeof thefeetandhandsarecomputed Themethod
is describedn detailin [5].

Recentresultsshav thatthe silhouette tting algorithmcanbe signi cantly spedup by implementingit asa distributed
client-serer system[28]. In this parallelimplementationfour client PCsandonesener PCareused.Theindependencef
posesof body partson the samelevel of the skeletonhierarcly, suchasthe arms,the legs andthe head,canbe exploitedin
the parallelimplementation.Insteadof computingthe poseparametersf eacharm, eachleg andthe headsequentiallyon
asinglemachinetheir posescanbe foundon ve differentmachinesn parallel. The samegoesfor the handsandthefeet.
Following the skeletonhierarcty top to down, the sener startsby nding the root parametersOn the next two hierarcly
levelsthework is distributedamongthe ve GPUSandCPUs. A furtherspeedupn the XOR evaluationis gainedby only
consideringsub-rgionsof theimageplaneandby excluding unchangingnodelpartsfrom rendering.The silhouette-based

model tting is relevantto thiswork in thatit is usedasrobustpredictionschemeor poseparameters.

7. Multi-view Texture Generation

With ary body pose,it becomegossibleto generatea texturedbody modelby projectingthe input cameraviews onto
the body model surfaceusing programmablegraphicshardware. The degreeto which a speci ¢ input view is visible at a
given surfacelocationis variable. Pervertex blendingweightsare computedoasedon visibilty andthe angulardifference
betweerthevertex normalandtheinputview vector Ref. [5] addressetexturegeneratiorfor the purposeof novel viewpoint
generation.We make useof texture generatiorfor both renderingand motion parameteestimation. This requiresa slight
modi cation. Whenrenderingthe texturedmodelfor motion eld computationthe texture coordinategeneratedrom the

previoustime stepareused.

8. Fundamentalsof Optical Flow and its 3D Equivalent

This sectionsbrie y reviews the mathematicapreliminariesof optical o w andthereconstructiorof 3D motion elds.



8.1.2D Optical Flow

Theoptical o w is theprojectionof the3D velocity eld of amaving scenéanto the2D imageplaneof arecordingcamera.
Thedeterminatiorof the 2D optical o w from spatio-temporaintensityvariationsin imageshasbeenanissuein Computer
Vision for mary years[2].

A numberof simplifying assumptionaretypically madeto computethe optical o w from the pixel intensitiesof two
subsequenimages. First, it is assumedhat the changein imageintensity is dueto translationin the imageplaneonly
(intensityconstang constraint)

I(x;t) = I(x ot;0) : 1)

whereo = (p; )" istheoptical o w atimagepointx, | beingtheimageintensityatx attimet. Fromthe Taylor expansion

of Eq. (1), theoptical ow constrint equationis derived

ri;t) o+ ly(x;t)=0 ; (2)

wherel(x; t) is thetemporalderivative. This is anequationwith two unknovnswhich cannotbe solved at a singleimage
plane location without additionalassumptions.Henceit is commonpracticeto make additionalassumptionsaboutthe
smoothnessf optical o w in alocal spatialneighborhoodo make the problemtractable.

In theoptical o w approactby LucasandKanad€d19], aweightedeast-squares$ tothelocal rst-order constraint§Eq.

(2)) is computedoy minimizing the functional

X
W20OIr 1(x;t) o+ 1 t)]° ; ®)
x2W

whereW (x) de nines a Gaussiameighborhoodaroundthe currentpositionx in the imageplane. We decidedto usethis

technigueaspartof our systentoo.

8.2.3D Motion Fields

The optical o w obsened in a camerais only a 2D-projectionof the real world 3D motion eld. The goal of motion
captureis therecovery of the parametersf three-dimensionahotion. A reconstructe@D motion eld from optical o ws

in multiple cameraviews canbe usedto computetheseparametersThereconstructiorof the 3D motion eld, alsoknow as
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Figure 3. 3D motion (scene o w) of a surface point and the corresponding obser ved optical o ws in
two camera views.

thesceneow, from the 2D optical o wsis possibleusingatechniquedescribedn Ref.[34].

If correspondencds theimageplaneareknown, i.e. it is known to which locations3D pointsprojectin eachcamera
view, the scene o w canbe reconstructedby solving a linear systemof equations.In our system the correspondenceare
known for eachvertex becauseve have an explicit body modeland since,during calibration,the projectionmatricesP
for eachrecordingcamera weredetermined.The projectionmatricesdescribethe relationshipbetweera 3D positionof a
vertex andits projectioninto theimageplaneof thecamerap; = (u;;Vvi)T.

The differentialrelationshipbetweerthe vertex x with coordinategx; y;z)T andu; is describecby the2 3 Jacobian
matrix J; = %:

du;j dx

dt =Jia : 4)

In otherwords,the Jacobiardescribegherelationshippetweera smallchangean 3D positionof a vertex, andthe changeof
its projectedmagein camera. Theterm dst is theoptical o w obseredin camerd, ‘é—f is thecorrespondingceneo w of
thevertex (Fig. 3). Having a mathematicatameramodel,the Jacobiarcanbe computedanalytically(see[34]).

If avertex is visible from atleasttwo cameraviews, anequationsystemof theform B ?j—ﬁ = U canbeformulatedto solve

for thesceneo w of this vertex giventheoptical o wsin all cameraviews, where
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and N is the numberof cameraviews. A least-squaresolutionto this equationsystemcan be found via singularvalue

decompositiof{SVD) [25].

9. Body PoseUpdate using 3D Motion Fields

Optical o w operatesunderthe assumptiorthatthe projectionof the underlyingmotionis purely translational. This is
simply not a reasonabl@pproximationfor fastor complex motion. We concedethat a purely motion- eld basedracking
systenis suitablefor aslow moving subjectonly. However, by combiningoptical o w andsilhouettanformation,it becomes
possibleto bypasssomeof the limitations of optical o w andcapturecomple, fastmotionsof the body Whereasa motion
eld describeghe motionof a scenebetweertwo time instantspur correctivemotion eld describeshemotionbetweeran
intermediantexturedmodelgeneratedrom silhouettebasedrackingandatimeinstant. Thesemotionsaresmalltranslations
androtationsproperlyaligningtextureinformationandconsequentiallguitablefor approximatiorby alinearmodel.

We applythe previously describedsceneo w reconstructioralgorithmto computea corrective motion eld ateachtime
step. Let I;;; bethej-th inputcameraview attimet, andP; bethe modelposeattimet. Thealgorithmthenproceedsas

follows:
With P; asthestartingpoint, usesilhouettetting to computePsoiI 1+1 » anestimatecposefor timet + 1.

Generatetjo;t+l by renderingmodelfrom camerg in poseP 2, 141 With texturesfrom timet.

Computation of corrective motion eld D: For eachmodelvertex

— Determinethe projectionof thevertex into eachcameramageplane.
— Determinevertex visibility in all camerady comparingheprojectedz-coordinatdo the OpenGLz-huffer value.
— If avertex is visible from camerg , computethe optical o w betweerimaged J-O;[ 41 andljer .

— If avertex is visible in at leastthreecameraviews (morerobust reconstructiorthanwith minimum numberof
two views), computea leastsquaresolutionto anequationsystemof theform asin Eq. ( 5) by applyinga SVD

asdescribedn Sect. 8.2.
UpdatePQ, ., to conformwith motion eld to yield Py .

Thecomputectcorrectve 3D motion eld D describewvertex positionupdateghatcorrectslightinaccuraciesn theresult
of the silhouettestep. Fig. 6 shavs an exampleof a correctve ow eld andthe correspondinguipdatedoody pose. The

remainderof the sectiondescribeshe dervationof thedifferentialposeupdatesrom P§, ..., to Pis+1 usingD.
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Figure 4. Body model with separated hierar chy levels.

9.1 Differential PoseUpdate

Thecorrectve motion eld D canbeusedio computdifferentialposeparameteupdategor eachlimb of thebodymodel.
For therootwhich s locatedin thetorsosegment,threedifferentialrotationandthreedifferentialtranslationparameterare
computedAll thejoints apartfrom therootarepurelyrotational. This includes3-DOF rotationsfor the shoulderships,and
neck,anda 1-DOFrotationfor the elbavs andknees.Thewrist andanklejoints arecurrentlynot considered.

By addingeachvectorin D to thecurrent3D positionof its correspondingertex, asetof goalpositionsis de nedfor each
modelvertex. Thegoalisto nd thesetof differentialjoint parametersf the body modelthat bestalignsthe verticeswith
thesepositions.Theideais to computethedifferentialposeparameteupdatedor everyjoint only from the goal positionsof
theverticesof the attachedody segment,e.g. usingthe upperarmgoal positionsto nd theshouldemparameters.

Both our arti cial body modelandtherealhumanbody arehierarchicakinematicchains. This impliesthattransforma-
tions of joints lower in the hierarcly involve all transformatiorof precedingoints too. Takingthis into accountwe solve
for the differentialmodelparametergor onehierarcly level of the modelat atime, proceedingrom top to bottom(level 1
beingthe highestlevel, seeFig. 4). After the poseupdatedor a higherlevel arefound, the model parametersn this level
areupdated)eaving all lower levels unchangedThe algorithmproceeddo the next lower level. Throughthis methodit is

assuredhatthe computedifferentialupdatecorrespondsnly to ajoint transformatioron this level.

9.1.1 Registration Method for PoseUpdate

Findingaposeupdatefor ajoint correspondf nding acoordinatesystentransformatiorbetweertwo pointsetsaproblem

know asthe absoluteorientationproblemin photogrammetry14]. For eachjoint, one point setconsistsof the current3D
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Figure 5. The pictures from left to right show the original model pose with 3D motion eld (little
arrows), the model after correction on the r st hierarchy level, the second and then the third level.
The lengths of the motion eld vector s are exaggerated.

vertex positionsof the attachedody segment. The secondooint setde nesthe goallocationsfor eachvertex in 3D space
In [15], Horndescribes closedform solutionto theabsoluteorientationproblem hencefortireferredio astheregistration

method.In hiswork, Horn usesquaterniongo parameterizeotations.All transformationgrecomputedwith respecto the

solutionto the absoluteorientationproblemin the least-squaresensearetherotationR andtranslationc thatminimize the
errorfunction
X
kxzi Rxy ck® (6)
i
It is shawvn in [15] thatthe optimal translationc is de ned by the differencebetweenrthe centroidof set2 andthe rotated

centroidof setl. To nd the optimal rotation, the coordinatef the pointsin both point setsarede ned relative to their

centerof gravity, respectiely. It canbe shavn thatthe optimalrotationin the senseof Eq. ( 6) canbefoundby maximizing

X
X2i RXgi (7

The maximalsolutionto the Eq. ( 7) canefciently be computedn closed-formusinga quaternionparameterizatiom of
therotation. A quaterniorcanberegardedasa complex numberwith onereal componentindthreeimaginarycomponents,
g = O+ ix + qiy + i,, andcanbe representedby a 4-componentector Rotationscan be representedby unit
guaternions A detaileddescriptionof quaternionss beyondthe scopeof this paper hencewe referthe readerto the paper

by Horn[15].
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Usingquaternionsthe sum(7) canbetransformednto theform

q'Ng : €)

Thematrix N containsentriesthatare purely madeup of productsof coordinatef correspondingpointsin the two point
setsthatneedto beregistered(seeAppendix). Therotationq thatmaximizesthis sumis the eigervectorthatcorrespondso

thelargesteigervalueof the symmetricdx4-matrixN . Thesolutionqis aunit vectorin thesamedirectionastheeigermvector

We apply the registrationmethodto computedifferentialposeupdatesasfollows. The adjustmenstartsat hierarcly level
1 with theroot of themodel. To nd the corrective modelupdateof theroot joint, a differentialrotationandtranslationis
computedusingthe torso segmentstartand destinationpositionscomputedirom D . The rotationcomponenis computed
by applyingthe previously describedegistrationmethod. The correctie translationis simply the optimaltranslationof the
registrationmethodtransformednto the global coordinatesystem.

Onthe secondevel of the hierarcly, only differentialrotationparameter$or 3-DOF shoulder hip, andheadjoints need
to be computed.Therotationsareto be performedaroundthe centerof eachjoint, not aroundthe centerof gravity of the
vertex positions.However, it is valid to simply usethe startandgoal vertex coordinatesx;j andx,;, de ned with respect
to thelocal joint coordinatesysteminsteadof relative to the centersof gravity. The samealgorithmfor nding the optimal
rotationstill appliesthatis partof the registrationmethod.Theleast-squaresotationfor the joint is foundastherotationR
thatminimizes

X
kKXo Rxp k? (9)

This enegy termcanbeexpandednto

W P W
kxzi k2 2 Xoi Rxgy + kxyi kK2 ; (10)
i=1 i=1 i=1

whichis minimizedby maximizingthe middle sum. This sumcanbe maximizedby the samequaternion-baseeéigervector
decompositiormethodaspreviously described.

On hierarcly level 3, therearefour 1-DOFjoints (the elbows andthe knees).The body modelis designedn sucha way
thattherotationaxis for eachof thesejoints coincideswith the x-axis of thelocal coordinatesystem.The optimal rotations

arefoundusingthe sameprocedureason hierarcly level 2. The 1-DOF constraintis incorporatedy simply projectingthe

15



startandgoalvertex positionsinto thelocal yz-planes
In Fig. 5 the differentstepsof the poseparameteupdatecomputatiorareillustratedusingan exaggeratedo w eld for

bettervisualization.

10.Resultsand Validation

The performanceof our systemwas testedon two multi-view video sequenceshat were recordedwith 8 camerasat
a resolutionof 320x240pixels. The sequenceshav simple gestureghat exhibit a large amountof headmotion which is
dif cult to accuratelyecoverfrom thesilhouettesteponly. All testmachinesisedfeaturel.8 GHz PentiumIV XeonCPUs
with 512MB of mainmemory All machinesareequippedvith Nvidia GeForce3™M GPUs.For thedifferentsub-components
of the motion capturealgorithm,we obtainedthefollowing timing results:

For both sequenceghesilhouette tting takesbetweerB and5sfor eachtime stepif theimplementatioron a singlePC
is used.If the parallelimplementatiorwith ve PCsis applied,silhouette tting timessigni cantly belov onesecondor a
singletime stepareachieved.

The mosttime consumingstepin the motion eld reconstructioris the computationof the optical o ws in all camera
views. The LucasKanadeoptical o w algorithmtakeson average45sfor the processingf onesetof 8 input views if four
levels of animagepyramid anda 20x20 Gaussiarwindow are used. Thesenumbersapply if the algorithmis con gured
to computescene o w vectorsfor eachmodelvertex, andthus 8 optical o w vectorsare computedfor eachvertex. The
runtime of the optical o w computationstrongly dependson the chosenparameters.Speed-upsre gainedby reducing
the numberof imagepyramid levels andthe size of the Gaussiameighborhood.For only onelevel in the pyramidanda

10x10-neighborhoodhe optical o wsin 8 cameraviews canbe computedn 8s.
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Table 1. Differences in PSNR measurements between free-vie wpoint videos that were reconstructed
with and without motion eld step.

Differencein Avg. | Max. Difference

sequencd 0.33dB 0.81dB

sequence 0.35dB 0.93dB
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A furtheracceleratiors achiezedby computingthesceneo wsonly for asubsebf themodelvertices.However, sinceour
focuslies on producingthe maximalpossiblevisual quality we run the scene o w computatiorat the highestievel of detail.
Our systemis e xible enoughto incorporateary otheroptical o w method. The reconstructiorof the three-dimensional
motion eld from the 2D optical o ws,takeson average0.34sfor eachtime step.

The resultsobtainedwith both sequenceshav thatthe motion eld updatestepcannoticeablyimprove the quality of
the reconstructednotion and thus alsothe reconstructe@®D video. Two pairsof imagesin Fig. 6 shav the texturedand
untexturedbodymodelsideby side. Theleft pair shonvs theresultthatis obtainedwith puresilhouette-basedhotioncapture,
theright pair shavs theresultwith theenhancealgorithm. It is very obviousthattheimprovedvisual quality of thetextured
model,notablyin theface,is causedy the moreaccuratéody pose.

In Fig. 6 somemorescreen-shotsf 3D videosthatweregeneratedvith andwithoutmotion eld correctionaredepicted.
As expectedhemostobviousimpravementsarevisible in thefaceandon thetorso. The silhouettestepoften cannotexactly
recover the headorientation. The additionaluseof thetexture informationcancorrectfor suchsmallerrors. Slight changes
in torsoorientationarealsodiscoveredmorerobustly if themotion eld correctionstepis applied.

In orderto validatethe visualimprovementscausedy the motion eld stepwe emplg/ a quality measurewidely used
in researclon video encoding. For eachtime stepof video we computethe peaksignal-to-noise-ratigPSNR)[3] in the
luminancechannelbetweenthe 3D video renderedrom the input cameraperspecties andthe sggmentedrecordedinput
views. On bothtestsequenceshe PSNRis computedor the 3D videoswith andwithoutthe corrective motion eld step.

Thedifferencein the averagePSNRbetweerthe correctecanduncorrectedree-viavpoint videosaswell asthe maximal
obsereddifferencefor onesingletime stepof videoaresummarizedn Tablel.

The differencein the averagePSNRover all video framesis a measureof reconstructiorguality. A positive difference
characterizeanimprovementof renderingguality with respecto the original videoframes.We obtainedpositive differences
betweenthe averagePSNRsfor both sequencesFor one singletime stepof video the improvementscan even be more
signi cant asit is expressedn the valuesfor the maximalobsened PSNRdifference.

It isinterestingo obserethat,afteronly smalldifferencestthebeginning,later, in bothsequenceshePSNRdifferences
arelarger This con rms theassumptiorthatthe correctionstepimprovesthe model tting overtime. Resultmoviescanbe

downloadedfrom http://www.mpi-sbhmpg.de/ theobalt/SceneRmitting/index.html.
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Figure 6. First row: Body model with corrective motion eld (green arrows) before () and after (r)
pose update . Second row: The left image pair shows textured and untextured body model obtained
with pure silhouette tting, the right pair shows the corresponding result with active motion eld
step. Third and fourth row: The top images show screen shots of 3D videos reconstructed without
motion eld step, the bottom images show visual improvements with active diff erential pose update .
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11. Conclusionsand Futur e Work

In this work, we have presentech new approachor acquisitionandrenderingof 3D videosof humanactors. We have
demonstratethatthatalargerangeof complex andrapidbodymotioncanberobustly acquiredoy meanf silhouette-based
marker-lessmotioncapturealgorithm.In combinatiorwith arenderethatappliesa multi-view texture generatiormethodto
createarealisticsurfaceappearancey powerful tool for immersve video productionis formed. We have demonstratethat
thevisual quality of the free-vievpoint videoscanbe furtherenhancedby incorporatingtexture informationinto the motion
tracking process.Posecorrectionsderived from spatialmotion elds areusedto correctsmall poseinaccuracieghat may
leadto visualartifactsin thosepartsof the bodythatexhibit alot of small-scalesurfacedetail. It wasshovn empiricallyand
quantitatvely thattheincorporationof correctve motion elds into the tting processieldssigni cant improvementsand
thusis aworthwhileenhancemertb the procesf capturingfree-viavpoint video.

In future, we planto integrateour approachnto a multi-modalsystemthat canreconstruchumanmotion andthe back-
groundscenesimultaneouslyTheconcurrentcquisitionof motionandparametrianodelsof surfaceappearancéor relight-

ing is alsoanissue.
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Appendix

Structur e of Matrix N

Thematrix N neededo computethe optimalrotationin ajoint is de ned asfollows: Let x; andx, betwo point setsof

sizen, eachpointde ned via coordinategx; y; z), then

2

Sxx S><y Sz
M=8S, S, S

SZX

where

X
Sy = X1;i Yzii
i=1

22



Theentriesin N arebuilt via arithmeticoperation®n elementof M.

N= N;y N, N3 Ng4

2 2
(Sxx + Syy + Szz) z Szy
z Szy . (Sxx + Syy + Szz)
zx sz + Syx
Sxy Sy)( SZX + SXZ
2 3 2
zx sz y
x + Syx . Six + Sxz
( Sxx + Syy Szz) Syz + SZ)’
Syz + Szy ( Sxx Syy + SZZ)
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