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Abstract

Wk presenta novel algorithmto jointly captue the mo-
tion andthe dynamicshapeof humandrom multiple video
streamswithout using optical markers. Insteadof relying
on kinematicskeletons astraditional motioncaptue meth-
ods,our approadc usesa deformablehigh-qualitymeshof
a humanas scenerepresentation It jointly usesan image-
based3D correspondencestimationalgorithm and a fast
Laplacian meshdeformationschemeto captue both mo-
tion and surfacedeformationof the actor from the input
videofootage. As opposedto manyrelated methodsour
algorithm can track peoplewearing wide appael, it can
straightforwadly be appliedto anytypeof subjecte.g. an-
imals, and it preserveghe connectivityof the meshover
time We demonstate the performanceof our approach us-
ing syntheticand capturedreal-world videosequenceand
validateits accuracy by comparisorto thegroundtruth.

1. Intr oduction

3D videoprocessings ayoungandchallengingeld that
aims at reconstructingime-varying modelsof real-world
scene$rom multi-view videoin orderto displaythemfrom
syntheticviewpoints. Themostimportantandmostdif cult
to reconstrucpart of thesemodels,in particularif human
actorsarein the centerof the scene,is the representation
of the scenes geometryandits motion. A variety of ap-
proacheshave beenproposedn the literaturethatareable
to partly solve this problem.

On one end of the spectrum,there are marker-based
and marlkerlessmotion capturesystemsthat measurehu-
manmotionin termsof a kinematicskeleton[18]. Sincea
kinematicskeletononly enablegrackingof rigid motions,
they have to be combinedwith otherscanningechnologies
to capturethe time-varying shapeof the humanbody sur
face[1, 19, 26]. Unfortunately noneof thesemethodscan
performjoint dynamicshapeandmotionestimationof peo-
ple wearingarbitrary clothing from unmodi ed raw video
material.
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Figurel. Our methodrealisticallycaptureghemotionandthe dy-
namic shapeof a womanwearinga Japanes&imono from only
eightvideostreams.

Time-varying scenegeometrycanalsobe reconstructed
by meanf shape-from-silhouettepproachefd], or com-
binedsilhouette-and stereo-basethethods 8]. However,
the measurednodelsoften lack detail if only a handful of
input cameraviews is availableandit is hardto presere
topologicalcorrespondendeetweersubsequertime steps.

On the otherend of the spectrum thereare methodsto
track deformablemodels. Physics-basednodelscan be
appliedto track garment[25], tissuein medical scanner
data[1€], or simplehumanmotionif akinematicskeletonis
alsoavailable[17]. However, noneof theseapproachesan
trivially be appliedto objectsmadeof a variety of differ-
entmaterials,and noneof themhasyet tracked arbitrarily
dressedumanausingpassive methods.

Themaincontritution of this paperis amethodto fully-
automaticallytrack the motion and the time-varying non-
rigid surfacedeformatiorof peoplefrom ahandfulof multi-
view video streams. The algorithm can handle humans
wearing arbitrary clothing, including wide t-shirts, skirts
andevenkimonos. It employs a high-qualitylaserscanof
the tracked subjectasunderlyingscenerepresentationBy
meanf anoptical o w-based3D correspondencestima-
tion, thelaserscanis deformedbovertime suchthatit follows
the motion of the actorin the input streams.Deformations
arecomputedvia anew fastLaplaciantrackingschemehat
is robust agpinsterrorsin the 3D ow. Our methoddoes
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Figure2. Overview of our markerlessdeformablemeshtracking framewvork: Given a laserscanof a personand a multi-view video
sequencshaving hermotion,the methoddeformsthe scanin the sameway asits real-world counterpartn thevideostreams.

not emplgy a kinematicskeletonandit candirectly be ap-
pliedto trackothersubjectsg.g. animals.As anadditional
bene t, the connectvity of the modelover time is trivially
presered.

The remainderof this paperis structuredas follows:
Sect. 2 reviews the most relevant relatedwork. Sect. 3
detailsour automaticmarkerlessdeformablemeshtrack-
ing technique. Validation experimentsand results with
both syntheticand capturedreal-world dataare described
in Sect.4, andthe paperconcludesn Sect.5.

2. Related Work

In our work we capitalizeon ideasfrom researchon
modeltrackingandscenereconstruction.The following is
by nomeansacompletdist of referencedut merelyasum-
mary of the mostrelatedcateyoriesof approaches.

Human motion is normally measuredy marker-based
or marker-lessoptical motion capturesystemg 11, 1] that
parameterizéhe datain termsof kinematicskeletons.Un-
fortunately theseapproachesannotdirectly measureime-
varyingbodyshapeandthey evenfail to track peoplewear
ing looseapparel.To overcomethis limitation, somemeth-
odsusehundredf optical markings[19] for deformation
capture,combine a motion capturesystemwith a range
scanner{1] or a shape-from-silhouettapproach[26], or
jointly useabodyanda clothmodelto trackthepersor 24].
Although achiezing goodresults mostof thesemethodre-
quire active interferencewith the sceneor require hand-
craftedmodelsfor eachindividual.

Alternatively, shape-from-silhouettealgorithms [9],
multi-view stereoapproache$34], or methodscombining
silhouetteand stereoconstrainty 7, 8] canbe usedto re-
constructdynamicscenegeometry To obtaingoodquality
results,however, mary camerasare neededandit is hard
for thesealgorithmsto generate&onnectvity-preservingly-
namic meshmodels[2€¢], suchas our method produces
them.

Relatedto our approachare also previous methodsfor
deformablemodel tracking. Some passve methodsex-
tract 3D correspondencesom imagesto track simplede-

formableobjects[6] or cloth [23]. Similar algorithmscan
be usedto tracktissuein medicaldata[16]. Passve meth-
odscanalsobe emplgyedto jointly capturekinematicmo-
tion parameterandsurfacedeformationf tightly dressed
humang5, 27]. Noneof thesealgorithmsthough,cantrack
arbitrarily dressegeopleat alevel of accurag comparable
to ours. Statisticalmodelshave alsoshowvn their potential
to trackcon ned deformablesurfacepatcheg 30] andmov-
ing hands[10]. Researcherhave alsousedphysics-based
shapemodelsto trackgarmen{ 25] or simplearticulatechu-
mang[ 17, 21]. Unfortunatelynoneof thesemethodds able
to track arbitrarily dresseceoplecompletelypassiely. It
may also be dif cult to apply themfor trackinga human
wearingdifferentgarments sincetherethe speci cation of
materialparameterss non-trivial.

In contrastwe proposeanen methodthatcapturesigh-
quality deformablehumangeometrycompletelypassvely
from only a handful of input video streams. It combines
3D ow estimationandLaplacianmeshediting [27, 29 to
trackthedeformatiorof a high-qualitya priori shapemodel
which malkesit robustagainsterrorsin 3D correspondence
estimation. By relying on differential coordinatesshape
deformationgfor large modelscanbe computedat almost
interactive frame rateswithout having to specify explicit
materialparametersOur algorithmis highly e xible, easy
to implementandcapturedothrigid motionandnon-rigid
surfacedeformationof the tracked subjects.In addition, it
deliverstriangle meshgeometrythat maintainsits connec-
tivity over time. To the bestof our knowledge,this is the
rst systemof its kind thatcancapturethe motionandnon-
rigid surfacedeformationsf arbitrarysubjectdrom only a
handfulof cameras.

3. Video-basedTracking of ScannedHumans

An overview of ourtechniqués showvnin Fig. 2. Thein-
put comprisesf a staticlaserscannedrianglemeshM =
(V;E) (V=setof vertices, E=setof edges)of the mov-
ing subject,and a multi-view video (MVV) sequencehat
showvsthe persormaving arbitrarily. After dataacquisition,
we rst alignthelaserscanto the poseof the personin the
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Figure 3. The work o ws of tracking stepsA andB arevery similar: Arabic numeralsindicatethe work ow speci ¢ to stepA asit is

describedn Sect.3.2, whereasRomannumeralslenotestepB whichis

rst time stepof video,Sect.3.1. Ourframeavork comprises
of two differenttrackingproceduresstepA andstepB, that
aresubsequentlgpplied.In stepA weapplyaniterative 3D
0 w-baseddeformationrschemeo extractthe motioninfor-
mationof eachvertex overtime from theimages Sect.3.2
Theresultsof stepA quickly deterioratedueto accumula-
tion of correspondencestimatiorerrors.Nonethelesshey
give us the possibility to automaticallyidentify N marker
verticesthat can be tracked reliably, Sect.3.3. Tracking
stepB, Sect.3.4, is morerobust against o w errorssince
it implicitly enforcesstructuralintegrity of the underlying
mesh. It usesthe moving marker verticesas deformation
constraintgo drive a Laplaciandeformatiorframenork that
malkesall verticescorrectlyfollow the motion of the actor
in all videoframes.

3.1.Acquisition and Initial Alignment

For eachtest person,we acquirea model and several
MVV sequence our studio. The triangle meshis cap-
turedwith our Vitus Smarf™ full bodylaserscannerAfter
scanningthe subjectimmediatelymovesto thenearbyarea
wheresheis recordedwith eight synchronizedrideo cam-
erasthatrun at 25 fps andprovide 1004x1004pixels frame
resolution.Thecalibratedcameragreplacedn anapproxi-
matelycirculararrangemerdroundthe centerof the scene.
After acquiringthe sequencesilhouetteimagesare calcu-
latedvia color-basedackgroundsubtraction.

In aninitial alignmentwe registerthescanneaneshwith
theposeof thepersonin the rst time stepof video. To this
end,sheinitially strikesthesameposethatshewasscanned
in. By meansof an ICP-like registrationthe meshis rst
coarselyalignedto a shape-from-silhouetteeconstruction
of the person.Thereafterwe run our o w-based_aplacian
deformationschemeo correctfor subtleposedifferences.

detailedin Sect.3.4.

3.2.StepA: Purely Flow-driven Mesh Tracking

After initial alignment,we iteratively deformeachindi-
vidual vertex of the meshbasedon 3D optical ow elds
that have beenreconstructedrom the multi-view images.
Although this simple approachs not robust againsterrors
inthe3D ow eld, it allows usto deducevaluablemotion
informationaboutcertainverticeson the surfacewhich we
cancapitalizeon in stepB. Using subsequentiime stepst
andt + 1 our purely o w-driven meshtracking approach
consistof thefollowing steps(seefFig. 3):

1. Projectiely texture the model using the images
19 15 !recordedwith theK camerasattime step
t andblendthemaccordingto the weightsdescribed
in [4]. Fromnow on, for all deformationiterations
betweert andt + 1 thetexturecoordinatesre x ed.

. GenerateK temporaryimagesT? TX ! by pro-
jecting the textured model back into all K camera
views.

. CalculateK 2D optical ow elds &¢(TX;1K,) be-
tweenimageTf andlf,; withk = f0 K 1g.

. Given the model, calibratedcamerasand the optical
ow elds for all cameraviews, we cancomputethe
3D motion eld, alsoknown asthesceneo w, by solv-
ing a linear systemfor eachvertex v; thatis visible
from at leasttwo cameraviews [31]. The generated
3D ow eld f(vi) = (Xi;Vi;z) isparameterizedver
themeshs surfaceandit describeshedisplacemeniy
whichv; shouldmove from its currentposition.

5. Filter the 3D motion eld f{( ) to remove noiseand
outliers.During the Itering processthe3D o w vec-
torsfor all verticesare rst classi edasvalid orinvalid
accordingto asilhouette-consistegariterion.f( ) is

valid if the positionof v; after displacemenprojects



insidethesilhouettamagesdfor all cameraviews andit

is invalid otherwise. Thereaftera Gaussiarlow-pass
kernelis appliedovertheentire ow eld. All invalid

displacement§( ) aresetto zero.

6. Usingthe ltered versionof f( ), updatethe model
by moving its verticesaccordingto the computeddis-
placements Add the displacement$§T( ) to the accu-
mulateddisplacementkeld &accum( ) accordingothe
rule: daccum(vi) = daccum(vi) + F(vi). daccum( )
describesthe completedisplacementof all vertices
from capturedtime stept to the currentintermediate
position.

7. Iteratefrom step2 until theoverlaperrorEq, (t+ 1) be-
tweenthe renderednodelsilhouettegseeFig. 3) and
thevideo-imagesilhouettesattimet + 1in all camera
views is belov TRoy. Eoy(t + 1) is efciently imple-
mentedonthe GPUasa pixel-wiseXOR [4].

8. Updatethe completemotion eld df(t; vi), which de-
scribesthe displacemenbf eachvertex v; from time
stepO to t, accordingto a(t;v;) = a(t 1,v;) +
Aaccum(Vi)-

The meshis tracked over the whole sequencédy applying
the previously describedstepsto all pairs of consequent
time steps. As aresult,a completemotion eld d(t; v;) is
generatedor eachvertex v; thatdescribests displacement
overtime.

Sinceour schemecalculates3D displacementsvithout
takinginto accounta priori informationaboutthe shapeof
themesh deformationerrorsaccumulatever time. StepB
solvesthis problemby explicitly enforcingstructuralprop-
ertiesof the meshduringtracking. To this end,themodelis
deformedbasednconstraintslerivedfrom reliablytracked
marker vertices. Theseverticesare automaticallyselected
from theresultsof stepA basecnthemethoddescribedn
thefollowing section.

3.3.Automatic Mark er Selection

Basedon thedeformatiorresultsof stepA ourapproach
selectdN marler verticesof themodelthatwereaccurately
tracked over time. To thisendwe rst choosel candidate
verticesfor markersthat areregularly distributed over the
models surface(Fig. 4A). To nd thesecandidatesye sey-
mentthe surfaceof the meshby meansof a curvature-based
segmentatiorapproach 32]. Thisalgorithmcreatesurface
patcheswith similar numbersof verticeswhoseboundaries
do not crossimportantshapefeatures. In eachregion the
vertex locatednearesto the centerof gravity is selectechs
acandidate.

A candidatev; is considereda marker vertex if it has
alow erroraccordingto the two spatio-temporaselection

criteriatsc( ) andmov( ). tsc( ) penalizesnarker candi-
datesthat do not projectinto the silhouettesn all camera
views andat all time steps. mov( ) penalizescandidates
whosemotionsare not consistentwith the averagemotion
of all verticesin the model. This way, we canpreventthe
placemenbf constraintsn surfaceareasor whichthe ow
estimatesmight be inaccurate. The two functionsare de-
ned asfollows:

1 XF )((
tsc(Vi) = ——— (1 PROJ& (pi + d(t; vi);t))
Ne K t=0 k=0
1)
Nr Rv
mov(vi) = —  (kd(tvi) —  dtv)K (2)
Ne o Nv =0

Ng isthenumberof framesn thesequence\y isthenum-
ber of verticesin the model,andp; is the positionof v; at
the rst time step. PROJ;‘iI (x; 1) is afunctionthatevalu-
atesto 1 if a3D pointx projectsinsidethesilhouetteéimage
of cameraview k attime stept, andit is 0 otherwise A can-
didatev; is acceptedsa marker vertex if tsc(vi) < TRrsc
andmov(v;) < TRyov. AppropriatethresholdsIRysc and
TRwmov arefoundthroughexperimentsTheindex i of each

marlerv; is thenstoredin thesetQ.

3.4.StepB: Flow-driven Laplacian Mesh Tracking

In stepB we extract rotationandtranslationconstraints
from the motionof theN marker verticesto drive a Lapla-
cianmeshdeformationapproachBy this meansve canex-
tractnovel motion elds d(t; v;) for eachvertex thatmake
the modelcorrectlymove anddeformlik e the recordedn-
dividual. Our Laplacianschemeencodesthe knowledge
aboutstructuraldetailsof the modelM in the meshs dif-
ferential coordinatesd. They are computedby solving a
linear systemof theform d = Lv, whereL is thediscrete
Laplaceoperatorbasedon the cotangent-weightf14] and
v is the vectorof vertex coordinates.The individual steps
of the Laplaciantrackingschemearevery similar to stepA
(Fig. 3), but differ in the detailsof the deformatiormethod.
For two subsequertime steps andt + 1 trackingworksas
follows:

I-V areidenticalto stepsl-5in Sect.3.2

VI From the motion of eachmarker vertex m;=v;, with
i 2 Q, relatve to the default position, a setof rota-
tion andtranslationconstraintds computed.We pro-
posea newv approachto automaticallydeterminero-
tation constraints. Local coordinateframesfor each
m; are derived from a graphconnectingthe markers
whosestructureis computedonceduring preprocess-
ing. Eachmarler correspondso a nodein the graph.
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Figure4. (A) Sgmentedneshandmarker candidategSect.3.3);
(B) Graphconnectingmarler vertices;(C) Rotationfor eachm;
calculatedaccordingto the changen its local framefrom time 0
to t; (D-E) Model is reconstructedubjectto constraintderived
from themotionof the marlers.

Edgesareconstructedy building aminimal spanning
tree betweenthem using geodesicsas distancemea-
sure[13], Fig. 4B. For eachmarkerm; alocalrotation
is estimatedrom thechangeof its local framebetween
its referenceorientationatt = 0 andits currentorien-
tation. This rotationis parameterize@dsa quaternion
Om, , Fig. 4C.

VIl Therotationsfor all markersm; areinterpolatedover
the model [33]. If eachcomponentof a quaternion
On, = [W;th; &; gs] is consideredo be a scalar eld
de ned over the entire mesh,a smoothinterpolation
is guaranteedy regardingthesescalar elds ashar
monic elds. Theinterpolationcanbe efciently cal-
culatedby solving the LaplaceequationLq = 0 over
thewhole meshwith constraintsy,, for all marlers.

VIII ThemodelM in its new targetposeis reconstructetly
solvingthe Laplaceequationsubjectto theconstraints
derived from the motion of the m; (Fig. 4D-E). This
can be formulatedas a least-squareproblemof the

form[29):
argminfk LpREC (g d gk + kApREC  bk%g:
pREC

3)

which canbetransformednto alinearsystem
(LTL+ATA)PREC=1LT(q d O+ ATb: (4)

Here,q d garethedifferentialcoordinateshathave
beenrotatedaccordingo theinterpolatedotation eld

g. bis thevectorof positionalconstraintsof the form

b = p+ dt 1;,m;) + daccum(mi), and pREC

is the vector of reconstructedrertex positions. The
eld daccum( ) storesthedisplacementfor eachver-

tex relative to time t thathave beenaccumulatedip to
now duringiterationsof stepsll to IX (seealsopoint
IX). Matrix A is adiagonalmatrixcontainingnon-zero
weightsAi; = w; only for markersm;.

IX Updatetheaccumulatedlisplacementeld for all ver-
tices@accum( ) accordingto therule: Gaccum(Vi) =
pREC p d(t 1;m;), wherepREC istherecon-
structedvertex positionfor v;.

X lteratefrom stepll until the overlaperrorE,, (t + 1)
betweenrenderedmnodel silhouettesand video-image
silhouettesn all camerastt + 1 is belov athreshold
TRov.

Xl Updatethecompletemotion eld d(t; v;) by d(t; v;) =
at  1;vi) + daccum(Vi).

By applyingthis algorithmto all subsequenime stepswe
cantrack the meshover the whole video sequence.Our
Laplacianschemereconstructshe meshin its new posein
a way that preseres the differential surface propertiesof
the original scan.Dueto this implicit shaperegularization,
our trackingapproachin stepB is robustagainstinaccurate
ow estimatesand deformsthe meshin accordanceo its
real-world counterpartn thevideostreams.

4. Resultsand Discussion

We have testedour methodon severalsyntheticandcap-
turedreal-world datasets(seeSect.3.1).

Syntheticsequence&nableus to compareour results
against the ground truth. They were generatedby an-
imating a textured scan of a woman (26K 4 ) provided
by Cybervare™ (Fig. 2) with publically available motion
capture les shaving soccermoves and a simple walk.
Output streamswere renderedinto eight virtual cameras
(1004x1004ixels, 25 fps) thatwereplacedin acircularar
rangemenlikein ourrealstudio.lmagenoisewaspurpose-
fully addedo mimic thecharacteristicsf ourrealcameras.
We ranaseriesof experimentgo evaluatethe performance
of differentalgorithmic alternatves and to decideon the
bestoptical o w estimationschemedor our purpose.

Thelatterquestionvasansweredby our rst experiment.
To testa representadie setof alternatve o w algorithms,
we comparedthe resultsobtainedby using our complete
tracking framavork (stepsA and B) in conjunctionwith
the local Lukas Kanademethod[15] (LK), the denseop-
tical o w methodby Blacketal.[2] (BA), andthewarping-
basedmethodfor denseoptical o w by Brox etal. [3] (BR).
Theplotin Fig. 5 shavstheaveragepositionerrorshetween
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Figure 5. Threedifferentoptical o w methodshave beentested
with our framevork. The averagevertex positionerrorsfor each
framerelative to the groundtruth are plottedin this gure. The
methodby Brox etal. (redline) shawvs the bestperformance.
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Figure6. Averagetrackingerrorfor all time stepsof the synthetic
walking sequencebtainedwith differentmeshtrackingalterna-
tives. The pipelinewe proposeST-AB) clearly producegshe best
results.

groundtruth andtrackingresultsfor eachframeof a walk-
ing sequence.By usingthe local Lukas Kanademethod,
we areunableto trackthe meshandtheerrorconstantlyin-
crease®vertime. Theerrorplot for BA is muchbetter but
it is clearly outperformedy BR The positionalinaccurag
obtainedwith BR never exceeds4 cm and even decreases
after a peakin the middle. Pleasenote that the synthetic
model (Fig. 2) is texturedwith very uniform colorswhich
malkes optical o w computationextremely hard. Even on
suchdif cult data,BR tracksthe meshreliably, and thus
the methodby Brox et al. is our methodof choicefor ow
estimation.

In a secondexperiment,we comparedhe differentde-
formationalternatves,namelydeformationalongtheun I-
tered o w (RANFL), deformationaccordingto stepA only
(SFA), and deformationwith our completepipeline (ST
AB). Fig. 6 plots the averagevertex position error against
the framenumber Using RAWFL, the measuremengrror
grows almostexponentially Trackingwith a Itered ow
eld leadsto signi cantly betterresults but theabsolutdn-
accurag is still comparablyhigh. In contrastpur complete

[[METHOD | TIME | VOLCHG | MQLT | ERFOR |

RAWFL 109s | 17.65% 0.46 | 98.66mm
STA 111s 4.97% 0.30 | 49.39mm
BR/STAB | 111s 2.79% 0.035 | 26.45mm
BA 426s 2.77% 0.029 | 35.28mm
LK 89s 10.73% 1.72 | 76.24mm

Table 1. Differentalgorithmicalternatvesarecomparedn terms
of run time, volume change(VOLCHG), meshquality (MQLT),

andpositionerror(ERFOR). Our proposedipelinewith thedense
optical o w methodby Brox etal. (BR'STAB) leadsto the best
results.

pipelineleadsto a very low peakpositionerror of 3.5cm
thatevendecreaseevertime.

Table 1 summarizeghe resultsthat we obtainedby as-
sessingdifferent combinationsof meshtrackingand ow
computatiormethodsaccordingto additionalcriteria. The
columnTIME containsthe time neededon a PentiumIV
with 3GHzto computethedeformatiorfrom onevideotime
stept to the next onet + 1. We alsoanalyzedthe aver-
agevolumechangeover thewhole sequenceyOLCHG, in
orderto geta numericalindicatorfor unreasonableefor
mations. The preseration of meshquality is analyzedby
looking at the averagedistortionof thetriangles, MQLT. It
is computedby averagingthe pertriangle Frobeniusnorm
over the meshand over time [20]. This norm s O for an
equilateratriangleandapproaches nity with increasing
degenerag. Finally, the columnlabeledERFOR contains
the averageof the positionerror over all verticesandtime
steps.

The run times of the rst threealternatves are almost
identicalsince109s have to be spenton the calculationof
the eight megapixel optical ow elds. Evenin our com-
plete pipelinethe deformationitself runsat almostinterac-
tive frame ratessince the involved linear systemscan be
solved quickly. As expected,the trackingerroris highest
if onedeformsthe meshusingtheun ltered o w, RANVFL
Furthermorethe meshdistortionis fairly high andthe vol-
ume changerisesto implausiblevalues. The bestoverall
performanceés achiezedwhenwe useour full meshmotion
capturepipelineSFTAB/BR Here,the positionerroris low-
est,the volumechangeis in the rangeof normalnon-rigid
body deformationsandthe trianglesremainin nice shape.
Althoughthe alternatve BA producesa fairly low triangle
distortion,its runtime is four timesslowver thanthe bestal-
ternatve andthe resultingpositionalaccurag is almost1
cmlower. LK is fastestput leadsto badresultsaccording
to all othercriteria. Ourteststhuscon rm thatthecomplete
trackingpipelinein combinationwith a high-qualitydense
o w methodcanreliably trackhumanmotionfrom raw un-
modi ed video streams.Admittedly, we cannottrack peo-
ple at a one millimeter accurag. Nonethelessgiven that
acompletelypassie measuremergetupwasusedandthat



Figure?. Side-by-sideeomparisondetweeraninputvideoframeandthe poseof thelaserscanthatour approachreconstructedTheposes
of the personsaandeventhe deformation®f complex apparellik e thekimono, arefaithfully reproduced.

thepersonstandsseveralmetersaway from thecamerasan
averagetrackingaccurag of roughly 2.6 cmis very good.

For our testswith real datawe capturedvideo footage
andbodymodelsfor differentmaleandfemaletestsubjects
usingthe setupdescribedn Sect.3.1 The capturedvideo
sequencearebetween300 and 600 frameslong andshav
a variety of differentclothing styles,including normalev-
erydayappareland a traditional Japanes&imono. Many
differentmotionshave beencapturedrangingfrom simple
walking to gymnastianoves.

Fig. 7 shawvs several side-by-sidecomparisondetween
input video framesand recorered meshposes. The algo-
rithm reliably recoverstheposeandsurfacedeformatiorfor
the malesubjectwho wearscomparablywide apparel.Our
algorithmcaneven capturethe motionandthe cloth defor
mationfor a womanwearinga kimono, Fig. 1 andFig. 7.
Sincethe limbs are completelyobscured,this would not
have beenpossiblewith anormalmotioncaptureapproach.
Pleasenote that spatial constraintsin our studio limit the
useableaecordingareato roughly 1.5x1.5m. Thus,themo-
tions in our testdataare spatially con ned. Our method
could handlearbitrary large-scalemotionin just the same
way. More resultswith syntheticandreal-world sequence
areshavn in theaccompaying video.

The resultsshav that our purely passie mesh-based
trackingapproactcanautomaticallycaptureboth poseand
surfacedeformationof humanactors. It illustratesthat a
skeleton-lesslgorithmis capableof trackingevencomple
deformationsof differentmaterialsby meansof the same
frameavork. Our tracker neitherrequiresary segmentation
of the modelinto parts,e.g. clothing andbody, nor does
it expectthe speci cationof explicit materialparameteras
they are often usedin garmentmotion tracking. Both of
this would be very dif cult for a humanwearingdifferent
kinds of fabrics. The combinationof an a priori model,a
fast Laplacianmeshdeformationschemeanda 3D o w-
basedcorrespondencestimatiormethodenablesisto cap-
ture complex shapedeformationgrom only afew cameras.
As an additionalbene t, our methodpreseresthe meshs
connectvity whichis particularlyimportantwhenit comes
to our ervisioned3D videoapplicationsanddynamicshape
encoding.

Nonethelesspur algorithmis subjectto a few limita-
tions. Currently we cannothandlevolumeconstraintg 17].
In somesituationssucha constraintmay preventincorrect
meshdeformationsaindthuscompensatéhe effect of incor
rect o w estimates.However, for sometypesof apparel,
suchasalongskirt or ourkimono,avolumeconstrainimay
even prevent correcttracking. Fromthis point of view our
implementatioris more e xible.

Anotherproblemarisesf thesubjectin thescenemoves
very quickly. In thesesituationsoptical o w trackingmay
fail. To attackthis problem,onemight useoneof themary
high-speed¢ameranodelsavailabletodayfor capturingfast
scenes.

Finally, ouralgorithmcannotcaptureghetrue shapevari-
ation of low-frequeng surfacedetails,suchaswrinklesin
clothing. While they globally deformwith the model,they
seemto be “bakedin” to the surface. In typical 3D video
applicationshowever, thisinaccurag will notplay amajor
role. Nonethelessye planto extendour methodin the fu-
tureto capturehesesmalldetailsby meansof a multi-view
stereaalgorithm.

Despitethesdimitationsourmethods a e xible, easyto
implementandreliablepurelypassie methodto capturethe
time-varying shapeof humansfrom video. To our knowl-
edgethisisthe rst systemin theliteraturethatcancapture
arbitrarily deformingmeshesn a connectity preserving
way for suchcomple scenes.

5. Conclusion

We have presenteda new algorithm for automatic
marker-less tracking of deformablehuman modelsfrom
a handful of video streams. The combinationof a 3D
sceneo w-basecdcorrespondencestimationapproactwith
a Laplacianmeshdeformationschemesnablesour method
to make a laserscanof a subjectmove anddeformin the
sameway asits real-world counterpartn video. Our algo-
rithm is easyto implementandcanhandlea large rangeof
humanmotionsand clothing styles. Its robustnessandre-
liability hasbeendemonstraten both real and synthetic
inputdata.

As a direction of future work, we plan to integrateour



methodinto a larger approachto reconstructhigh-quality
3D videosof humanswvearingarbitraryapparel.
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