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Abstract

In this work a methodfor trackingfabricsin videos
is proposedvhich, unlike mostothercloth tracking
algorithms, employs an analysis-by-synthesiap-
proach.Thatis trackingconsistf optimisinga set
of parameter®f a mass-springnodelthatis used
to simulatethetextile, de ning ontheonehandthe
fabricpropertiesandon the otherthe positionsof a
limited numberof constrainedpoints of the simu-
lated cloth. To improve the trackingaccurag and
to overcometheinherentlychaotichehaiour of the
real fabric several methodgo track featureson the
cloth's surface and the bestway to in uence the
simulationareevaluated.

1 Intr oduction

Due to its applicability in the Im industry and
morerecentlyin computergames cloth simulation
hasbecomeanimportantsubjectof researchMost
of theproposeaystemshowever, focuson produc-
ing believableanimationsratherthanrealisticsim-
ulations.For trackingof textiles, however, thecloth
simulationshouldbe asrealistic as possible. Yet,
in this work the possibility of tracking fabrics by
synthesisingn obsened scenewith a mass-spring
simulationis demonstrated.Unfortunately it was
foundthat,asaresultof theinherentlyinstablebe-
haviour of cloth, it wasnecessaryo introducenon-
physical forcesto biasthe simulationtowardsfol-
lowing the obsenedbehaiour.

The generalapproachto synthesisinga scene
can be split into three steps. First silhouettesare
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extracted and featureson the cloth's surface are
tracked. An optimisationalgorithm then adjusts
cloth propertiesand the positionsof constrained
pointsof the fabricto t the simulationto the ob-
senedsilhouettesandtracked features.A con gu-
rationis evaluatedby simulatingthe con guration
andusingthedifferencebetweercapturedandsim-
ulatedsilhouettesasthe errorfunction.

Section2 continuesby summarisinghe stateof
theartin clothtrackingandthedevelopmentof the
cloth simulationliterature. Section3 outlinesthe
contributionspresentedh thiswork. Sectior4 con-
trastsseveral tracking procedures. The employed
optimisationstratgy is detailedin section5 anda
summaryis givenin section6.

2 PreviousWork

Despitestronginteresthasbeenshavn in clothsim-
ulation on the one handand cloth trackingandin
reconstructionon the other only little effort has
beenput into combiningthe efforts by employing
analysis-by-synthesapproacheso cloth tracking.

One algorithm was presentedby Jojic and
Huang[8] which estimateshehiddenpointsacloth
is restingon. They do require3D-rangedataof the
real cloth to achieve this goal and the two-phased
natureof their algorithmrestrictsits applicationto
staticsituationsonly.

An analysis-by-synthesepproachwasalsoem-
ployed by Bhatetal. [2] but their goal wasfunda-
mentally different. Insteadof detectingthe drape
of thefabricthey attemptedo extractthe staticand
dynamicfabric parametergrom video images. A
simulatedannealingoptimiserwasusedto demon-
stratethata wide variety of clothtypescouldbere-



constructed.Their researchhowever, lacksveri -
cationwith a mechanicaktloth propertyextraction
methodsuch as the KawabataEvaluation System
(KES)[10]. Themethodhasalsobeencriticisedbe-
causdt is apparentlyunableto accuratelyestimate
thebendresistancg@arametefl7].

Other cloth tracking and reconstruction ap-
proachesdo not make use of a cloth simulation
to guide the reconstruction. The algorithm by
Pritchard and Heidrich [17] can be divided into
three stages. First, stereocorrespondence used
to reconstructnostof thetexturedcloth. Secondly
holes are interpolatedand Lowe's SIFT descrip-
tor [12] is employed to map points on the world-
spacecloth to pointson the two dimensionarefer
encecloth. Identi ed pointsarethenconnectedy a
seed-and-gw algorithm,rejectingspuriouspoints
in theprocess.

Several otheralgorithmsto recover the threedi-
mensionalayoutof a cloth werepublished.Scholz
andMagnor[18] presentedneapproactthatused
optical o w to calculatehethreedimensionascene
ow. Holesin the modelarenot interpolatedasin
Pritchards approach. Insteada deformablecloth
model is matchedto the surface, minimising the
deformationenegy of the patch. Drift is coun-
tered by constrainingthe edge of the simulation
to the silhouetteof the real cloth. Unfortunately
theiralgorithmwasonly demonstratedn synthetic
data. Their work was continuedwith a publica-
tion ontrackingclothmarkedwith apseudaandom
coloureddotspattern[19]. The proposedlgorithm
detectscolouredellipsesusing colour and bright-
nesdnformationandidenti es theexactpositionon
the cloth by examiningtheir local neighbourhood.
Theidenti ed locationsareconnectedn away sim-
ilar to Pritchards approachThreedimensionato-
ordinatesarereconstructethy usingamulti-camera
setup. As a last stepholesare lled by means
of a thin-platespline interpolationtechnique. Re-
cently anextensionto the approachwaspresented
by White etal. [22] who proposeda stereo-setufo
reconstructa randompatternof colouredtriangles
printedon a cloth. Their principalcontritutionsare
an extensionto the seed-and-gnu algorithmintro-
ducedby Pritchardanda strainminimisationtech-
niguethatallows themto reconstrucpointsthatare
visible in onecamereonly.

The otherimportantareaof researchremployed
in this work, particle systembasedcloth simula-

tion, was pioneerecby Terzopoulosetal. [20]. In
their work a numberof techniqueshat are com-
mon now suchassemi-implicitintegration, hierar
chicalboundingboxes,andadaptve time-stepcon-
trol wereproposedUntil Baraf andWitkin reintro-
ducedsemi-implicitintegration[1], decreasinghe
computationatostof clothsimulationsigni cantly,
explicit integrationtechniquesverecommon.

In the last few yearstwo major strandsof de-
velopmentcan be madeout in the cloth simula-
tion community One, aiming for real-time simu-
lation, focusseson computationspeedalone, sac-
ricing expressienessand accurag if necessary
Desbrunetal. simpli ed the equationsystemthat
needsto be solved every step by precomputing
parts of it [6]. Kang and Choi used a coarse
mass-springliscretisatiorand addedwrinklesin a
post-processingtepby interpolatingwith a cubic
spline[9]. Oh etal. introduceda new semi-implicit
integrationtechniquehat,besideside-steppinghe
unnaturaldampingof Baraf andWitkin's integra-
tor, is reportedlyableto runin real-time[15].

Theotherstrandattemptgo simulatecloth asre-
alistically as possible. The useof nonlinearcloth
propertieshasbeenintroducedby Eberhardtetal.
[7]. Simpli ed nonlinearitieshave sincebeenin-
tegratedinto a numberof systemssuchas[5, 3].
Impressie resultshave beenpresentediy Volino
and Magnenat-Thalman{R1]. The fabric proper
tiesemplogyedin their systemarenotonly nonlinear
but exhibit hystereticbehaiour.

3 Contributions

The method proposedhere makes the novel as-
sumptionthat the bestway to capturesceneson-
taining dynamiccloth motionis to t a simulated
model of the cloth to the obsered data. This ap-
proachhasseveral advantages Firstly, partsof the
realcloth thataretemporarilyhiddenarestill mod-
elled by the simulation. Secondlyno interpolation
of holeshasto be performed. Thirdly, sincea full
clothsimulationis implementedtrainreleasesin-
troducedby White etal. [22] becomesuper uous.
A full clothsimulationhastheadditionaladvantage
that the dynamic behaiour of the textile is inte-
gratedautomaticallyinto thereconstruction.
Theresultingprocedureanbedividedinto three
logically independenblocks. Their interrelation-
ship is summarisedn gure 1. An optimisation



moduleattemptsto t a simulatedpiece of fabric
to video data. The quality of the t is measured
by comparingthe silhouettesof the real and the
simulatedcloth. Additionally, points on the sur
faceof the cloth can be tracked and incorporated
into the evaluationfunction. Thus, the "Tracking
& 3D-Reconstructionmodulefeedstheseinforma-
tionsinto the "Optimiser'. Thethird block, entitled
“Cloth Simulation', communicatesloselywith the
optimiser The optimiserinstructsthe cloth simula-
tion to evaluatea setof parametersThe resulting
errorvaluesarepassedackto the optimiserwhich
useshemto choosehenext parameteset.

Tracking &
3D-Reconstruction

Cloth Simulation

Optimiser

Figurel: Overview

Unfortunately evenif the cloth simulationwas
ideal and the initial con guration was known ex-
actly, thesimulationandtherealworld would even-
tually diverge. This is a result of the inherently
chaoticbehaiour of cloth. This problem, which
was rst pointedout by ChoiandKo [5], is demon-
stratedn gure 2. Considerfor example thecross-
sectionof a cloth. If the clothis compressedlong
its major axisit is unde nedin which directionit
will buckle to evadethe stress.A minimal pertur
bation of the con guration canin this casecause
macroscopicallydifferent outcomes. The differ-
encesbetweenreal world and simulationcanbe a
result of a numberof in uences such as numer
ical accuray, inaccurateinitial condition, locally
varyingfabricpropertiescoarseguantisatiorof the
cloth, or physicaleffectsthatarenot simulated.

Severalwaysto handlethis dilemmacanbe de-
visedbut only onewasimplemented.

The problemcan be solved by attachingvirtual
springsto pointsdetectedn the simulatedsurface,
attractingthemto tracked world spacecoordinates.
This techniqueis reasonablyfast and fairly easy
to implement. Nonethelessit doeshasits draw-
backstoo. Firstof all it cannotbe dismissedthat
non-plysicalforcesareintroducedinto the simula-
tion. Yet, if themagnitudeof theforceis keptsmall
enoughit is expectedhatno negative impactcanbe
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Figure2: Instablecon gurationscanarisein cloth

whenit is compressedA smallforce f~ actingon

the displayedmass-springarrangementan cause
macroscopicallgigni cantly differentoutcomes.

obsered. Onthe otherhandif the attractionforces
aretoo smallthenthe desiredeffect of in uencing
unstableconditionsmaynot be present.

Thenext dilemmaencounteredfter committing
to non-plysical forcesis to decideon the type of
spring inserted. Regular linear or dampedlinear
springsasusedin the cloth simulationincreasethe
attraction force f~ proportionalto the distanced
betweenthe point on the simulatedcloth and the
marker(f~ d). Thisapproactdoesnotprovide for
outliers. It would thusrequireadditionalhandling
andmoreimportantlydetectionof thesecasesf the
simulationis to be preventedfrom beingdominated
by outliers. Reciprocal(f~ 1=d) or quadrati-
cally reciprocalforces (f~ 1=cd?) do not have
this problemand automaticallyprovide for outlier
rejection. Only, anothersensitve parameteiis in-
troducedwvhenentwiningtheseforcesinto thecloth
modelandunfortunatelyit cannotbe optimisedau-
tomatically becausegreaterattractionforces pro-
ducebettertting results.Thespringstiffness how-
ever, shouldbe chosenas small as possiblewhile
in uencing thesimulationsufciently .

4 Tracking

In orderto provide a setof pointsthe simulation
canbeattractedo, thesepointshave to beextracted
from the capturedvideos. Several variantsof two
fundamentallydifferent tracking approachespne
workingin world spaceandtheotheronein two di-
mensionalimagecoordinatesare comparedn this
section.

First of all, a feature detectorand descriptor
have to be chosenthat allow the stableredetec-
tion and recognitionof featureseven in the pres-



enceof severe afne transformations. The Scale
Invariant FeatureTransform(SIFT) as introduced
by Lowe [13] was chosenbecauseof its invari-
anceto scaleandrotationandits excellentrobust-
nessto arbitraryaf ne transformationsvhile keep-
ing thedimensionof the featuredescriptorcompar
atively low. Soasa rst stepto tracking,features
aredetectedn the Laplacepyramid and SIFT fea-
turedescriptionarecomputedndependentlpnall
framesof all cameras.

For someof the trackingalgorithms,detailedin
thefollowing, it is essentiathattheinitial con gu-
ration of the cloth is known. For all experimentst
is assumedhatthe cloth is originally resting atly
on the ground. Thus, the initial con guration can
be characterisedby the position of the cornersof
the fabric. Using this assumptioran unambiguous
mappingfrom cameracoordinatesnto world coor
dinateswith y = 0 canbede ned. Thatway 2D-
coordinatesn cloth spacgu; v) canbe assignedo
featuredetectedn theinitial frame.Thesdeatures
in world spacederivedfrom differentcamerasgan
thenbe combinednto markersby combiningthose
with minimal SIFT descriptordifferences,whose
world coordinatedall within somesmall x edra-
diusof eachother

Thesemarkerscanthenbereidenti ed in subse-
guentframeseitherusingthe rst frameastherefer
enceor by trackingthemfrom oneframeto thenext.
Eitherway the problemis thatonly a smallnumber
of marlersis left by the end of the sequence.In
the rst casethedeformatiorof thecloth canbetoo
strongto reliably reidentify the exact samefeature
andin the secondhlternatve featuresarelost grad-
ually. Thatis, if a marker could not be redetected
in thenext frameit is droppedandlostto all subse-
guentframes.

For these approachesseveral additional con-
straintscan be de ned to improve tracking. The
primary goal of these Iters is to identify outliers,
mostof which arearesultof confusinginstance®f
therepetitive patternprintedon the cloth.

Restrictingthe maximumdistancea marker may
maove betweerconsecutie frameseliminatesa few
spuriougmarkers.This Iter canbeappliedeitherin
world coordinatedo markersor in cameracoordi-
natego featuredrackedfrom oneframeto thenext
or to both.

When identifying featuresto be combinedinto
marlers the differencesof the SIFT descriptors

Figure 3: 3D-marlers are generatedyy intersect-
ing raysshotfrom cameraorigins throughthe cor
respondingmageplanesinto thescene.

arethe main criterion to be minimised. However,
several constraintscan be developedwhich, when
enforced,signi cantly improve the results. Rays
castfrom cameraorigins throughthe correspond-
ing image planesidentifying featuresthat are to
be memged, ideally intersectat exactly one point
in world space. In practicehowever, dueto inac-
curaciescapturingthe images,calculatingcamera
parametersanddetectingthe featuresthey do not
necessarilylo so. For two involvedraysthe closest
pointson theselines canbe computednstead.The
3D-marler is then placedin the middle between
their respectie closestpoints. If more than two
featuresareinvolvedthe marler is, asvisualisedn
gure 3, placedat the averageof the middle points
of the shortestconnectinglines of all possibleray
combinations.

An additional useful constraintcan be applied
when at leastthreefeaturesare considered.Even
if the mutualminimum distancesetweenall pos-
sible line pairs are small the averageof the mid-
dle points may be far apart. If this happensthe
generatednarker point is not localisedvery accu-
ratelyin space.Thus,thevariancef thesemiddle
pointsalongcoordinatesystemaxesareusedto re-
jectspreacut markers.

4.1 2D-Tracking

Due to the excessve loss of markerswhich is pri-
marily a resultof the dif culty of combiningfea-
turesfrom differentcameras differentapproachs
describedherewhich completelyavoids this step.
Thedif culty of identifying featureshetweerncam-
erasis predominantharesultof thelargeanglese-



tweentheutilised camerasvhich causesubstantial
changedo the local featuredescriptorsvhenthey
aretransformedrom onecameranto another

Thus,a differentclassof approaches proposed
herewhich entirely omits the explicit formationof
3D-marlers. The resultis that considerablymore
featuresanbetracked. Althougheachof themonly
constrainsa point on the cloth's surfaceto lie on a
ray, theincreasechumberof featuresandthuscon-
straintsimprovestheresultnonetheless.

The procedureworks as follows: For the rst
frame the samemethodfor identifying the cloth-
spacecoordinatef theidenti ed featuress used
as introduced above for the three dimensional
tracker. Namely undertheassumptiorthatthecloth
islying at onthegroundanunambiguousransfor
mationfrom cameracoordinatesnto cloth-spaces
computedandcloth coordinatesreassignedo all
featureddenti ed in theframe.

Due to the wealer constraintof this algorithm
a possiblylessintuitive approachhasto be taken
when calculating attraction forces. Simulated
pointsare not attractedto x ed world coordinates
arny morebut to arbitraryraysin world space How-
ever, whenusing Plucker Coordinatedo represent
thefeatureraysthe calculationof forcesperpendic-
ular to theseraysbecomesachievable. Assumefor
examplethattheray, afeatureatworld coordinates
p is attractedto, in Plucker Coordinatess repre-
sentedby a normaliseddirectiond, anda moment
Mmyo. Theshortestwectory pointing from theray to
thepointcanthensimply be calculatedoy

p do) o

As interestpointsthataretracked arenot necessar
ily locatedat the positionsof masspoints of the
cloth simulation,forcesactingon themhave to be
distributedto the surroundingmasspoints. Let ! 1,

!, and! 3 representhebarycentriccoordinate of

a point containedin atriangleandx, X2, andxs

the cornersof the triangle thenthe position of the
pointx canbeexpresseds

¥ = (rﬁ'o

x=1l1 xa+!ls Xo+!ls X3
Theforcef™ canbedistributedcontinuousliyto trian-
gle cornersasvisualisedin gure 4 andsuggested
by Bridson etal. in [4] in the contet of collision
handling
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Figure4: Forcesactingon pointson the simulated
cloth's surfacehave to be distributedto the corners
of thesurroundingriangle.

4.2 uv-lessTracking

The 2D-trackingtechniquedescribecabore canbe
further generalisedby skipping the initialisation
step.Thatmeanghe2D-coordinategu; v) of afea-
tureonthesurfaceof theclotharenotknown during
tracking. This constrainton the one handsigni -
cantly decreasethe compleity of the tracker be-
causdt hasto work on consecutie framesonly. So
ary sparseptical o w algorithmis suitablefor cal-
culatingtheattractions.

On the other handthe compleity riseson the
cloth simulationside asit is no longerpossibleto
attract x ed cloth coordinatedo featurerays. In-
stead,the ray identifying one featurein the video
hasto be castat runtimeto intersectthe simulated
cloth. This point is thenattractedto the ray iden-
tifying the samefeaturefrom the samecamerain
the next frame. Utilising the boundingbox hierar
chy thatis alreadyusedfor collision detectionyay-
triangleintersectionganef ciently becalculatedas
describedy Mahovsky andWyvill in [14].

4.3 Results

Figures5 and 6 display the numberof featuresor
marlerstrackedwith differentalgorithmsof a typi-
calsequenceWhile theproceduresn gure 5track
pointsin three-dimensionadorld coordinateshose
displayedin gure 6 track themindependentlyin
every view.



i
{v'\um” — — — multirack
h — — — frame to frame tracking

reference tracking

number of features
@ IS
8 5
8 8

N
S
3
=
=

5
8
7
!
)
|

0 S L . . L L L .
0 100 200 300 400 500 600 700 800 900 1000

frames

Figure5: Numberof featuredrackedin 3D

18000

16000

14000 — - — 2D-tracking

12000 — — — uv-less tracking
Lucas Kanade

uv-less Lucas Kanade |

10000 P

8000\

number of features

6000
4000

2000 T
N

500 600 700 800 900 1000
frames

0 L L L L
0 100 200 300 400

Figure6: Numberof featuredrackedin 2D

The algorithm here called “referencetracking'
detectsfeaturesin the rst frame, combinesthem
into markersandthenattemptgo detecthesemark-
ers by identifying their SIFT-descriptorsin sub-
sequentframessimilar to the approachPritchard
and Heidrich take in [17]. Unfortunately due to
the strongdeformationof the cloth andthe repet-
itive patternof the cloth only few markerscanbe
recognised. By tracking from one frame to the
next slightly betterresultscanbe achieved. How-
ever, the attainableresultsarestill not satishctory
This changesvhenmorethanonereferencdrame
is used. The method multitrack’ usesthe last 20
framesas a referencefor the currentframe which
explains the warm-up period obsered in the rst
frames.

In gure 6 four variantsof a 2D-trackingalgo-
rithm arecompared While “2D-tracking'and "Lu-
casKanade'detectfeaturesin the rst frame and

trackthemthroughouthewholesequencéheother
two trackers track featuresfrom one frameto the
next independenof whetherthesefeatureswere
previously detectedor not. The well-known Lucas
Kanadetracker seemsto perform bestbut, unfor
tunately featuresthat get coveredby folds are not
droppedout accumulatelongthecrestof thefolds
asshowvnin gure 7.

Figure 7: Featurestracked by the Lucas Kanade
tracker accumulatealong folds instead of being
dropped.

5 Optimisation

In this sectiontheemployedoptimisationstratgy is
introducedandoverall resultsof the proposedech-
niguearepresented.

While fabric propertiesobviously do not change
during a sequencehe positionsof the constrained
pointsof thecloth arevalid for asingleframeonly.
Consequentlya two layeredoptimisationstratgy
asdisplayedn gure 8is chosen.ln the outerloop
sceneparametersthatis parametershatarescene
invariant, are optimised. The innerloop optimises
parametershatchangeevery frame. Both optimis-
ersemploy asynchronouparallelpatternsearchas
describedy Kolda[11].

The error function employed in the inner opti-
misationloop is calculatedby summingthe differ-
encedetweerthesilhouetteof thesimulatedcloth
and the measuredsilhouettesof all usedcameras.
The outer optimisationusesan error function that
simply sumsthe error of the inner function for all
frames.

As thecloth is initially lying at on the ground
it is easyto apply a simulated annealingopti-
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Figure8: Two layeredoptimisation

miser[16] to nding theinitial positionof the sim-
ulatedcloth.

It is assumedhattheinitial conditionof the ac-
tual optimisationrun is known a priory. It is also
assumedhat the basicexperimentsuchas lift at
one corner' is known. This is unfortunatelynec-
essarybecausehe positionsof the pointsthat are
lifted or draggedhave to be addedto the local set
of parameterandmustbemarkedto beimmovable
by the cloth simulation.

5.1 Results

In gures 9 and 10 the residualerrorsare shovn.
The resultswere obtainedemploying different at-
tractionforcesnormalisedo theerrorattainedvhen
optimisingwithout usingattractionforces.

no attractors
multitrack

1.1} — — — Lucas Kanade

— -~ uvless Lucas Kanade

error

10 10f 10 10 10
attractor stiffness

Figure 9: Residualerror of optimisation using
quadratiaeciprocalattractionforcesnormalisedy
the optimisationerrorusingno attractionforces.

It is apparenthat using attractionforcesresults
in all casesin better ts thanwithout them. The
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12f -

error
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Figure10: Residualerrorof optimisationusinglin-
earattractionforcesnormalisedy the optimisation
errorusingno attractionforces.

oneexceptionin gure 9 is probablya resultof the
optimisersinability to nd abettersolution.In g-
ure 10 somecon gurationsaremissingbecausé¢he
simulation sometimesbecomesinstableif strong
linear attractionforcesare emplogyed. Whencom-
paring gures 9 and10it becomespparenthatthe
linear attractionforcesproducesigni cantly better
tting resultsbut strongattractionforces,in particu-
lar the linearvariant,negatively in uencesthe abil-
ity of the systemto estimateunderlyinggeometry
This is nota problemfor the currentprojectbut for
futureresearchhisis acritical feature.

6 Conclusion

In this paperan analysis-by-synthesifamevork
was introducedthat demonstratedts applicability
to tracking simple textiles. During development
specialcare was taken that the systemcan easily
beextendedo moregeneratrackingproblemghan
wereinvestigatedhere. The performancef anum-
ber of differenttracking algorithmswas evaluated
anda few wereappliedto supportingthe optimisa-
tion processdy introducingdifferent non-plysical
forcesinto the simulation.

Overall, the proposedprocedures deemedsuc-
cessfulasthetrackingresultsarevisually appealing
(see gure 11). Only the optimisationis computa-
tionally tooexpensve andin somecaseshesimula-
tion becomesinstabléf strongattractionforcesare
employed. A singleoptimisationtakesfrom 10hto



30hif it is runin parallelon 7 AMD Opteronpro-
cessorat 2.2GHz.Sofurthereffort will haveto go
into improving the speedf theprocedure.

References

[1]

(2]

(3]

[4]

[5]

[6]

[7]

(8]

9]

(10]

(11]

D. Baraf and A. Witkin. Large stepsin
cloth simulation.ln Proceeding®f ACM SIG-
GRAPH98, pagesA3-54.ACM Press;1998.
K. Bhat, C. Twigg, J. Hodgins, P. Khosla,
Z.Popwit,andS. Seitz.Estimatingcloth sim-
ulation parametergrom video. In Proceed-
ings of ACM SIGGRAPH/EuwgraphicsSym-
posiumon ComputerAnimation(SCA2003)
pages37-51.ACM Press2003.

R. Bridson. Computationalaspectsof dy-
namicsurfaces PhDthesis,StanfordUniver-
sity, 2003.

R. Bridson,R. Fedkiw andJ. Anderson.Ro-
busttreatmentof collisions, contactand fric-
tion for cloth animation. ACM Transac-
tions on Graphics (ACM SIGGRAPH2002)
21(3):594-603July 2002.
K.-J.ChoiandH.-S.Ko. Stablebut responsie
cloth. ACM Transactionson Graphics(ACM
SIGGRAPH002) 21(3):604—611July 2002.
M. Desbrun,P. Schibder andA. Barr. Inter
active animationof structureddeformableob-
jects. In Proceedingsof GraphicsInterface
(Gl 1999) pagesl-8. CanadianComputer
HumanCommunication§ociety 1999.

B. Eberhardt,A. Weber andW. Straler A
fast, e xible, particle-systemmodelfor cloth
draping.|[EEE ComputeiGraphicsand Appli-
cations 16(5):52-59Septembe 996.

N. Jojic and T. Huang. On analysisof cloth
draperangedata. In ACCV '98: Proceed-
ings of the Third Asian Confeenceon Com-
puter Vision-\blumell, pages463-470,Lon-
don,UK, 1997.Springer\Verlag.

Y.-M. KangandH.-G. Cho.Bilayeredapprox-
imate integrationfor rapid and plausibleani-
mationof virtual cloth with realisticwrinkles.
In Proceeding®f ComputerAnimation pages
203-2141EEE ComputerSociety 2002.

S. Kawabata. Thestandadizationand analy-
sisof handevaluation The Textile Machinery
Societyof Japan;1980.

T. Kolda. Revisiting asynchronousgarallel
patternsearch.TechnicalReportSAND2004-

[12]

[13]

[14]

(18]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

8055, SandiaNational Laboratories,Liver-
more,CA 94551 February2004.

D. Lowe. Objectrecognitionfrom local scale-
invariant features. In International Confer
enceon Computer\Vision, pages1150-1157,
Sepl1999. SIFT rst introduced.

D. Lowe. Distinctive image featuresfrom
scale-ivariantkeypoints. International Jour-
nal of ComputeMsion, 60(2):91-1102004.
J. Mahovsky and B. Whvill. Fast ray-
axis alignedboundingbox overlap testswith
plucker coordinatesTheJournal of Graphics
Tools 9(1):37—482004.

S. Oh, J. Ahn, and K. Wohn. Low damped
cloth simulation.TheVisual Computer(to ap-
pear), 2005.

W. Press,W. Vetterling, S. Teulolsky, and
B. Flannery NumericalRecipesn C++: the
art of scienti c computing CambridgeUni-
versity Press2ndedition,2002.

D. Pritchardand W. Heidrich. Cloth mo-
tion capture.ComputerGraphicsForum (Eu-
rographics2003) 22(3):263-271September
2003.

V. ScholzandM. Magnor Cloth motionfrom
optical o w. In B. Girod, M. Magnot andH.-
P. Seidel,editors,Proc. Vision, Modelingand
Visualization2004 pagesl17-124 Stanford,
USA, November2004.Akademisché&/erlags-
gesellschaflka GmbH.

V. Scholz,T. Stich,M. Keckeisen M. Wacler,
and M. Magnor  Garment motion cap-
ture using color-coded patterns. Computer
GraphicsForum(Proc. EurographicseEG'05),
24(3):439-448August2005.

D. Terzopoulos). Platt,A. Barr, andK. Fleis-
cher Elasticallydeformablemodels.In Com-
puter Graphics (Proceedingsof ACM SIG-
GRAPHS87), page205-214ACM PressJuly
1987.

P. Volino and N. Magnenat-Thalmann.Ac-
curate garment prototyping and simula-
tion. ComputerAided Design Applications
2(5):645-6542005.

R. White, D. Forsyth, and J. Vasanth. Cap-
turing real folds in cloth. Technical Re-
portUCB/EECS-2006-1ECSDepartment,
University of California, Berkeley, February
2006.



(a)camera2 (b) camerad

(c) silhouettedifferenceof camera2 (d) silhouettedifferenceof camerad

(e) reconstructedloth (approx.camera2) (f) reconstructedloth (approx.camerad)

Figure1l: Reconstructiomf two views



