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Abstract

Cloth simulationsare notoriouslydif cult to tunedueto the manyparametes that mustbe adjustedto achieve
the look of a particular fabric. In this paper we presentan algorithm for estimatingthe parametes of a cloth
simulationfrom video data of real fabric. A perceptuallymotivatedmetric basedon matting betweerfoldsis
usedto compae video of real cloth with simulation. This metric compaes two video sequencesf cloth and
returnsa numberthat measuesthe differencedn their folds. Simulatedannealingis usedto minimizethe frame
by frameerror betweerthe metric for a givensimulationand the real-world footege. To estimateall the cloth
parametes, we identify simplestatic and dynamiccalibration experimentghat usesmall swatdesof the fabric.
To demonstatethe powerof this approadc, weuseour algorithmto nd the parametes for four differentfabrics.
We showthe matd betweerthe videofootage and simulatedmotionon the calibration experimentspn new video
sequencefor the swatdes,andon a simulationof a full skirt.

1. Intr oduction

Severalrecentmajormovie releasefiave demonstratethat
the motion of clothing addsgreatlyto the appearancef a
virtual characterThis effect is particularly compellingfor
sceneghat include both real and syntheticactorssuchas
thosewith Yodaand Anakin Skywalker in Episodell: At-
tack of the Clones In suchscenesthe virtual clothingmust
move andbe renderedso thatit blendsin seamlesslywvith

the motionandappearancef thereal clothingin thescene.

Realisticvirtual clothingis possiblenow becausef recent
adwancesn cloth simulationtechnique$9 5376,
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Themotionof fabricis determinecy resistancéo bend-
ing, stretching,shearing,external forces, aerodynamicef-
fects, friction, and collisions. Although with the right set
of parametersgoodsimulatorsproducevery realisticlook-
ing motion,choosingparametershatwill provide a particu-
lar appearanceemainsa time consumingaskthatrequires
the computatiorandviewing of mary forward simulations.
Someparametersanbe choserbasedon the animators in-
tuition aboutthefabric—aknit fabricis morestretcly thana
wovenfabricsuchaslinen, for example.But not all the pa-
rametersof a cloth simulatorare intuitive or map directly
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to measurementthat can madeby a systemsuch as the
Kawabatasysten?. In our paper we addresghis problem
by usingoptimizationto automaticallydeterminethesepa-
rametergrom asequencef videoframesof thefabricunder
consideration.

The parametersireoptimizedon a setof staticshotsand
motionclips of asmallswatchof a particularfabricandthen
testedon a simulationof a full skirt madefrom that fabric.
We designedhe swatchteststo spanthe spaceof behaiors
thatwe expectto seein the nal sequencesf motionwith
the skirt so that all parametergan be tunedappropriately
We usesimulatedannealingfor the optimizationstepwith
an optimizationfunction that assessethe extent to which
the folds in the simulatedand physical fabric match. This
matchis evaluatedby meanof ashapametricthatusespro-
jectedlight to detectsurfaceorientationin realandsimulated
fabrics.The metricis tunedto be mostsensitie alongfolds
andto discountplanarregions.

We usethe systemto nd the parametersor four differ-
entfabrics.We shav the matchbetweenthe video footage
andthe simulatedmotionon the calibrationexperimentspn
additionalvideo sequencefor the swatchesandon a sim-
ulationof a full skirt asshovn in theimageon the previous
page.

2. RelatedWork

Clothmodelinghasalonghistory, datingbackto work in the
textile communityfrom themid-1930sby Peirc&’. Work on
cloth modelingin computergraphicshasfocusedon devel-

oping dynamic simulationtechniqueghat are both realis-
tic andfast. Baraf and Witkin describea cloth modelthat
usesstiff springswith implicit time integratiort. This model
wassubsequentlgdaptedo reducetheover-dampingdueto

implicit integratior?. Explicit time integrationapproaché$

usewealer springsfor stretchingandshearingpftenexplic-

itly limiting the amountof stretching® 6. Choi andKo in-

troduceda bendingenegy modelthatmoreaccuratelycap-
turesthe ne creasesand bendsof cloth®. Lahey provides
a comprehensie overview of cloth hysteresisnodelsfrom

the perspectie of computationafabricmechanic®. Exten-
sive work hasalso beendone on modelling collisions and
friction. Cloth self-collisionis handledeitherby untangling
thecloth?”: 32 3 or by preemptvely avoiding collisions© 20.6,

Variouspotential eld methodshave beenusedfor general
collision detectionrandrespons 32,

Despitethis large body of work on cloth simulationmod-
els, little work hasappearedn the computergraphicsliter-
atureon estimatingthe parameter®f thesemodelsso that
they matchthe behaior of real fabrics. Cloth parameter
estimationhas beenstudiedin the textile community (for
an overview, seeBreenand colleague¥’), but suchmeth-
ods have not yet enjoyed wide-spreadusein the computer
graphicscommunity An importantexceptionis thework by

Breert who usedthe Kawabatasystend? to measurebend-
ing, shearingandtensileparameter®y subjectinga swatch
of fabric to a seriesof mechanicatestsand measuringhe
force neededo deformit into a standardsetof shapesAl-
thoughthe Kawabatasystemcanprovide accurateneasure-
ments,thesemeasurementare problematicfor computer
graphicscloth simulation problemsfor two reasonsFirst,
theremight not be a directandsimplemappingbetweerthe
parameterdgor a particularcloth model and the Kawabata
parametersSecondthe Kawabatasystemdoesnot measure
dynamiccloth parameterse.g. air dragor damping,which
areof key importancefor moving cloth.

Onepromisingapproachfor modelling cloth parameters
is to automaticallysearchfor parameterghat matchreal,
obseredcloth. JojicandHuang t parametersf a particle-
basedclothmodelto t arangescanof realclothin a static
restcon guration,drapedover aspherél. More challenging
still, they attacled the problemof measuringhe 3D geom-
etry of an objectfrom the restingshapeof a pieceof cloth
drapedover it, a problemthatwe do not consideiin this pa-
per However, Jojic andHuangdid not treatthe problemof
measuringdlynamicparameter®r demonstrataccuratee-
sultsacrossarangeof fabrictypes.

More distantly relatedare techniquedor computingthe
geometryof cloth from images.Coarseestimatesof the
time-varying geometryof cloth canbe computedusingtra-
ditional stereomatchingtechniquesy using two or more
camerasand treating eachtime instantindependently(see
ScharsteimndSzelisk?! for anoverview). Moreaccuratee-
sultsmaybe obtainedby projectingstructuredight patterns
onthecloth (seeZhangetal 40 for anoverview). Ratherthan
computingshapeat every time instantindependenfrom the
next, it canbeadwantageouso integrateimagesovertimeto
improve accurag. Two examplesof promisingwork along
theselines are Carceroniand Kutulakos® and Torresaniet
al34; both studiesdemonstratedeconstruction®f moving
cloth.

3. Cloth Model

Becauseour framawvork for estimatingcloth simulationpa-
rameterds independenof the cloth model,we canin prin-
ciple selecta speci c model that meetsa set of criteria
suchasaccurag or simulationspeedOur choiceof a cloth
model was guided by two goals, realism and practicality
We wantedto usea modelthatwassophisticate&noughto
capturethe detaileddynamicbehaior foundin realfabrics
but still straightforvardto implementBecause@urintention
wasto applythelearnedcloth modelparameterso arbitrary
garmentswith varying triangle resolution,it was also im-
portantthat the cloth parametergorrectly scaleto varying
resolutionsof cloth.

We usedthe modeldescribedy Baraf andWitkin asthe
basisfor our cloth simulatof. Thismodelhassufcient rich-
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nesgo produceawide varietyof clothbehaiors. Theunder
lying meshingis triangular makingclothingmodellingeas-
ier. More importantly its input parametersreindependent
of meshing sothat parametersecoreredon onemesh(the
testswatch)canbe transferredo another(the skirt). While
nonlineamrmodelssuchasthebuckling behaior of Choiand
Ko® couldpotentiallycapturemorerealisticdetailsof cloth,
thereis no straightforvard way to scalethe parameter®f
thesemodelsto meshef varying resolutions We expect
that future applicationof our parameteestimationframe-
work to otherscale-ivariantcloth modelswill provide even
morerealisticresults.

Themodeldevelopedby Baraf andWitkin formulateghe
enepy of aparticulartrianglein termsof so-calledcondition
functionsC(x) suchthatthetotal potentialenegy associated
with thesystemis givenby

Eu= %c:(x)cT(x) (1)

whereks is a stiffnesscoefcient associateavith the partic-
ular conditionfunction.Forcesarethensimply calculatedby

F=r )(Eu (2)

Damping forces are similarly fomulatedin terms of the
C(x),

d= kiSocr ©

We thus associate stiffnesscoefcient ks anda damping
coefcient kg with eachof the C(x). In their paper Baraf
andWitkin describea setof C(x) consistingof anin-plane
stretchterm, an in-plane shearterm, and an out-of-plane
bendingterm, giving a total of six parametersve canuse
to tunetheinternalcloth model.We referthe readerto their
paperfor the full details'. We note, however, that (asthey
alludeto in footnote5) enegy shouldscalelinearly with tri-
angleareato ensurescaleindependencé hereforewe need
to be carefulwhen substitutingC(x) for stretchand shear
into eq.1 thattheresultingformulais linearin a ratherthan
quadratic.

In the courseof running our experiments,we discos/-
eredthat a linear dragmodelsuchasthat usedin previous
cloth work#* 9 was not able to capturedynamic aspectsof
cloth. In order to add additional air-drag degreesof free-
domto our cloth modelwithout resortingto fully modeling
aerodynamic®, we developeda simple nonlinearalterna-
tive. To calculatethe dragforce on a triangle, we decom-
posethe averagevelocity on the faceinto two components,
onenormalto thesurface(vy) andonetangentialvy). Total
dragforceis thenalinearfunctionof tangentialvelocity and
a quadraticfunction of normalvelocity, with an additional
termk; thatcontrolsthe degreeof nonlinearity

!
kivni®

—+ k
1+ kijszlVNJ+ ™

fdrag =
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wherea is the areaof the given triangle. The linear term
is merely Stokes's law?; the quadraticterm matchesbet-
ter the experimentabehaior of macroscopidodiesin low
Reynold's number o w14, The additionof thejvyj? termin
thedenominatowhich makestheforceasymptoticasvy !

1 waspartially motivatedby the obsened phenomenormf
drag crisis'4, whereundercertaincircumstancethedragco-
efcient canactuallydrop at the onsetof turbulencé. The
optimizeris free to eliminatethis behaior or otherterms
of this equationby settingthe correspondingparameterso
zero.

Initially, we useda rst-order implicit Euler time inte-
gration schemesimilar to the one describedby Baraf and
Witkin4. Unfortunately we found that implicit integration
introduceddampingwhich could not be eliminatedby op-
timizing cloth parametersWe had more successn match-
ing realistic cloth motions by using higherorder explicit
methods.The resultsin this paperall usean adaptve 4th-
orderaccurateRunge-Kuitta methodswith embeddederror
estimatiod. While this methodoffers the advantagef fa-
miliarity andautomaticboundingof error, it is ratherslow,
and recentwork suggestghat using 2nd-orderbackward
differences or Newmarkscheme&may be a betterchoice.

For collision handling,we usea modelsimilar to Brid-
sonand colleague$% which combinesrepulsionforceswith
impulsego robustly preventall collisionsbeforethey occur
However, separatingepulsionforcesfrom the cloth inter-
nal dynamicsand applying them outsidethe Runge-Kitta
solver affectedstability andresultedin visible artifacts.In-
stead,we apply repulsionforcesinside the solver loop, so
that the solver's own internal error estimationcan remove
theseartifacts.The dravbackof this techniquds speedpe-
causdhesystenmustcheckfor collisionseverytimeit eval-
uatesthe statederiatives (as opposedo onceevery colli-
sion timestepasin Bridson et al.?). To achie/e acceptable
performancewe useda numberof collision culling algo-
rithms, including hybrid top-davn/bottom-upupdaté*, fast
trianglerejecttest$s, anda curvature-basedriterionfor re-
jectingself-collisionsthatwas rst introducedby Volino and
Thalman#®@ andlaterre ned by Provot0.

4. A Metric for Matching Simulation to Video

We usea perceptuallynotivatedmetricto comparehe mo-
tion of cloth in simulationwith a video sequenceof real
fabric motion. Our algorithm compareghe two sequences
frame by frame and computesan averageerror acrossthe
entire sequenceRealfabricsexhibit a wide variety of mo-
tion rangingfrom softand o wing (satin)to stiff (linen).Our
metric captureghe complex dynamicsof cloth motionand
alsohelpsto distinguishbetweerdifferentfabrics.

Researcherfn computationaheurobiologyhypothesize
that the human perceptualsystemis sensitve to moving
edgesin video't 1236, Studieshave shavn thatthereceptve
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elds of simplecellsin the macaquecortex act asedgeor
line detectorsrespondingo orientededgesor linesin nat-
ural scene¥ 3510, |n cloth, theseedgescorrespondo folds
andsilhouetteswhichareregionsof high variationin shape.
Hence pur perceptuallymotivatedmetricfor clothcompares
two video sequencesnefrom simulationandonefrom the
real world, and returnsa numberthat measureshe differ-
encedn theirfolds. The metricalsopenalizeghe silhouette
mismatchbetweerthetwo sequences.

Fold Detection and Representation: Folds appearas soft

edgesin video whoseappearancés dependenbn material
propertiesand lighting. Haddonand Forsyth= 16 describe
a learningapproachfor detectingand groupingfolds (and
grooves) in imagesof fabrics. Their techniquecan handle
lighting effects causedby diffuseinterre ections in cloth.

However, most fabrics have very complicatedre ectance
properties.In our experimentswe eliminatethe effects of

lighting and materialre ectanceby projectinga structured
light patternof horizontalstripesontothefabric.

From the light-stripedvideo sequencewe computethe
dominantorientation for eachedgepixel by convolving it
with a steerablelter bank3. In ourimplementationye use
theG2/H2quadraturgairwith kernelsizel2 asthebasis|-
ters.Detailsof computingthe dominantorientationfrom the
coefcients of Iter bankresponsearegivenin Appendix|
of FreemarandAdelsori3. We convolve theimagewith the

Iter bank,computethe Iter coefcient responsedlur the
coefcients usinga gaussiarkernel,andcomputethe domi-
nantorientationfrom thesecoefcients. We nametheresult-
ing orientationimagean angle map shown in Fig. 1. The
anglemap,which measureshe local orientationof the pro-
jectedpattern,hasa constantvaluewhenthe surfaceis pla-
narandvariesatfolds. Wethresholdhegradientof theangle
mapto getagradientmaskMy for eachframeof video (Fig.
1).

o Lkd(i kot

MED = o0 k(i )k < t )

wheret is auserde ned thresholdandkd(i; j)k is themag-

nitudeof thegradientof theanglemapat (i; j). Thegradient
maskis non-zeraatregionsof high gradientscorresponding
to folds, andzeroat planarregions.

Fold Comparison: Our metric computesthe frame by
frame sum of squareddifferences(SSD) betweenmasled
anglemapsin simulationwith video.We preprocesshein-
putvideosequencéo computetheanglemapat eachframe.
Similarly, in simulation,we renderthe cloth shapeusingthe
currentparametenvaluesand projectthe samestripedpat-
tern, to get a stripedsimulationsequenceWe computethe
anglemapat every framein simulationfrom this sequence.
Wethencomputehe SSDof theanglevaluesfor all overlap-
ping pointsin the two anglemaps.We multiply this differ-
encewith the gradientmask,which helpsto emphasizehe

Figure 1: Top Row: Input light stripedimage. BottomRow
(left to right): anglemapandgradientmask.

Figure 2: Thestagesin the metric pipeline Top row (left to
right): Angle map from video, angle map from simulation.
Bottomrow (left to right): angle mapdifference nal met-
ric valuefor this frame(anglemapdifferencemultiplied by
gradientmaskfromvideo).

differencedn fold regionsover planarregions(Fig. 2). We
sumthe erroracrossall framesto computethe overall error
acrosgheentiresequenceTheerroratary particularframe
k alongthe sequencés

fold §‘ ? - real ;. Simg:. :yy 2
B =a a M) (ac(;)) ac (iN° (B
i=0j=0
where(S; §) is the size of the anglemapsandq'®®, g™
are the anglevaluesfrom real and simulationangle maps
respectrely.

SilhouetteComparison: In additionto theanglemaperror,
we penalizethe silhouettemismatchbetweerthe simulation
andthe video of real cloth. This penaltyis proportionalto
the differencebetweenthe two silhouettesj.e., the number

¢ TheEurographicsAssociation2003.
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Figure 3: This plot showsangle map error as a function
of bendand stretch stiffnessparametes. Dark areasindi-
cateregionsof small error and bright areascorrespondto
large errors. Note that the spaceis fairly noisy The mini-
mumfound by the optimizeris containedin the large dark
regionin thelower portion of theplot.

of mismatchegixels.

silh § OS/ real,:. : simg:. :y :
B =aalAc®n) ACEDI (6)

i=0j=0
where
S 1; insidesilhoudte
Al 1) = 0; otherwise )
Thetotal errorin framek is

wherea is a userde ned weight that controlsthe relative
contrikution of the two terms.We useda valueof 0.1 for a
in our experimentsThe error acrossthe entire sequencef
lengthN framesis givenby

E= a E 9)
1

w Qo>

5. Parameter Identi cation

We useoptimizationto estimatethe parametersf the cloth
simulatorfrom video. Beforewe describethe detailsof the
optimizer we look at the error spaceof the anglemapmet-
ric, which gives us useful insight aboutthe parameterof
the system.Fig. 3 shawvs the variationof error for different
valuesof bendstiffnessandstretchstiffnesscoefcients for
satin.At eachpointin the parametespaceye evaluatedthe
metric error betweerthe rst frameof videoanda simula-
tion usingthe parameterscromthe gure, it is evidentthat
theerrorspacds fairly noisy, with mary local minima, mo-
tivatingthe needfor a globaloptimizationtechnique.
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Figure4: Perturbationanalysisat thesolutionfor bendstiff-
nessparameter

In additionto the parameteralues,we estimatetherela-
tive importanceof eachparametefor a givenexperimentoy
performinga perturbatioranalysisatthe solutionpoint. The
importanceor sensitivityof a parametep depend®nits lo-
calgradient%; it relatesa smallchangdn parametevalue
to achangen theerrorvalue.lnsteadof computingthegra-
dient,werobustly computethevariability of theparameters,
de ned as ]ﬂT—E. To computethe variability, we perturbeach
parameteof the simulatorindividually upto  0:20%of its
value,computetheerrorand t aquadraticcurve to thedata
(Fig. 4). Fromthe quadratic the variability is computedas
thechangen parametevaluesthatresultsin a1% changen
theerror Parametersvith low variability have high sensitv-
ity andareestimatednorereliably for a givenexperiment.

6. Optimization Framework

We usesimulatedannealingo nd the parametershatmin-
imize the error function given in eq. 9. Simulatedanneal-
ing initially exploresthe spacein a semi-randomfashion
and eventually takes downhill steps.The likelihood that it
will take a stepin a directionthatis not locally optimalis
a function of the tempeature (Fig. 5). We usethe continu-
oussimulatedannealingnethodpresentedn Presset al 28,
which combineghe Metropolisalgorithmwith the downhill
simplex methodfor continuousn-variableoptimization.We
nd it usefulto resetthe simplex with the currentbestso-
lution whenthe temperatureéeducedy a factorof 3. Prior
to optimization,we perform an exhaustve searchfor each
fabric, wherewe choosefour valuesfor eachcloth parame-
teracrossts entirerange.This correspondso a very coarse
samplingof the parametespaceWe simulatethe fabricfor
all pointsin this coarsesetand computethe error for each
point by comparingagainstthe realfabric. We initialize the
optimizerwith the point correspondingo the minimum er-
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Figure 5: Progressof the simulatedannealingoptimizeras
measuedby error. Thetempeature deceaseis governedby
a geometriccoolingsdedule

ror. We have foundthatthis strat@y allows the optimizerto
locateagoodminimumof thespace.

7. Experiments

We designedsimpleexperimentgo capturethe dynamicsof

the differenttypesof fabricsand the air/cloth interaction.
The experimentsare easyto perform, capture,and repeat;
yetthey demonstrat¢he complex dynamicsof cloth motion.
The parametersbtainedirom the simpleexperimentswvere
usedto simulateskirtsandothercomplex fabricmotions.In

essencepur experimentsweredesignedo be a calibration

setupfor estimatingthe staticanddynamicparametersf a
cloth simulator

We performtwo estimatiorexperimentgor eachfabric,a
static testand waving test We usedfour typesof fabrics:
linen, eece, satin and knit. Thesefabrics exhibit a wide
rangeof staticanddynamicbehaior andspanalargerange
of realfabrics.

We performthe staticandwaving testson a small swatch
of eachfabric. In the statictest, the two top cornersof the
fabric are held stationary and the fabric is allowed to sag
undergravity. For a x ed separatiorbetweenthe top cor
ners,differentfabricsattaindifferentstaticshapesasshovn
in Fig. 6. The statictestgivesa goodestimatefor the static
stiffnessand bend parameters.In the waving test, one of
thetop cornersof the fabricis x ed andthe othercorneris
moved backandforth (Fig. 7). The waving motion of fab-

rics in simulationis affectedby their dynamicparameters.

We seefrom the accompaying videosthat real fabricsex-

hibit awide rangeof interestingnotionsevenwith the same
input excitation. We designedhe waving motionto roughly
matchthe typesof motion occurringin real garmentssuch

Figure 6: Thestatictestwith four real fabrics. Top row (left
to right): linen and eece Bottomrow: satin and knit. Top
cornersepaationis identicalacrossall four fabrics.

Figure 7: Threeframesfromthewavingtestfor satin.

asskirts. This givesreasonablestimatedor cloth parame-
terswhile avoiding theneedto optimizedirectly oncomple
fabricgeometriege.qg.skirts)involving mary collisions.

8. Results

In this section,we reportthe resultsof simulation param-
etersobtainedusing our techniqueappliedto four fabrics:
linen, eece, satinandknit. We measuredhe massanddi-
mensionf thefabrics.We alsoaccuratelyneasurghe po-
sition of the two top cornersusinga Vicon motion capture
systemWe computethe projectionmatricesfor the camera
andprojectorusinga calibrationgrid comprisingof several
motioncapturemarkers.We performedwo trials perexperi-
ment,eachwith slightly differentinitial conditionsandopti-
mizedonthe rst 50 framesof videoin eachtrial. Eachtrial
took approximately50 hoursto corverge on a 2.8GHzIn-
tel Pentium4 Xeon processofapproximately600iterations
of simulatedannealing)For this reasonwe startecthe opti-
mizationson the two trials (perfabric) with the sameinitial
guessand choseoptimized parameterghat minimized the
total erroron thetwo trials.

Static test. We performedoptimization on two trials for
eachfabric; the resultsareshavn in Fig. 8 andFig. 9. The
two trials have different separationdistancesbetweenthe

¢ TheEurographicsAssociation2003.
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Figure 8: Resultsof optimizationfor the static test, trial 1. Top row: real fabrics (left to right) linen, eece, satin and knit.
Bottomrow: Correspondindgabricsin simulation.

Figure 9: Resultsof optimizationfor the static test, trial 2. Top row: real fabrics. Bottomrow: Correspondingfabrics in
simulation.

Linen Fleece Satin Knit
Pars Start Exp1l Exp2 Start Exp1 Exp2 Start Exp1l Exp2 Start Exp1 Exp2

1 le-3 0.009 0.0045 le-4 0.0001 0.0001| 1e-5 1.106e-5 6.94e-6| 1le-6 1.52e-6 15le-6
2 4000 4049 3682.1 50 129.2  200.04 50 19.58 19.38 50 27.97 28.36
3 215.44 175.37 208.15| 215.44 103.96 31.39 50 76.81 69.65 50 1226.44 2693.07
4 le-7 9.92e-7 3.22e-7| 2.15e-6 2.13e-7 4.11le-7| 1le-7 2.49e-7 3.98e-7| le-7 1.0le-7 2.27e-7
5 10 12.16 10.17 10 4.78 0.064 10 14.42 3.68 10 10.12 11.83
6 10 2.19 13.17 10 13.86 3.75 10 411 4.56 10 0.13 4.04
El 75.0 62.8 136.8 1215 115.5 92.5 253.1 172.8

E2 81.2 67.0 207.3 98.7 | 194.7 104.7 | 179.7 136.1

Table 1: Tahulation of the static parametes from two experimentsLegend: 1=bend, 2=stretch, 3=shear 4=benddamping
5=stretch damping 6=sheardamping E1=error fromexperimentl, E2=error fromexperiment2.

¢ TheEurographic#Association2003.
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Figure 10: Wavingresultsfor satin. Thetop picture in ead blodk showstherealfabric andthe bottomshowshe corresponding
framefromsimulation.

¢ TheEurographicsAssociation2003.
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Bend  Stretch Shear BendDamp StretchDamp SheaDamp Error

Initial Values 1.0e-05 50 50 2e-07 10 10 | 179.026
Optimizationl 6.93766e-06 19.3832  69.653 3.98337e-07 3.67932 456238 | 104.747
Optimization2 7.77204e-06 20.2884 32.6492 2.08755e-07 1.95807 10.6535 | 104.502
Optimization3 8.75613e-06 19.8365 50.8304 2.56854e-07 7.08276 9.25576 | 103.501
Optimization4 9.55647e-06 19.2745 74.7429 3.14821e-07 5.47909 1.06559 | 103.243
Optimization5 8.47762e-06 20.1119 36.762  2.3997e-07 8.38981 11.9167 | 103.849

Variability (in %) 9.18 8.10 23.01 21.11 >100 >100

Table 2: Performanceof simulatedannealingon several optimizationsAll the optimizationsstart with valueswhich are within

5% of theinitial valuesgivenin the r strow. Parametes with high variability (e.g., stretch damping)are estimatedooorly
and vary signi cantly acrossthe different optimizations However, parametes with low variability (e.g., bend)are consistent
acrossmultiple optimizations.

Linen Fleece Satin Knit
Pars Start Exp1l Exp2 Start Expl Exp 2 Start Expl Exp2 Start Expl Exp2

1 le-3 0.001 0.0008 le-4 1.1e-5 0.0001 le-5 6.4e-6 5.6e-6 le-6 1.1e-6 1.2e-6
2 4000 2016.8 2935.3 50 82.6 89.3 50 26.4 32.4 50 69.7 12.7
3 215.4 167.8 465.7 | 2154 255.2 296.9 50 97.7 74.2 50 375 60.0
4 le-7 3.1e-7 4.7e-7| 22e-6 14e-6 13e6| le-7 15e-6 1.2e-7| 1le-7 1.0e-7 b5.4e-7
5 10 2.7 5.2 10 2.4 5.9 10 0.6 4.5 10 4.5 3.9
6 10 3.9 5.5 10 1.6 9.8 10 6.6 4.7 10 49 2.6
7 2 8.7 2.2 2 2.4 1.6 2 4.8 0.8 2 15 1.0
8 2 5.6 2.0 2 3.1 0.3 2 1.8 15 2 0.5 1.8
9 2 0.4 1.3 2 4.3 1.2 2 0.9 0.8 2 1.2 0.3

El 94.2 85.9 93.1 | 208.8 179.6 222.2| 1240 106.4 114.1| 230.7 208.8 246.3
E2 1157 113.0 1009 | 233.2 230.2 180.2| 280.8 2728 178.6| 255.1 261.8 225.3
E1+E2 198.9 194.0 409.8 4024 379.2 292.7 4706 4716

Table 3: Parametes from two wavingexperimentsLine E1 showsthe error for Experimentl with theinitial conditionsand
afteroptimizationt alsoshowsheerror for experimen whenrun with the parametes foundfor experimentl withoutfurther
optimization.Similarly line E2 showsheinitial error for experiment2, theerror after optimization,andtheunoptimizedesult
with thoseparametes on experimentl. Theparametersetfromtheexperimenshownin boldis selectedasthe nal estimateor
eat experimentbecausehis parametersetminimizeghe sumof theerror fromthetwotrials, E1+ E2. Satinhasverydifferent
startingerrors for thetwo experimentsalthoughtheinitial conditionsare the sameandthe error valuesafter optimizationalso
differ signi cantly. Legend: 1=bend, 2=stretch, 3=shear 4=benddamping 5=stretch damping 6=sheardamping 7=linear
drag, 8=quadratic drag, 9=drag degradation,E1=error per framefromexperimentl, E2=error per framefromexperiment.

Variability
Variability

Variability
Variability

12 3 4 5 6 7 8 9 1 2 3 4 56 7 8 9 71 2 3 4 5 6 7 8 9 71 2 3 4 5 6 7 8 9
Parameters Paraneters Parameters Parameters

Figure 11: Bar chartsshowingthevariability analysisresultsfor thewavingtest.Fromleftto right: linen, eece, satinandknit.
Legend: 1=bend, 2=stretcth, 3=shear 4=bend damping 5=stretch damping 6=sheardamping 7=linear drag, 8=quadratic
drag, 9=drag degradation.
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top corners.For eachfabric, we optimizedfor six param-
eters:stiffnessand dampingparameterdor stretch,shear
andbend.The air drag parametersvere x ed for this ex-
perimentto themid pointof theirrangeof values.Theinitial
valuesfor thetwo trials wereobtainedrom a coarseexhaus-
tive search(four valuesper parameter) The initial values
and nal valuesof theestimategarameteraresummarized
in Table 1. Figs. 8 and 9 shav a very good visual match
betweenthe simulationswith their counterparteal fabrics.
However, thereis a signi cant disparityin the optimizedpa-
rametervaluesfrom the two trials. In orderto understand
this disparity we performeda setof optimizationgonasin-
glefabric)with very similarinitial values.Table2 shavsthe
parametevaluesfor satinfrom ve optimizationswherethe
initial conditionswererandomlyvariedby 5%. Fromthe
table,we seethatthe nal errorvaluesarevery close.We
getconsistenestimategor parametershathave lower vari-
ability (e.g.,bend,stretch).Parametersvith high variability
areestimatedpoorly, becauseheir valuesdo not contritute
sufciently totheerror Thisresultis consistentvith ourin-
tuition that statictestscannotbe usedto estimatedynamic
parameterdik e stretchand sheardampingor air dragand
motivatesthe waving test, which exercisesboth the static
anddynamicparameters.

Waving test. We optimizedfor nine parameterin thewav-
ing test:the six cloth stiffnessanddampingparameterand
threeair drag parametergFig. 10). As with the statictest,
we initialized the staticparameterin this testfrom a coarse
exhaustve searchThe dynamicparametersvereinitialized
usinga randomguessWe optimizedon the rst 50 frames
of the sequenceThe initial valuesand nal valuesof the
optimizedparametergor two trials arereportedin Table3.
The nal valuesof the parameterérom the two trials differ
in partbecausehevariability of the parameterss still fairly
high (Fig. 11). Differentmotionsor longersequencemight
further reducethe variability of the parameterswWe choose
the parametesetthat minimizesthe sumof the error from
the two trials. For instance,in the following example of
satinwaving, we choosethe parameterfrom experiment2.

Error:Expl | Error:Exp2 | Total Error |
Pars:Exp 1 106.4 272.8 379.2
Pars:Exp 2 1141 178.6 292.7

This approachseemsto produce plausible results with
skirts and other validation experiments. However, we
believe that a more generalsolution for parameteidenti-
cation using our framewvork would be to simultaneously
optimizeacrosamultiple trials of differentexperiments.

Optimization progress. Fig. 12 shaws the static shapeof
the simulationbeforeandafter optimization.Fig. 13 shows
thecorrespondingnglemapcomparisonThesetwo gures
shaow the progressof the optimizationandindicatethat the
minimumcorrespondso a visually compellingmatch.

Figure 12: Showingthe improvementn shapematd after
optimization.Thetop row compaesa videoframeof eece
with simulationbefole optimization.The bottomrow shows
thecorresponding/ideo/simulatiorpair after optimization.

Figure 13: Comparisorof anglemapsfor the shapeshown
in Fig. 12 before and after optimization.Top Row (Before
Optimization fromleft to right): Anglemapfromvideo,an-
gle mapfromsimulation,anglemapSSD.BottomRow: The
correspondinganglemapsafter optimization.

Metric validation. We compareeachof thefour optimized
anglemapsfrom simulation(correspondingo the four fab-
rics) with the four angle mapscomputedfrom video. In
Fig. 14, eachcurne shawvs onefabric(e.g., eece) compared
with four simulationscorrespondingo eachfabrictype.We
seethateachfabricin simulationhasa minimumerrorwhen
comparedo its counterparin reality. Fig. 14 alsodemon-
strateghatour approacttould be potentiallyusefulfor rec-
ognizingdifferenttypesof fabricsin video.

Generalization. We evaluated the parametersobtained
from optimizationonlongersequencegl50frames) Fig. 10
andtheaccompanping videosshav a goodvisualmatchbe-
tween correspondingramesin simulation and video. All
videosareavailableoff the web pageand/orincludedin the
DVD. The videosalso shav that the parameterobtained
from optimization generalizewell on new sequencesWe
alsovalidatedthe estimatedparameter®n a long sequence
actuatedyy arobot(Fig. 15). We useda a MitsubishiPA-10
robotarmto move thecornerpointalongasimplesinusoidal
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trajectory therebyensuringthatwe hadthe sameinput mo-

tion acrosdifferentfabrics.Finally, we usedthe optimized
parametergo simulatea skipping motion of a humanac-
tor wearingaskirt (Fig. 16). Here theactorrepeatshesame
skippingmotion(approximatelyfor thefour differentskirts.
We useddatafrom afull body opticalmotion captureof the
actorperformingthe sameskippingmotion(in anothetrial)

to drive the characteifor the cloth simulation. The results
shaw thatthe parametersbtainedrrom our optimizationap-
proachapproximatelycapturethe staticshapeanddynamic
propertiesof skirtsof differentmaterials.

Linen

Fleece

Error

Satin
Knit

Satin Sim e
Fleece Sim | Knit Sim
Optimized Simulation Parameters

Linen Sim

Figure 14: Comparingthe optimizedparametes in simula-
tion for ead fabric with the four real fabrics. For example
point1 in thegraphshowstheerror whena simulationwith
eece parametes is compaedwith videoof satin.Similarly,
point 2 is the error whenthe satin simulationis compaed
with real satin. Thefour curveshavea minimumwhenthey
are compaedto their correctcounterparts.

9. Discussion

This paperdescribesan optimizationframework for identi-
fying thesimulationparametersf clothfrom video.We cap-
turedthe behaior of small swatchesof fabricusinga setof
dynamicandstatictestsanddemonstratethatthe optimizer
couldidentify appropriatesimulationparameterfrom those
tests Theseparameterproducedour distinctandrecogniz-
ablefabricswhenappliedto amorecomplec simulationof a
skirt asit wasdriven by motion capturedatafrom a human
gure.

The cloth modelwasnot the main focusof this research,
yetin early versionsof the systemit was often the bottle-
neckin achiezing appealingresults.To matcha video se-
guenceaccurately the cloth physics model as well asthe
collision algorithmsmust be chosencarefully Instabilities
in the collision handlingwill causeperceptiblequiveringin
the motion of cloth. Conversely extra dampingintroduced

¢ TheEurographic#Association2003.

by the integration methodmales crisp folds impossibleto

match.The parametersnustalsobeindependenof theres-
olution of themeshsothatthey canbeidenti ed onlow res-
olution swatchesandappliedto higherresolutiongarments.
Progresss being madein theseareashowever, and cloth

modelsare continuallyimproving. For example,Bridsonet

al.” introducesascale-independebendmodelwith encour

agingresults.

Our cloth modeldoesnot diverge signi cantly from pre-
viousmodelsdiscussedhn theliterature.Our only majorad-
dition wasa nonlinearityin the dragmodel. Our approach
shouldgeneralizéo ary parameterizedloth modelthatpro-
ducesasufciently rich setof physically realisticmotions.

Althoughtheskirt is far morecomplex thanthe swatches
that were usedto determinethe parametersijt is not as
comple as mary garments,for example, a form- tting
pair of pantsor a tailored blazer For more complex gar
ments,choosingthe parameterwia optimizationon small,
at swatchegmay not be sufcient becausehe shapeof the
garmentis determinedby darts,pleatsandby the interplay
of different fabrics (wool, lining, and interfacing, for ex-
ample).More complex garmentsmay requirethe handde-
sign of additionalteststhat mimic particularbehaiors or
elementsof the garmentin isolation. Moreover, the model
might needextra parameterd¢o handleanisotropiceffects,
hysteresisand coupling effects (stretchingalongonedirec-
tion causingshrinkingin the otherdirection), all of which
would needspecializedests.

En routeto the metric usedin the experimentsdescribed
here, we tried a numberof other metrics: comparingthe
overlapof the silhouettesthe distancgunctionbetweersil-
houetteedges,and using information from internal edges
marked on the fabric. The metric that measuredolds and
silhouettesin concertwith the projectorfor thelight stripes,
proved to be a simple and effective metric that far out-
performedour earlierattempts.The spaceof possiblemet-
ricsis vast,of course but oneclassof metricsthatwe did not
experimentwith arestatisticalmetricsthatcomputea func-
tion of the shapeof thefabricacrosgime ratherthanevalu-
atingthematchon aframe-by-frameébasis.The experiments
with the swatcheswere carefully controlledto have initial
conditionsfor the simulationthat matchedhoseseenin the
video. If insteadwe wereto optimizeon morecomplicated
garmentsthensuchtight control of theinitial conditionsis
unlikely anda statisticalmetric might be preferable Sucha
metric might, for example,computethe averagenumberof
folds acrossatime sequenceatherthanlooking for afold to
appeaiat a particularlocationon the swatch.

Our hopeis thatthis work will promotea morerigorous
evaluationof variouscloth models,especiallywith respect
to how accuratelythey matchreality, and perhapsead to
creationof a standardizedetof benchmarksor cloth simu-
lation models.
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Figure 15: Validating the estimatecharametes usingthe sameinput excitation. Thetop right corner of the fabric is actuated
usinga MitsubishiPA-10robot.Eat row showsthe matt betweervideo(top) and simulation(bottom)at four frameschosen
froma 100framesequenceThefabrics,fromtop to bottom,are linen, eece, satinandknit respectively
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Figure 16: Validating the estimategarametes on a more complicatednotionand garment We show(fromleft to right, topto
bottom)several framesof an actor skippingwhile wearinga eece skirt. Thecorrespondingramesof the skirt in simulation
showsthat our technique captuesthe approximateshapeand dynamicsof the real skirt. Theseframeswere equally spaced
acrosstheentire sequenc€0.5 secondspart). Thevideosin thewebpage showthevalidationresultson all four skirts.

¢ TheEurographic#Association2003.
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