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Abstract
Cloth simulationsare notoriouslydif�cult to tunedueto the manyparameters that mustbe adjustedto achieve
the look of a particular fabric. In this paper, we presentan algorithm for estimatingthe parameters of a cloth
simulationfrom videodata of real fabric. A perceptuallymotivatedmetric basedon matching betweenfolds is
usedto compare video of real cloth with simulation.This metric compares two video sequencesof cloth and
returnsa numberthat measuresthedifferencesin their folds.Simulatedannealingis usedto minimizetheframe
by frameerror betweenthe metric for a givensimulationand the real-world footage. To estimateall the cloth
parameters, weidentifysimplestaticanddynamiccalibration experimentsthat usesmallswatchesof thefabric.
To demonstratethepowerof thisapproach, weuseour algorithmto �nd theparameters for four differentfabrics.
Weshowthematch betweenthevideofootageandsimulatedmotionon thecalibrationexperiments,onnew video
sequencesfor theswatches,andona simulationof a full skirt.

1. Intr oduction

Severalrecentmajormovie releaseshave demonstratedthat
the motion of clothing addsgreatly to the appearanceof a
virtual character. This effect is particularlycompellingfor
scenesthat include both real and syntheticactorssuchas
thosewith YodaandAnakin Skywalker in EpisodeII: At-
tack of theClones. In suchscenes,thevirtual clothingmust
move andbe renderedso that it blendsin seamlesslywith
themotionandappearanceof therealclothingin thescene.
Realisticvirtual clothing is possiblenow becauseof recent
advancesin clothsimulationtechniques4; 9; 5; 37; 6.

Themotionof fabricis determinedby resistanceto bend-
ing, stretching,shearing,external forces,aerodynamicef-
fects, friction, and collisions. Although with the right set
of parameters,goodsimulatorsproducevery realisticlook-
ing motion,choosingparametersthatwill provideaparticu-
lar appearanceremainsa time consumingtaskthat requires
thecomputationandviewing of many forwardsimulations.
Someparameterscanbechosenbasedon theanimator's in-
tuition aboutthefabric—aknit fabricis morestretchy thana
wovenfabricsuchaslinen, for example.But not all thepa-
rametersof a cloth simulatorare intuitive or map directly
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to measurementsthat can madeby a systemsuch as the
Kawabatasystem22. In our paper, we addressthis problem
by usingoptimizationto automaticallydeterminethesepa-
rametersfrom asequenceof videoframesof thefabricunder
consideration.

Theparametersareoptimizedon a setof staticshotsand
motionclipsof asmallswatchof aparticularfabricandthen
testedon a simulationof a full skirt madefrom that fabric.
We designedtheswatchteststo spanthespaceof behaviors
that we expectto seein the �nal sequencesof motion with
the skirt so that all parameterscanbe tunedappropriately.
We usesimulatedannealingfor the optimizationstepwith
an optimizationfunction that assessesthe extent to which
the folds in the simulatedand physical fabric match.This
matchis evaluatedby meansof ashapemetricthatusespro-
jectedlight to detectsurfaceorientationin realandsimulated
fabrics.Themetric is tunedto bemostsensitive alongfolds
andto discountplanarregions.

We usethesystemto �nd theparametersfor four differ-
ent fabrics.We show the matchbetweenthe video footage
andthesimulatedmotionon thecalibrationexperiments,on
additionalvideo sequencesfor the swatches,andon a sim-
ulationof a full skirt asshown in theimageon theprevious
page.

2. RelatedWork

Clothmodelinghasalonghistory, datingbackto work in the
textile communityfrom themid-1930sby Peirce27. Work on
cloth modelingin computergraphicshasfocusedon devel-
oping dynamicsimulationtechniquesthat are both realis-
tic andfast.Baraff andWitkin describea cloth model that
usesstiff springswith implicit time integration4. Thismodel
wassubsequentlyadaptedto reducetheover-dampingdueto
implicit integration9. Explicit time integrationapproaches18

useweakerspringsfor stretchingandshearing,oftenexplic-
itly limiting the amountof stretching29; 6. Choi andKo in-
troduceda bendingenergy modelthatmoreaccuratelycap-
turesthe �ne creasesand bendsof cloth9. Lahey provides
a comprehensive overview of cloth hysteresismodelsfrom
theperspective of computationalfabricmechanics23. Exten-
sive work hasalsobeendoneon modellingcollisionsand
friction. Cloth self-collisionis handledeitherby untangling
thecloth37; 39; 3 or by preemptively avoidingcollisions30; 20; 6.
Variouspotential�eld methodshave beenusedfor general
collisiondetectionandresponse33; 32.

Despitethis largebodyof work on clothsimulationmod-
els, little work hasappearedin thecomputergraphicsliter-
atureon estimatingthe parametersof thesemodelsso that
they match the behavior of real fabrics. Cloth parameter
estimationhasbeenstudiedin the textile community (for
an overview, seeBreenand colleagues17), but suchmeth-
odshave not yet enjoyed wide-spreadusein the computer
graphicscommunity. An importantexceptionis thework by

Breen5 who usedthe Kawabatasystem22 to measurebend-
ing, shearing,andtensileparametersby subjectinga swatch
of fabric to a seriesof mechanicaltestsandmeasuringthe
forceneededto deformit into a standardsetof shapes.Al-
thoughtheKawabatasystemcanprovide accuratemeasure-
ments,thesemeasurementsare problematicfor computer
graphicscloth simulationproblemsfor two reasons.First,
theremight not bea directandsimplemappingbetweenthe
parametersfor a particularcloth model and the Kawabata
parameters.Second,theKawabatasystemdoesnotmeasure
dynamiccloth parameters,e.g.air dragor damping,which
areof key importancefor moving cloth.

Onepromisingapproachfor modellingcloth parameters
is to automaticallysearchfor parametersthat match real,
observedcloth.Jojic andHuang�t parametersof a particle-
basedcloth modelto �t a rangescanof realcloth in a static
restcon�guration,drapedoverasphere21. Morechallenging
still, they attacked theproblemof measuringthe3D geom-
etry of an objectfrom the restingshapeof a pieceof cloth
drapedover it, a problemthatwe do not considerin this pa-
per. However, Jojic andHuangdid not treattheproblemof
measuringdynamicparametersor demonstrateaccuratere-
sultsacrossa rangeof fabrictypes.

More distantly relatedare techniquesfor computingthe
geometryof cloth from images.Coarseestimatesof the
time-varyinggeometryof cloth canbecomputedusingtra-
ditional stereomatchingtechniquesby using two or more
camerasand treatingeachtime instant independently(see
ScharsteinandSzeliski31 for anoverview). Moreaccuratere-
sultsmaybeobtainedby projectingstructuredlight patterns
onthecloth(seeZhangetal.40 for anoverview). Ratherthan
computingshapeat every time instantindependentfrom the
next, it canbeadvantageousto integrateimagesover timeto
improve accuracy. Two examplesof promisingwork along
theselines are Carceroniand Kutulakos8 and Torresaniet
al.34; both studiesdemonstratedreconstructionsof moving
cloth.

3. Cloth Model

Becauseour framework for estimatingcloth simulationpa-
rametersis independentof thecloth model,we canin prin-
ciple selecta speci�c model that meetsa set of criteria
suchasaccuracy or simulationspeed.Our choiceof a cloth
model was guidedby two goals,realismand practicality.
We wantedto usea modelthatwassophisticatedenoughto
capturethedetaileddynamicbehavior found in real fabrics
but still straightforwardto implement.Becauseour intention
wasto applythelearnedclothmodelparametersto arbitrary
garmentswith varying triangle resolution,it was also im-
portantthat the cloth parameterscorrectlyscaleto varying
resolutionsof cloth.

Weusedthemodeldescribedby Baraff andWitkin asthe
basisfor ourclothsimulator4. Thismodelhassuf�cient rich-
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nessto produceawidevarietyof clothbehaviors.Theunder-
lying meshingis triangular, makingclothingmodellingeas-
ier. More importantly, its input parametersareindependent
of meshing,so thatparametersrecoveredon onemesh(the
testswatch)canbe transferredto another(theskirt). While
nonlinearmodelssuchasthebucklingbehavior of Choiand
Ko9 couldpotentiallycapturemorerealisticdetailsof cloth,
thereis no straightforward way to scalethe parametersof
thesemodelsto meshesof varying resolutions.We expect
that future applicationof our parameter-estimationframe-
work to otherscale-invariantclothmodelswill provideeven
morerealisticresults.

Themodeldevelopedby Baraff andWitkin formulatesthe
energy of aparticulartrianglein termsof so-calledcondition
functionsC(x) suchthatthetotalpotentialenergy associated
with thesystemis givenby

Eu =
ks

2
C(x)CT (x) (1)

whereks is a stiffnesscoef�cient associatedwith thepartic-
ularconditionfunction.Forcesarethensimplycalculatedby

F = r xEu (2)

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

d = � kd
dC
dx

�C(x) (3)

We thusassociatea stiffnesscoef�cient ks anda damping
coef�cient kd with eachof the C(x). In their paper, Baraff
andWitkin describea setof C(x) consistingof an in-plane
stretchterm, an in-plane shearterm, and an out-of-plane
bendingterm, giving a total of six parameterswe can use
to tunetheinternalcloth model.We referthereaderto their
paperfor the full details4. We note,however, that (as they
alludeto in footnote5) energyshouldscalelinearly with tri-
angleareato ensurescaleindependence.Therefore,weneed
to be carefulwhensubstitutingC(x) for stretchandshear
into eq.1 thattheresultingformulais linearin a ratherthan
quadratic.

In the courseof running our experiments,we discov-
eredthat a linear dragmodelsuchasthat usedin previous
cloth work4; 9 was not able to capturedynamicaspectsof
cloth. In order to add additionalair-drag degreesof free-
domto our cloth modelwithout resortingto fully modeling
aerodynamics25, we developeda simple nonlinearalterna-
tive. To calculatethe drag force on a triangle,we decom-
posetheaveragevelocity on the faceinto two components,
onenormalto thesurface(vN) andonetangential(vT ). Total
dragforceis thena linearfunctionof tangentialvelocityand
a quadraticfunction of normalvelocity, with an additional
termkf thatcontrolsthedegreeof nonlinearity,

fdrag = � a

 
kNjvNj2

1+ kf jvNj2
vN

jvNj
+ kTvT

!

wherea is the areaof the given triangle.The linear term
is merely Stokes's law1; the quadraticterm matchesbet-
ter theexperimentalbehavior of macroscopicbodiesin low
Reynold's number�o w14. Theadditionof the jvNj2 termin
thedenominatorwhichmakestheforceasymptoticasvN !
1 waspartially motivatedby theobservedphenomenonof
drag crisis14, whereundercertaincircumstancesthedragco-
ef�cient canactuallydrop at the onsetof turbulence1. The
optimizer is free to eliminatethis behavior or other terms
of this equationby settingthe correspondingparametersto
zero.

Initially, we useda �rst-order implicit Euler time inte-
grationschemesimilar to the onedescribedby Baraff and
Witkin4. Unfortunately, we found that implicit integration
introduceddampingwhich could not be eliminatedby op-
timizing cloth parameters.We hadmoresuccessin match-
ing realistic cloth motions by using higher-order explicit
methods.The resultsin this paperall usean adaptive 4th-
orderaccurateRunge-Kutta methodswith embeddederror
estimation2. While this methodoffers theadvantagesof fa-
miliarity andautomaticboundingof error, it is ratherslow,
and recentwork suggeststhat using 2nd-orderbackward
differences9 or Newmarkschemes7 maybeabetterchoice.

For collision handling,we usea model similar to Brid-
sonandcolleagues6 which combinesrepulsionforceswith
impulsesto robustlypreventall collisionsbeforethey occur.
However, separatingrepulsionforcesfrom the cloth inter-
nal dynamicsand applying them outsidethe Runge-Kutta
solver affectedstability andresultedin visible artifacts.In-
stead,we apply repulsionforcesinside the solver loop, so
that the solver's own internal error estimationcan remove
theseartifacts.Thedrawbackof this techniqueis speed,be-
causethesystemmustcheckfor collisionseverytimeit eval-
uatesthe statederivatives (asopposedto onceevery colli-
sion timestepas in Bridsonet al.6). To achieve acceptable
performance,we useda numberof collision culling algo-
rithms, includinghybrid top-down/bottom-upupdate24, fast
trianglerejecttests26, anda curvature-basedcriterionfor re-
jectingself-collisionsthatwas�rst introducedby Volino and
Thalmann38 andlaterre�ned by Provot30.

4. A Metric for Matching Simulation to Video

We usea perceptuallymotivatedmetricto comparethemo-
tion of cloth in simulationwith a video sequenceof real
fabric motion. Our algorithmcomparesthe two sequences
frame by frame and computesan averageerror acrossthe
entiresequence.Realfabricsexhibit a wide variety of mo-
tion rangingfrom softand�o wing (satin)to stiff (linen).Our
metric capturesthe complex dynamicsof cloth motion and
alsohelpsto distinguishbetweendifferentfabrics.

Researchersin computationalneurobiologyhypothesize
that the humanperceptualsystemis sensitive to moving
edgesin video11; 12; 36. Studieshave shown thatthereceptive
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�elds of simplecells in the macaquecortex act asedgeor
line detectors,respondingto orientededgesor lines in nat-
ural scenes19; 35; 10. In cloth, theseedgescorrespondto folds
andsilhouettes,whichareregionsof highvariationin shape.
Hence,ourperceptuallymotivatedmetricfor clothcompares
two videosequences,onefrom simulationandonefrom the
real world, and returnsa numberthat measuresthe differ-
encesin their folds.Themetricalsopenalizesthesilhouette
mismatchbetweenthetwo sequences.

Fold Detection and Representation: Folds appearassoft
edgesin video whoseappearanceis dependenton material
propertiesand lighting. Haddonand Forsyth15; 16 describe
a learningapproachfor detectingand groupingfolds (and
grooves) in imagesof fabrics.Their techniquecan handle
lighting effectscausedby diffuse inter-re�ections in cloth.
However, most fabrics have very complicatedre�ectance
properties.In our experiments,we eliminatethe effectsof
lighting andmaterialre�ectanceby projectinga structured
light patternof horizontalstripesontothefabric.

From the light-stripedvideo sequence,we computethe
dominantorientation for eachedgepixel by convolving it
with asteerable�lter bank13. In our implementation,weuse
theG2/H2quadraturepairwith kernelsize12asthebasis�l-
ters.Detailsof computingthedominantorientationfrom the
coef�cients of �lter bankresponsearegiven in AppendixI
of FreemanandAdelson13. We convolve theimagewith the
�lter bank,computethe�lter coef�cient responses,blur the
coef�cients usinga gaussiankernel,andcomputethedomi-
nantorientationfrom thesecoef�cients. Wenametheresult-
ing orientationimagean anglemap, shown in Fig. 1. The
anglemap,which measuresthelocal orientationof thepro-
jectedpattern,hasa constantvaluewhenthesurfaceis pla-
narandvariesatfolds.Wethresholdthegradientof theangle
mapto getagradientmaskMk for eachframeof video(Fig.
1).

Mk(i; j) =
�

1; kd(i; j)k � t
0; kd(i; j)k < t

(4)

wheret is a userde�ned thresholdandkd(i; j)k is themag-
nitudeof thegradientof theanglemapat (i; j). Thegradient
maskis non-zeroatregionsof highgradients,corresponding
to folds,andzeroatplanarregions.

Fold Comparison: Our metric computesthe frame by
frame sum of squareddifferences(SSD) betweenmasked
anglemapsin simulationwith video.We preprocessthe in-
putvideosequenceto computetheanglemapateachframe.
Similarly, in simulation,we rendertheclothshapeusingthe
currentparametervaluesandproject the samestripedpat-
tern, to get a stripedsimulationsequence.We computethe
anglemapat every framein simulationfrom this sequence.
WethencomputetheSSDof theanglevaluesfor all overlap-
ping pointsin the two anglemaps.We multiply this differ-
encewith thegradientmask,which helpsto emphasizethe

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

Figure 2: Thestagesin themetricpipeline. Top row (left to
right): Anglemapfrom video,anglemapfrom simulation.
Bottomrow (left to right): anglemapdifference, �nal met-
ric valuefor this frame(anglemapdifferencemultipliedby
gradientmaskfromvideo).

differencesin fold regionsover planarregions(Fig. 2). We
sumtheerroracrossall framesto computetheoverall error
acrosstheentiresequence.Theerrorat any particularframe
k alongthesequenceis

E f old
k =

Sx

å
i= 0

Sy

å
j= 0

Mk(i; j) � (qreal
k (i; j) � qsim

k (i; j))2 (5)

where(Sx;Sy) is the sizeof the anglemapsandqreal, qsim

are the anglevaluesfrom real and simulationanglemaps
respectively.

SilhouetteComparison: In additionto theanglemaperror,
wepenalizethesilhouettemismatchbetweenthesimulation
andthe video of real cloth. This penaltyis proportionalto
thedifferencebetweenthe two silhouettes,i.e., thenumber
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Figure 3: This plot showsangle map error as a function
of bendand stretch stiffnessparameters. Dark areasindi-
cateregionsof small error and bright areascorrespondto
large errors. Note that the spaceis fairly noisy. Themini-
mumfoundby the optimizeris containedin the large dark
region in thelowerportionof theplot.

of mismatchedpixels.

Esilh
k =

Sx

å
i= 0

Sy

å
j= 0

j Areal
k (i; j) � Asim

k (i; j) j (6)

where

Ak(i; j) =
�

1; insidesilhouette
0; otherwise

(7)

Thetotal errorin framek is

Ek = E f old
k + aEsilh

k (8)

wherea is a user-de�ned weight that controlsthe relative
contribution of the two terms.We useda valueof 0.1 for a
in our experiments.Theerroracrosstheentiresequenceof
lengthN framesis givenby

E =
N

å
k= 1

Ek (9)

5. Parameter Identi�cation

We useoptimizationto estimatetheparametersof thecloth
simulatorfrom video.Beforewe describethedetailsof the
optimizer, we look at theerrorspaceof theanglemapmet-
ric, which gives us useful insight aboutthe parametersof
thesystem.Fig. 3 shows thevariationof error for different
valuesof bendstiffnessandstretchstiffnesscoef�cients for
satin.At eachpoint in theparameterspace,weevaluatedthe
metric error betweenthe �rst frameof video anda simula-
tion usingtheparameters.Fromthe�gure, it is evident that
theerrorspaceis fairly noisy, with many local minima,mo-
tivatingtheneedfor aglobaloptimizationtechnique.
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Figure4: Perturbationanalysisat thesolutionfor bendstiff-
nessparameter.

In additionto theparametervalues,we estimatetherela-
tive importanceof eachparameterfor agivenexperimentby
performingaperturbationanalysisat thesolutionpoint.The
importanceor sensitivityof aparameterp dependson its lo-
cal gradient¶E

¶p ; it relatesa smallchangein parametervalue
to a changein theerrorvalue.Insteadof computingthegra-
dient,werobustlycomputethevariability of theparameters,
de�ned as ¶p

¶E . To computethe variability, we perturbeach
parameterof thesimulatorindividually up to � 0:20%of its
value,computetheerrorand�t aquadraticcurve to thedata
(Fig. 4). From the quadratic,the variability is computedas
thechangein parametervaluesthatresultsin a1%changein
theerror. Parameterswith low variability havehighsensitiv-
ity andareestimatedmorereliably for agivenexperiment.

6. Optimization Framework

Weusesimulatedannealingto �nd theparametersthatmin-
imize the error function given in eq. 9. Simulatedanneal-
ing initially explores the spacein a semi-randomfashion
and eventually takes downhill steps.The likelihood that it
will take a stepin a directionthat is not locally optimal is
a function of the temperature (Fig. 5). We usethe continu-
oussimulatedannealingmethodpresentedin Presset al.28,
whichcombinestheMetropolisalgorithmwith thedownhill
simplex methodfor continuousn-variableoptimization.We
�nd it useful to resetthe simplex with the currentbestso-
lution whenthe temperaturereducesby a factorof 3. Prior
to optimization,we performan exhaustive searchfor each
fabric,wherewe choosefour valuesfor eachcloth parame-
ter acrossits entirerange.This correspondsto a very coarse
samplingof theparameterspace.We simulatethefabricfor
all points in this coarsesetandcomputethe error for each
point by comparingagainstthereal fabric.We initialize the
optimizerwith thepoint correspondingto theminimumer-
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Figure 5: Progressof thesimulatedannealingoptimizeras
measuredbyerror. Thetemperaturedecreaseis governedby
a geometriccoolingschedule.

ror. We have foundthatthis strategy allows theoptimizerto
locateagoodminimumof thespace.

7. Experiments

Wedesignedsimpleexperimentsto capturethedynamicsof
the different typesof fabricsand the air/cloth interaction.
The experimentsare easyto perform,capture,and repeat;
yet they demonstratethecomplex dynamicsof clothmotion.
Theparametersobtainedfrom thesimpleexperimentswere
usedto simulateskirtsandothercomplex fabricmotions.In
essence,our experimentsweredesignedto bea calibration
setupfor estimatingthestaticanddynamicparametersof a
clothsimulator.

Weperformtwo estimationexperimentsfor eachfabric,a
static test and waving test. We usedfour typesof fabrics:
linen, �eece, satin and knit. Thesefabricsexhibit a wide
rangeof staticanddynamicbehavior andspana largerange
of realfabrics.

We performthestaticandwaving testson a smallswatch
of eachfabric. In the static test,the two top cornersof the
fabric are held stationary, and the fabric is allowed to sag
undergravity. For a �x ed separationbetweenthe top cor-
ners,differentfabricsattaindifferentstaticshapesasshown
in Fig. 6. Thestatictestgivesa goodestimatefor thestatic
stiffnessand bendparameters.In the waving test,one of
the top cornersof the fabric is �x edandtheothercorneris
moved backandforth (Fig. 7). The waving motion of fab-
rics in simulationis affectedby their dynamicparameters.
We seefrom the accompanying videosthat real fabricsex-
hibit awiderangeof interestingmotionsevenwith thesame
input excitation.We designedthewaving motionto roughly
matchthe typesof motion occurringin real garmentssuch

Figure6: Thestatictestwith four real fabrics.Top row(left
to right): linen and �eece. Bottomrow: satin and knit. Top
cornerseparation is identicalacrossall four fabrics.

Figure7: Threeframesfromthewavingtestfor satin.

asskirts.This givesreasonableestimatesfor cloth parame-
terswhile avoidingtheneedto optimizedirectlyoncomplex
fabricgeometries(e.g.skirts)involving many collisions.

8. Results

In this section,we report the resultsof simulationparam-
etersobtainedusingour techniqueappliedto four fabrics:
linen, �eece, satinandknit. We measuredthe massanddi-
mensionsof thefabrics.We alsoaccuratelymeasurethepo-
sition of the two top cornersusinga Vicon motion capture
system.We computetheprojectionmatricesfor thecamera
andprojectorusinga calibrationgrid comprisingof several
motioncapturemarkers.Weperformedtwo trialsperexperi-
ment,eachwith slightly differentinitial conditionsandopti-
mizedon the�rst 50 framesof videoin eachtrial. Eachtrial
took approximately50 hoursto converge on a 2.8GHzIn-
tel Pentium4 Xeonprocessor(approximately600iterations
of simulatedannealing).For this reason,westartedtheopti-
mizationson thetwo trials (perfabric)with thesameinitial
guessand choseoptimizedparametersthat minimized the
total erroron thetwo trials.

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

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

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

1 1e-3 0.009 0.0045 1e-4 0.0001 0.0001 1e-5 1.106e-5 6.94e-6 1e-6 1.52e-6 1.51e-6
2 4000 404.9 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 1e-7 9.92e-7 3.22e-7 2.15e-6 2.13e-7 4.11e-7 1e-7 2.49e-7 3.98e-7 1e-7 1.01e-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 4.11 4.56 10 0.13 4.04

E1 75.0 62.8 136.8 121.5 115.5 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: Tabulation of the static parameters from two experiments.Legend: 1=bend,2=stretch, 3=shear, 4=benddamping,
5=stretch damping, 6=sheardamping, E1=error fromexperiment1, E2=error fromexperiment2.
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Figure10: Wavingresultsfor satin.Thetoppicture in each block showsthereal fabric andthebottomshowsthecorresponding
framefromsimulation.
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Bend Stretch Shear BendDamp StretchDamp ShearDamp Error
Initial Values 1.0e-05 50 50 2e-07 10 10 179.026

Optimization1 6.93766e-06 19.3832 69.653 3.98337e-07 3.67932 4.56238 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

Table2: Performanceof simulatedannealingonseveral optimizations.All theoptimizationsstartwith valueswhich arewithin
� 5% of the initial valuesgivenin the �r st row. Parameters with high variability (e.g., stretch damping)are estimatedpoorly
andvary signi�cantly acrossthedifferentoptimizations.However, parameters with low variability (e.g., bend)are consistent
acrossmultipleoptimizations.

Linen Fleece Satin Knit
Pars Start Exp1 Exp2 Start Exp1 Exp 2 Start Exp1 Exp 2 Start Exp 1 Exp2

1 1e-3 0.001 0.0008 1e-4 1.1e-5 0.0001 1e-5 6.4e-6 5.6e-6 1e-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
3 215.4 167.8 465.7 215.4 255.2 296.9 50 97.7 74.2 50 37.5 60.0
4 1e-7 3.1e-7 4.7e-7 2.2e-6 1.4e-6 1.3e-6 1e-7 1.5e-6 1.2e-7 1e-7 1.0e-7 5.4e-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 4.9 2.6
7 2 8.7 2.2 2 2.4 1.6 2 4.8 0.8 2 1.5 1.0
8 2 5.6 2.0 2 3.1 0.3 2 1.8 1.5 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

E1 94.2 85.9 93.1 208.8 179.6 222.2 124.0 106.4 114.1 230.7 208.8 246.3
E2 115.7 113.0 100.9 233.2 230.2 180.2 280.8 272.8 178.6 255.1 261.8 225.3

E1+E2 198.9 194.0 409.8 402.4 379.2 292.7 470.6 471.6

Table 3: Parameters fromtwo wavingexperiments.Line E1 showstheerror for Experiment1 with the initial conditionsand
afteroptimization.It alsoshowstheerror for experiment2 whenrun with theparametersfoundfor experiment1 withoutfurther
optimization.Similarly line E2showstheinitial error for experiment2, theerror afteroptimization,andtheunoptimizedresult
with thoseparametersonexperiment1.Theparametersetfromtheexperimentshownin boldis selectedasthe�nal estimatefor
each experimentbecausethisparametersetminimizesthesumof theerror fromthetwotrials, E1+ E2.Satinhasverydifferent
startingerrors for thetwoexperimentsalthoughtheinitial conditionsare thesameandtheerror valuesafteroptimizationalso
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 framefromexperiment1, E2=error per framefromexperiment2.
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Figure11: Bar chartsshowingthevariability analysisresultsfor thewavingtest.Fromleft to right: linen,�eece, satinandknit.
Legend: 1=bend,2=stretch, 3=shear, 4=benddamping, 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 dampingparametersfor stretch,shear,
and bend.The air drag parameterswere �x ed for this ex-
perimentto themid pointof their rangeof values.Theinitial
valuesfor thetwo trialswereobtainedfrom acoarseexhaus-
tive search(four valuesper parameter).The initial values
and�nal valuesof theestimatedparametersaresummarized
in Table 1. Figs. 8 and 9 show a very good visual match
betweenthe simulationswith their counterpartreal fabrics.
However, thereis asigni�cant disparityin theoptimizedpa-
rametervaluesfrom the two trials. In order to understand
thisdisparity, weperformedasetof optimizations(onasin-
gle fabric)with verysimilar initial values.Table2 showsthe
parametervaluesfor satinfrom � veoptimizationswherethe
initial conditionswererandomlyvariedby � 5%. From the
table,we seethat the �nal error valuesarevery close.We
getconsistentestimatesfor parametersthathave lower vari-
ability (e.g.,bend,stretch).Parameterswith high variability
areestimatedpoorly, becausetheir valuesdo not contribute
suf�ciently to theerror. This resultis consistentwith our in-
tuition that static testscannotbe usedto estimatedynamic
parameterslike stretchand sheardampingor air drag and
motivatesthe waving test, which exercisesboth the static
anddynamicparameters.

Waving test. Weoptimizedfor nineparametersin thewav-
ing test:thesix cloth stiffnessanddampingparametersand
threeair dragparameters(Fig. 10). As with the static test,
we initialized thestaticparametersin this testfrom a coarse
exhaustive search.Thedynamicparameterswereinitialized
usinga randomguess.We optimizedon the �rst 50 frames
of the sequence.The initial valuesand �nal valuesof the
optimizedparametersfor two trials arereportedin Table3.
The�nal valuesof theparametersfrom thetwo trials differ
in partbecausethevariability of theparametersis still fairly
high (Fig. 11).Differentmotionsor longersequencesmight
further reducethe variability of the parameters.We choose
the parametersetthat minimizesthe sumof the error from
the two trials. For instance,in the following example of
satinwaving, wechoosetheparametersfrom experiment2.

Error:Exp1 Error:Exp2 TotalError
Pars:Exp1 106.4 272.8 379.2
Pars:Exp2 114.1 178.6 292.7

This approachseemsto produce plausible results with
skirts and other validation experiments. However, we
believe that a more generalsolution for parameteridenti-
�cation using our framework would be to simultaneously
optimizeacrossmultiple trialsof differentexperiments.

Optimization progress.Fig. 12 shows the staticshapeof
thesimulationbeforeandafteroptimization.Fig. 13 shows
thecorrespondinganglemapcomparison.Thesetwo �gures
show the progressof the optimizationandindicatethat the
minimumcorrespondsto avisually compellingmatch.

Figure 12: Showingthe improvementin shapematch after
optimization.Thetop row comparesa videoframeof �eece
with simulationbefore optimization.Thebottomrow shows
thecorrespondingvideo/simulationpair afteroptimization.

Figure13: Comparisonof anglemapsfor theshapesshown
in Fig. 12 before and after optimization.Top Row (Before
Optimization,fromleft to right): Anglemapfromvideo,an-
gle mapfromsimulation,anglemapSSD.BottomRow:The
correspondinganglemapsafteroptimization.

Metric validation. We compareeachof thefour optimized
anglemapsfrom simulation(correspondingto thefour fab-
rics) with the four angle mapscomputedfrom video. In
Fig. 14,eachcurveshowsonefabric(e.g.,�eece) compared
with four simulations,correspondingto eachfabrictype.We
seethateachfabricin simulationhasaminimumerrorwhen
comparedto its counterpartin reality. Fig. 14 alsodemon-
stratesthatour approachcouldbepotentiallyusefulfor rec-
ognizingdifferenttypesof fabricsin video.

Generalization. We evaluated the parametersobtained
from optimizationonlongersequences(150frames).Fig.10
andtheaccompanying videosshow agoodvisualmatchbe-
tween correspondingframesin simulation and video. All
videosareavailableoff thewebpageand/orincludedin the
DVD. The videosalso show that the parametersobtained
from optimizationgeneralizewell on new sequences.We
alsovalidatedtheestimatedparameterson a long sequence
actuatedby a robot(Fig. 15).We useda a MitsubishiPA-10
robotarmto movethecornerpointalongasimplesinusoidal
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trajectory, therebyensuringthatwe hadthesameinput mo-
tion acrossdifferentfabrics.Finally, we usedtheoptimized
parametersto simulatea skipping motion of a humanac-
tor wearingaskirt (Fig.16).Here,theactorrepeatsthesame
skippingmotion(approximately)for thefour differentskirts.
We useddatafrom a full bodyopticalmotioncaptureof the
actorperformingthesameskippingmotion(in anothertrial)
to drive the characterfor the cloth simulation.The results
show thattheparametersobtainedfrom ouroptimizationap-
proachapproximatelycapturethestaticshapeanddynamic
propertiesof skirtsof differentmaterials.

Linen Sim
Fleece Sim

Satin Sim
Knit Sim

Linen

Fleece

Satin

Knit

Optimized Simulation Parameters

E
rr

or

1

2

Figure 14: Comparingtheoptimizedparameters in simula-
tion for each fabric with thefour real fabrics.For example,
point1 in thegraphshowstheerror whena simulationwith
�eeceparameters is comparedwith videoof satin.Similarly,
point 2 is the error whenthe satin simulationis compared
with real satin.Thefour curveshavea minimumwhenthey
arecomparedto their correctcounterparts.

9. Discussion

This paperdescribesanoptimizationframework for identi-
fying thesimulationparametersof clothfrom video.Wecap-
turedthebehavior of smallswatchesof fabricusinga setof
dynamicandstatictestsanddemonstratedthattheoptimizer
couldidentify appropriatesimulationparametersfrom those
tests.Theseparametersproducedfour distinctandrecogniz-
ablefabricswhenappliedto amorecomplex simulationof a
skirt asit wasdrivenby motioncapturedatafrom a human
�gure.

Thecloth modelwasnot themain focusof this research,
yet in early versionsof the systemit wasoften the bottle-
neck in achieving appealingresults.To matcha video se-
quenceaccurately, the cloth physics model as well as the
collision algorithmsmust be chosencarefully. Instabilities
in thecollision handlingwill causeperceptiblequivering in
the motion of cloth. Conversely, extra dampingintroduced

by the integrationmethodmakescrisp folds impossibleto
match.Theparametersmustalsobeindependentof theres-
olutionof themeshsothatthey canbeidenti�ed on low res-
olution swatchesandappliedto higherresolutiongarments.
Progressis being madein theseareas,however, and cloth
modelsarecontinuallyimproving. For example,Bridsonet
al.7 introducesascale-independentbendmodelwith encour-
agingresults.

Our cloth modeldoesnot divergesigni�cantly from pre-
viousmodelsdiscussedin theliterature.Our only majorad-
dition wasa nonlinearityin the dragmodel.Our approach
shouldgeneralizeto any parameterizedclothmodelthatpro-
ducesasuf�ciently rich setof physically realisticmotions.

Althoughtheskirt is far morecomplex thantheswatches
that were used to determinethe parameters,it is not as
complex as many garments,for example, a form-�tting
pair of pantsor a tailored blazer. For more complex gar-
ments,choosingthe parametersvia optimizationon small,
�at swatchesmaynot besuf�cient becausetheshapeof the
garmentis determinedby darts,pleatsandby the interplay
of different fabrics (wool, lining, and interfacing, for ex-
ample).More complex garmentsmay requirethe handde-
sign of additional teststhat mimic particularbehaviors or
elementsof the garmentin isolation.Moreover, the model
might needextra parametersto handleanisotropiceffects,
hysteresisandcouplingeffects(stretchingalongonedirec-
tion causingshrinking in the otherdirection),all of which
wouldneedspecializedtests.

En routeto themetricusedin theexperimentsdescribed
here,we tried a numberof other metrics: comparingthe
overlapof thesilhouettes,thedistancefunctionbetweensil-
houetteedges,and using information from internal edges
marked on the fabric. The metric that measuresfolds and
silhouettes,in concertwith theprojectorfor thelight stripes,
proved to be a simple and effective metric that far out-
performedour earlierattempts.The spaceof possiblemet-
ricsis vast,of course,but oneclassof metricsthatwedid not
experimentwith arestatisticalmetricsthatcomputea func-
tion of theshapeof thefabricacrosstime ratherthanevalu-
atingthematchonaframe-by-framebasis.Theexperiments
with the swatcheswerecarefully controlledto have initial
conditionsfor thesimulationthatmatchedthoseseenin the
video.If instead,we wereto optimizeon morecomplicated
garments,thensuchtight controlof the initial conditionsis
unlikely anda statisticalmetricmight bepreferable.Sucha
metricmight, for example,computetheaveragenumberof
foldsacrossatimesequenceratherthanlookingfor a fold to
appearataparticularlocationon theswatch.

Our hopeis that this work will promotea morerigorous
evaluationof variouscloth models,especiallywith respect
to how accuratelythey matchreality, and perhapslead to
creationof astandardizedsetof benchmarksfor clothsimu-
lationmodels.
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Figure 15: Validating theestimatedparameters usingthesameinput excitation.Thetop right cornerof thefabric is actuated
usinga MitsubishiPA-10robot.Each row showsthematch betweenvideo(top)andsimulation(bottom)at four frameschosen
froma 100framesequence. Thefabrics,fromtop to bottom,are linen, �eece, satinandknit respectively.
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Figure16: Validating theestimatedparametersona morecomplicatedmotionandgarment.Weshow(fromleft to right, top to
bottom)several framesof an actor skippingwhile wearinga �eece skirt. Thecorrespondingframesof theskirt in simulation
showsthat our techniquecapturesthe approximateshapeand dynamicsof the real skirt. Theseframeswere equallyspaced
acrosstheentiresequence(0.5secondsapart).Thevideosin thewebpageshowthevalidationresultsonall four skirts.
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