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Abstract

In thiswork amethodfor trackingfabricsin videos
is proposedwhich,unlikemostothercloth tracking
algorithms,employs an analysis-by-synthesisap-
proach.Thatis trackingconsistsof optimisingaset
of parametersof a mass-springmodel that is used
to simulatethetextile, de�ning on theonehandthe
fabricpropertiesandon theotherthepositionsof a
limited numberof constrainedpointsof the simu-
latedcloth. To improve the trackingaccuracy and
to overcometheinherentlychaoticbehaviour of the
real fabricseveralmethodsto track featureson the
cloth's surface and the best way to in�uence the
simulationareevaluated.

1 Intr oduction

Due to its applicability in the �lm industry, and
morerecentlyin computergames,cloth simulation
hasbecomeanimportantsubjectof research.Most
of theproposedsystems,however, focusonproduc-
ing believableanimations,ratherthanrealisticsim-
ulations.For trackingof textiles,however, thecloth
simulationshouldbe as realisticaspossible. Yet,
in this work the possibility of tracking fabricsby
synthesisinganobservedscenewith a mass-spring
simulationis demonstrated.Unfortunately, it was
foundthat,asa resultof theinherentlyinstablebe-
haviour of cloth, it wasnecessaryto introducenon-
physical forcesto biasthe simulationtowardsfol-
lowing theobservedbehaviour.

The generalapproachto synthesisinga scene
can be split into threesteps. First silhouettesare
extractedand featureson the cloth's surface are
tracked. An optimisationalgorithm then adjusts

cloth propertiesand the positionsof constrained
pointsof the fabric to �t the simulationto the ob-
servedsilhouettesandtrackedfeatures.A con�gu-
ration is evaluatedby simulatingthe con�guration
andusingthedifferencebetweencapturedandsim-
ulatedsilhouettesastheerrorfunction.

Section2 continuesthe stateof the art in cloth
trackingandthe developmentsof cloth simulation
literatureis summarised.Section3 summarisesthe
contributionspresentedin thiswork. Section4 con-
trastsseveral tracking procedures.The employed
optimisationstrategy is detailedin section5 anda
summaryis givenin section6.

2 PreviousWork

Despitestrong interesthas beenshown for cloth
simulationon the onehandandcloth trackingand
reconstructionon the other only little effort has
beenput into combiningthe efforts by employing
analysis-by-synthesisapproachesto cloth tracking.

One algorithm was presentedby Jojic and
Huang[8] whichestimatesthehiddenpointsacloth
is restingon. They do require3D-rangedataof the
real cloth to achieve this goal and the two-phased
natureof their algorithmallows it to be appliedto
staticsituationsonly.

An analysis-by-synthesisapproachwasalsoem-
ployed by Bhat etal. [2] but their goal wasfunda-
mentally different. Insteadof detectingthe drape
of thefabricthey attemptedto extractthestaticand
dynamicfabric parametersfrom video images. A
simulatedannealingoptimiserwasusedto demon-
stratethatawidevarietyof cloth typescouldbere-
constructed.Their research,however, lacksveri�-
cationwith a mechanicalcloth propertyextraction



methodsuchas the KawabataEvaluationSystem
(KES)[10]. Themethodhasalsobeencriticisedbe-
causeit is apparentlyunableto accuratelyestimate
thebendresistanceparameter[17].

Other cloth tracking and reconstructionap-
proachesdo not make use of a cloth simulation
to guide the reconstruction. The algorithm by
Pritchard and Heidrich [17] can be divided into
threestages. First, stereocorrespondenceis used
to reconstructmostof thetexturedcloth. Secondly,
holes are interpolatedand Lowe's SIFT descrip-
tor [12] is employed to map points on the world-
spacecloth to pointson thetwo dimensionalrefer-
encecloth. Identi�ed pointsarethenconnectedby a
seed-and-grow algorithm,rejectingspuriouspoints
in theprocess.

Several otheralgorithmsto recover the threedi-
mensionallayoutof a cloth werepublished.Scholz
andMagnor[18] presentedoneapproachthatused
optical�o w to calculatethethreedimensionalscene
�o w. Holesin themodelarenot interpolatedasin
Pritchard's approach. Insteada deformablecloth
model is matchedto the surface, minimising the
deformationenergy of the patch. Drift is coun-
tered by constrainingthe edgeof the simulation
to the silhouetteof the real cloth. Unfortunately,
their algorithmwasonly demonstratedonsynthetic
data. Their work was continuedwith a publica-
tion ontrackingclothmarkedwith apseudorandom
coloureddotspattern[19]. Theproposedalgorithm
detectscolouredellipsesusing colour and bright-
nessinformationandidenti�es theexactpositionon
the cloth by examiningtheir local neighbourhood.
Theidenti�ed locationsareconnectedin awaysim-
ilar to Pritchard's approach.Threedimensionalco-
ordinatesarereconstructedby usingamulti-camera
setup. As a last step holes are �lled by means
of a thin-platespline interpolationtechnique.Re-
cently, anextensionto theapproachwaspresented
by White etal. [22] who proposeda stereo-setupto
reconstructa randompatternof colouredtriangles
printedonacloth. Their principalcontributionsare
anextensionto theseed-and-grow algorithmintro-
ducedby Pritchardanda strainminimisationtech-
niquethatallowsthemto reconstructpointsthatare
visible in onecameraonly.

The other importantareaof researchemployed
in this work, particle systembasedcloth simula-
tion, waspioneeredby Terzopoulosetal. [20]. In
their work a numberof techniquesthat are com-

monnow suchassemi-implicit integration,hierar-
chicalboundingboxes,andadaptive time-stepcon-
trol wereproposed.Until Baraff andWitkin reintro-
ducedsemi-implicit integration[1], decreasingthe
computationalcostof clothsimulationsigni�cantly,
explicit integrationtechniqueswerecommon.

In the last few yearstwo major strandsof de-
velopmentcan be madeout in the cloth simula-
tion community. One,aiming for real-timesimu-
lation, focusseson computationspeedalone,sac-
ri�cing expressivenessand accuracy 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-springdiscretisationandaddedwrinkles in a
post-processingstepby interpolatingwith a cubic
spline[9]. Oh etal. introduceda new semi-implicit
integrationtechniquethat,besidesside-steppingthe
unnaturaldampingof Baraff andWitkin' s integra-
tor, is reportedlyableto run in real-time[15].

Theotherstrandattemptsto simulateclothasre-
alistically aspossible. The useof nonlinearcloth
propertieshasbeenintroducedby Eberhardtetal.
[7]. Simpli�ed nonlinearitieshave sincebeenin-
tegratedinto a numberof systemssuchas [5, 3].
Impressive resultshave beenpresentedby Volino
andMagnenat-Thalmann[21]. The fabric proper-
tiesemployedin theirsystemarenotonly nonlinear
but exhibit hystereticbehaviour.

3 Contrib utions

The method proposedhere makes the novel as-
sumptionthat the bestway to capturescenescon-
taining dynamiccloth motion is to �t a simulated
modelof the cloth to the observed data. This ap-
proachhasseveraladvantages.Firstly, partsof the
realcloth thataretemporarilyhiddenarestill mod-
elledby thesimulation.Secondly, no interpolation
of holeshasto be performed.Thirdly, sincea full
clothsimulationis implementedstrainreleaseasin-
troducedby White etal. [22] becomessuper�uous.
A full clothsimulationhastheadditionaladvantage
that the dynamicbehaviour of the textile is inte-
gratedautomaticallyinto thereconstruction.

Theresultingprocedurecanbedividedinto three
logically independentblocks. Their interrelation-
ship is summarisedin �gure 1. An optimisation
moduleattemptsto �t a simulatedpieceof 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-Reconstruction'modulefeedstheseinforma-
tionsinto the`Optimiser'. Thethird block,entitled
`Cloth Simulation',communicatescloselywith the
optimiser. Theoptimiserinstructsthecloth simula-
tion to evaluatea setof parameters.The resulting
errorvaluesarepassedbackto theoptimiserwhich
usesthemto choosethenext parameterset.

Tracking &
3D-Reconstruction

Cloth Simulation

Optimiser

Figure1: Overview

Unfortunately, even if the cloth simulationwas
ideal and the initial con�guration was known ex-
actly, thesimulationandtherealworld wouldeven-
tually diverge. This is a result of the inherently
chaoticbehaviour of cloth. This problem,which
was�rst pointedoutby ChoiandKo [5], is demon-
stratedin �gure 2. Consider, for example,thecross-
sectionof a cloth. If thecloth is compressedalong
its major axis it is unde�ned in which direction it
will buckle to evadethe stress.A minimal pertur-
bation of the con�guration can in this casecause
macroscopicallydifferent outcomes. The differ-
encesbetweenreal world andsimulationcanbe a
result of a numberof in�uences such as numer-
ical accuracy, inaccurateinitial condition, locally
varyingfabricproperties,coarsequantisationof the
cloth,or physicaleffectsthatarenotsimulated.

Several waysto handlethis dilemmacanbe de-
visedbut only onewasimplemented.

The problemcanbe solved by attachingvirtual
springsto pointsdetectedon thesimulatedsurface,
attractingthemto trackedworld spacecoordinates.
This techniqueis reasonablyfast and fairly easy
to implement. Nonetheless,it doeshasits draw-
backstoo. First of all it cannotbe dismissedthat
non-physical forcesareintroducedinto thesimula-
tion. Yet, if themagnitudeof theforceis keptsmall
enoughit is expectedthatnonegative impactcanbe
observed. On theotherhandif theattractionforces
aretoo small thenthedesiredeffect of in�uencing

?

Figure2: Instablecon�gurationscanarisein cloth
whenit is compressed.A smallforceactingon this
microscopicarrangementcan causemacroscopi-
cally signi�cantly differentoutcomes.

unstableconditionsmaynotbepresent.
Thenext dilemmaencounteredaftercommitting

to non-physical forcesis to decideon the type of
spring inserted. Regular linear or dampedlinear
springs as used in the cloth simulation increase
the force ~f proportionalto the distanced between
the point on the simulatedcloth and the marker
( ~f � d). This approachdoesnot provide for out-
liers. It would thusrequireadditionalhandlingand
moreimportantlydetectionof thesecasesif thesim-
ulation is to be preventedfrom being dominated
by outliers. Reciprocal( ~f � 1=d) or quadrati-
cally reciprocal forces ( ~f � 1=d2) do not have
this problemandautomaticallyprovide for outlier
rejection. Only, anothersensitive parameteris in-
troducedwhenentwiningtheseforcesinto thecloth
modelandunfortunately, it cannotbeoptimisedau-
tomatically becausegreaterattractionforces pro-
ducebetter�tting results.Thespringstiffness,how-
ever, shouldbe chosenas small as possiblewhile
in�uencing thesimulationsuf�ciently .

4 Tracking

In order to provide a set of points the simulation
canbeattractedto, thesepointshaveto beextracted
from the capturedvideos. Several variantsof two
fundamentallydifferent tracking approaches,one
working in world spaceandtheotheronein two di-
mensionalimagecoordinatesarecomparedin this
section.

First of all, a feature detectorand descriptor
have to be chosenthat allow the stable redetec-
tion and recognitionof featureseven in the pres-
enceof severe af�ne transformations. The Scale
Invariant FeatureTransform(SIFT) as introduced



by Lowe [13] was chosenbecauseof its invari-
anceto scaleandrotationandits excellentrobust-
nessto arbitraryaf�ne transformationswhile keep-
ing thedimensionof thefeaturedescriptorcompar-
atively low. So asa �rst stepto tracking,features
aredetectedin theLaplacepyramidandSIFT fea-
turedescriptionsarecomputedindependentlyonall
framesof all cameras.

For someof the trackingalgorithms,detailedin
thefollowing, it is essentialthat theinitial con�gu-
rationof thecloth is known. For all experimentsit
is assumedthat thecloth is originally resting�atly
on the ground. Thus, the initial con�guration can
be characterisedby the position of the cornersof
the fabric. Using this assumptionan unambiguous
mappingfrom cameracoordinatesinto world coor-
dinateswith y = 0 canbe de�ned. That way 2D-
coordinatesin cloth space(u; v) canbeassignedto
featuresdetectedin theinitial frame.Thesefeatures
in world space,derivedfrom differentcameras,can
thenbecombinedinto markersby combiningthose
with minimal SIFT descriptordifferences,whose
world coordinatesfall within somesmall �x ed ra-
diusof eachother.

Thesemarkerscanthenbereidenti�ed in subse-
quentframeseitherusingthe�rst frameastherefer-
enceorby trackingthemfromoneframeto thenext.
Eitherway theproblemis thatonly a smallnumber
of markers is left by the end of the sequence.In
the�rst casethedeformationof theclothcanbetoo
strongto reliably reidentify the exact samefeature
andin thesecondalternative featuresarelost grad-
ually. That is, if a marker could not be redetected
in thenext frameit is droppedandlost to all subse-
quentframes.

For these approachesseveral additional con-
straintscan be de�ned to improve tracking. The
primary goal of these�lters is to identify outliers,
mostof whicharearesultof confusinginstancesof
therepetitivepatternprintedon thecloth.

Restrictingthemaximumdistancea marker may
move betweenconsecutive frameseliminatesa few
spuriousmarkers.This�lter canbeappliedeitherin
world coordinatesto markersor in cameracoordi-
natesto featurestrackedfrom oneframeto thenext
or to both.

When identifying featuresto be combinedinto
markers the differencesof the SIFT descriptors
are the main criterion to be minimised. However,
several constraintscanbe developedwhich, when

Figure 3: 3D-markers are generatedby intersect-
ing raysshotfrom cameraorigins throughthecor-
respondingimageplanesinto thescene.

enforced,signi�cantly improve the results. Rays
castfrom cameraorigins throughthe correspond-
ing image planesidentifying featuresthat are to
be merged, ideally intersectat exactly one point
in world space. In practicehowever, due to inac-
curaciescapturingthe images,calculatingcamera
parameters,anddetectingthe features,they do not
necessarilydoso.For two involvedraystheclosest
pointson theselinescanbecomputedinstead.The
3D-marker is then placedin the middle between
their respective closestpoints. If more than two
featuresareinvolvedthemarker is, asvisualisedin
�gure 4, placedat theaverageof themiddlepoints
of the shortestconnectinglines of all possibleray
combinations.

An additional useful constraintcan be applied
whenat leastthreefeaturesareconsidered.Even
if the mutualminimum distancesbetweenall pos-
sible line pairs are small the averageof the mid-
dle points may be far apart. If this happensthe
generatedmarker point is not localisedvery accu-
ratelyin space.Thus,thevariancesof thesemiddle
pointsalongcoordinatesystemaxesareusedto re-
ject spreadoutmarkers.

4.1 2D-Tracking

Due to the excessive lossof markerswhich is pri-
marily a result of the dif�culty of combiningfea-
turesfrom differentcamerasa differentapproachis
describedherewhich completelyavoids this step.
Thedif�culty of identifying featuresbetweencam-
erasis predominantlyaresultof thelargeanglesbe-
tweentheutilisedcameraswhichcausessubstantial
changesto the local featuredescriptorswhenthey



aretransformedfrom onecamerainto another.
Thus,a differentclassof approachesis proposed

herewhich entirelyomits theexplicit formationof
3D-markers. The result is that considerablymore
featurescanbetracked.Althougheachof themonly
constrainsa point on thecloth's surfaceto lie on a
ray, theincreasednumberof featuresandthuscon-
straintsimprovestheresultnonetheless.

The procedureworks as follows: For the �rst
frame the samemethodfor identifying the cloth-
spacecoordinatesof the identi�ed featuresis used
as introduced above for the three dimensional
tracker. Namely, undertheassumptionthatthecloth
is lying �at onthegroundanunambiguoustransfor-
mationfrom cameracoordinatesinto cloth-spaceis
computedandcloth coordinatesareassignedto all
featuresidenti�ed in theframe.

Due to the weaker constraintof this algorithm
a possibly less intuitive approachhasto be taken
when calculating attraction forces. Simulated
pointsarenot attractedto �x ed world coordinates
any morebut to arbitraryraysin world space.How-
ever, whenusingPlücker Coordinatesto represent
thefeatureraysthecalculationof forcesperpendic-
ular to theseraysbecomesachievable. Assumefor
examplethattheray, a featureat world coordinates
~p is attractedto, in Plücker Coordinatesis repre-
sentedby a normaliseddirection ~d0 anda moment
~m0 . Theshortestvector~v pointingfrom theray to

thepoint canthensimplybecalculatedby

~v = ( ~m0 � ~p � ~d0) � ~d0

As interestpointsthataretrackedarenot necessar-
ily locatedat the positionsof masspoints of the
cloth simulation,forcesactingon themhave to be
distributedto thesurroundingmasspoints. Let ! 1 ,
! 2 , and! 3 representthebarycentriccoordinatesof
a point containedin a triangleand ~x1 , ~x2 , and ~x3

the cornersof the trianglethenthe positionof the
point~x canbeexpressedas

~x = ! 1 � ~x1 + ! 2 � ~x2 + ! 3 � ~x3

Theforce ~f canbedistributedcontinuouslyto trian-
gle cornersasvisualisedin �gure 4 andsuggested
by Bridson etal. in [4] in the context of collision
handling

~f i = ! i
2~f

1 + ! 2
1 + ! 2

2 + ! 2
3

i 2 1; 2; 3

Figure4: Forcesactingon pointson thesimulated
cloth's surfacehave to bedistributedto thecorners
of thesurroundingtriangle.

4.2 uv-lessTracking

The2D-trackingtechniquedescribedabove canbe
further generalisedby skipping the initialisation
step.Thatmeansthe2D-coordinatesu; v of a fea-
tureonthesurfaceof theclotharenotknown during
tracking. This constrainton the one handsigni�-
cantly decreasesthe complexity of the tracker be-
causeit hasto work onconsecutive framesonly. So
any sparseoptical�o w algorithmis suitablefor cal-
culatingtheattractions.

On the other hand the complexity riseson the
cloth simulationsideas it is no longerpossibleto
attract�x ed cloth coordinatesto 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 collisiondetection,ray-
triangleintersectionscanef�ciently becalculatedas
describedby Mahovsky andWyvill in [14].

4.3 Results

Figures5 and6 display the numberof featuresor
markerstrackedwith differentalgorithmsof a typi-
calsequence.While theproceduresin �gure 5 track
pointsin three-dimensionalworld coordinatesthose
displayedin �gure 6 track them independentlyin
everyview.

The algorithm here called `referencetracking'
detectsfeaturesin the �rst frame, combinesthem
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Figure6: Numberof featurestrackedin 2D

into markersandthenattemptsto detectthesemark-
ers by identifying their SIFT-descriptorsin sub-
sequentframessimilar to the approachPritchard
and Heidrich take in [17]. Unfortunately, due to
the strongdeformationof the cloth and the repet-
itive patternof the cloth only few markerscanbe
recognised. By tracking from one frame to the
next slightly betterresultscanbe achieved. How-
ever, theattainableresultsarestill not satisfactory.
This changeswhenmorethanonereferenceframe
is used. The method`multitrack' usesthe last 20
framesasa referencefor the currentframewhich
explains the warm-upperiod observed 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
trackthemthroughoutthewholesequencetheother
two trackers track featuresfrom one frame to the

next independentof whether thesefeatureswere
previously detectedor not. Thewell-known Lucas
Kanadetracker seemsto perform bestbut, unfor-
tunately, featuresthat get coveredby folds arenot
droppedbut accumulatealongthecrestsof thefolds
asshown in �gure 7.

Figure 7: Featurestracked by the LucasKanade
tracker accumulatealong folds insteadof being
dropped.

5 Optimisation

In thissectiontheemployedoptimisationstrategy is
introducedandoverall resultsof theproposedtech-
niquearepresented.

While fabricpropertiesobviously do not change
during a sequencethe positionsof the constrained
pointsof thecloth arevalid for a singleframeonly.
Consequently, a two layeredoptimisationstrategy
asdisplayedin �gure 8 is chosen.In theouterloop
sceneparameters,that is parametersthat arescene
invariant,areoptimised. The inner loop optimises
parametersthatchangeevery frame. Both optimis-
ersemploy asynchronousparallelpatternsearchas
describedby Kolda[11].

Parameters
Frame

Simulator
Scene

Optimiser
Frame

Parameters

Optimiser

Scene

Figure8: Two layeredoptimisation



The error function employed in the inner opti-
misationloop is calculatedby summingthediffer-
encesbetweenthesilhouettesof thesimulatedcloth
and the measuredsilhouettesof all usedcameras.
The outeroptimisationusesan error function that
simply sumsthe error of the inner function for all
frames.

As the cloth is initially lying �at on the ground
it is easy to apply a simulated annealingopti-
miser[16] to �nding theinitial positionof thesim-
ulatedcloth.

It is assumedthat the initial conditionof theac-
tual optimisationrun is known a priory. It is also
assumedthat the basicexperimentsuchas `lift at
one corner' is known. This is unfortunatelynec-
essarybecausethe positionsof the points that are
lifted or draggedhave to be addedto the local set
of parametersandmustbemarkedto beimmovable
by theclothsimulation.

5.1 Results

In �gures 9 and10 the residualerrorsareshown.
The resultswere obtainedemploying different at-
tractionforcesnormalisedto theerrorattainedwhen
optimisingwithoutusingattractionforces.
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Figure 9: Residual error of optimisation using
quadraticreciprocalattractionforcesnormalisedby
theoptimisationerrorusingnoattractionforces.

It is apparentthat usingattractionforcesresults
in all casesin better �ts than without them. The
oneexceptionin �gure 9 is probablya resultof the
optimiser's inability to �nd abettersolution.In �g-
ure10somecon�gurationsaremissingbecausethe
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Figure10: Residualerrorof optimisationusinglin-
earattractionforcesnormalisedby theoptimisation
errorusingnoattractionforces.

simulation sometimesbecomesinstable if strong
linear attractionforcesareemployed. Whencom-
paring�gures 9 and10 it becomesapparentthatthe
linear attractionforcesproducesigni�cantly better
�tting resultsbut strongattractionforces,in particu-
lar thelinearvariant,negatively in�uencestheabil-
ity of the systemto estimateunderlyinggeometry.
This is not a problemfor thecurrentprojectbut for
futureresearchthis is acritical feature.

6 Conclusion

In this paperan analysis-by-synthesisframework
was introducedthat demonstratedits applicability
to tracking simple textiles. During development
specialcarewas taken that the systemcan easily
beextendedto moregeneraltrackingproblemsthan
wereinvestigatedhere.Theperformanceof a num-
ber of different trackingalgorithmswasevaluated
anda few wereappliedto supportingtheoptimisa-
tion processby introducingdifferentnon-physical
forcesinto thesimulation.

Overall, the proposedprocedureis deemedsuc-
cessfulasthetrackingresultsarevisuallyappealing
(see�gure 11). Only the optimisationis computa-
tionally tooexpensiveandin somecasesthesimula-
tion becomesunstableif strongattractionforcesare
employed. A singleoptimisationtakesfrom 10hto
30h if it is run in parallelon 7 AMD Opteronpro-
cessorsat 2.2GHz.Sofurthereffort will have to go
into improving thespeedof theprocedure.



References

[1] D. Baraff and A. Witkin. Large steps in
clothsimulation.In Proceedingsof ACM SIG-
GRAPH98, pages43–54.ACM Press,1998.

[2] K. Bhat, C. Twigg, J. Hodgins, P. Khosla,
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(a) camera2 (b) camera4

(c) silhouettedifferenceof camera2 (d) silhouettedifferenceof camera4

(e) reconstructedcloth (approx.camera2) (f) reconstructedcloth (approx.camera4)

Figure11: Reconstructionof two views


