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Abstract

Generatingrealisticanimationsof passive dynamicsystemssuchasrigid bodies,cloth
and�uids is an importantproblemin computergraphics. Although several techniquesfor
animatingthesephenomenahave beendeveloped,achieving the level of realismexhibited
by objectsin the real world hasproved to be incredibly hard. We argue,therefore,that an
effective methodfor increasingtherealismof thesetypesof computeranimationsis to infer
the behavior of real phenomenafrom video. This thesispresentstwo techniquesfor using
video to createrealistic animationsof phenomenasuchas rigid bodies,cloth, waterfalls,
streams,smoke and�re.

The�rst technique,inversesimulation,estimatestheparametersof physicalsimulations
from video.Physicalsimulationtechniquesarewidely usedin computergraphicsto generate
animationsof passivephenomenonusingphysicallawsandnumericalintegrationtechniques.
Thebehavior of a physicalsimulatoris governedby a setof parameters,typically speci�ed
by the animator. However, directly tuning the physicalparametersof complex simulations
like rigid bodiesor cloth to achieve a desiredmotionis oftencumbersomeandnonintuitive.
Theinversesimulationframework usesoptimizationto automaticallyestimatethesimulation
parametersfrom videosequencesobtainedfrom simplecalibrationexperiments(e.g.,throw-
ing a rigid body, waving a swatchof fabric). This framework hasthreekey components:(1)
developinga physicalmodelthat accuratelycapturesthe dynamicsof the phenomena,(2)
developinga metric that comparesthe simulatedmotion with video and(3) applyingopti-
mizationto �nd simulationparametersthatminimizethechosenmetric. To demonstratethe
power of this approach,we apply this framework to �nd the parametersfor tumbling rigid
bodiesandfor four differentfabrics.

Thesecondtechniquepresentsavideoeditingframework for creatingphotorealisticani-
mationsof naturalphenomenasuchaswaterfalls by directlyeditingreferencevideofootage.
Our algorithmanalyzesthedynamicsandappearanceof texturedparticlesin theinput video
alonguser-speci�ed �ow lines, andsynthesizesseamlessin�nite videoby continuouslygen-
eratingparticlesalongthe�o w lines. Theusercanthenedit thevideoby manipulating�o w
lines from theoriginal footage.Thealgorithmis simpleto implementanduse. We applied
this techniqueto performsigni�cant editsto thevideo.For example,wewereableto change
theterrainof a waterfall, addobstaclesalongthe�o w andaddwind to smoke and�ames, to
demonstratetheeditingcapabilityof ourapproach.

The resultsfrom thesetwo techniquesdemonstratethe effectivenessof usingvideo to
improve therealismof computeranimations.Our experiencewith applyinginversesimula-
tion for clothresultedin improvementsto existingclothmodelsandproducedanimationsthat
matchedtherealismof real fabrics.Our researchon �o w-basedmodellingproducedsimple
onedimensionalparticlemodelsthatenableanimatingawidevarietyof naturalphenomena.
We hopethat themethodsdevelopedin this thesisprovide usefulinsightsinto how realistic
animationsfor otherdomainsmightbedesigned.
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fessorZoranPopović collaboratedwith meon the�rst partof my thesiswork, andI
amthankfulfor theirguidanceandhelp.Dr. Al Rizzi andDavid Tolliverhavehelped
me on numerousoccasionswith insightful commentsand feedback. The weekly
graphicslabmeetinghasbeenacontinualsourceof inspirationfor clearthinkingand
academiccamaraderie.My colleaguesat theCMU graphicslab, theRoboticsInsti-
tute andUniversityof Washingtonhave helpedme in innumerableways,technical
andsocial,andmademy graduateschoolexperienceveryenjoyable.

I am eternallyindebtedto my parents,Srinivas,Jayasreeandmy sister, Preethi
for their endlesslove andsupport.My parentsnurturedmy interestin science,and
inspiredmeto pursuea PhD.I amalsodeeplygratefulto Payal for hercompanion-
ship andencouragement,and for making the last yearof my graduatestudy truly
enjoyable.

2



Contents

1 Intr oduction 15
1.1 InverseSimulation . . . . . . . . . . . . . . . . . . . . . . . . . . 16
1.2 Flow-BasedVideoEditing . . . . . . . . . . . . . . . . . . . . . . 17
1.3 Applications. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2 InverseSimulation Techniques 22
2.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.2 RelatedWork . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
2.3 CapturingRigid BodyParameters . . . . . . . . . . . . . . . . . . 27

2.3.1 PriorWork . . . . . . . . . . . . . . . . . . . . . . . . . . 27
2.3.2 Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
2.3.3 Metricsfrom video . . . . . . . . . . . . . . . . . . . . . . 30
2.3.4 Optimization . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.3.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.4 CapturingClothSimulationParameters . . . . . . . . . . . . . . . 39
2.4.1 PriorWork . . . . . . . . . . . . . . . . . . . . . . . . . . 40
2.4.2 ClothModel . . . . . . . . . . . . . . . . . . . . . . . . . 41
2.4.3 Metricsfrom Video . . . . . . . . . . . . . . . . . . . . . . 43
2.4.4 ParameterIdenti�cation . . . . . . . . . . . . . . . . . . . 46
2.4.5 OptimizationFramework . . . . . . . . . . . . . . . . . . . 47
2.4.6 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . 48
2.4.7 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

2.5 Animationby InverseSimulation. . . . . . . . . . . . . . . . . . . 53
2.6 Discussion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3 Animation by Video Editing 67
3.1 RelatedWork . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
3.2 SynthesizingIn�nite Sequences . . . . . . . . . . . . . . . . . . . 72

3.2.1 A Brief TutorialOn ParticleSystems . . . . . . . . . . . . 72
3.2.2 ModellingVideoUsingParticles. . . . . . . . . . . . . . . 73

3



3.2.3 SynthesisResults. . . . . . . . . . . . . . . . . . . . . . . 79
3.3 Editing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

3.3.1 EditingResults . . . . . . . . . . . . . . . . . . . . . . . . 91
3.4 Physics-BasedFlow Lines . . . . . . . . . . . . . . . . . . . . . . 91
3.5 Discussion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4 Conclusions 99
4.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
4.2 FutureWork . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

4.2.1 InverseSimulation . . . . . . . . . . . . . . . . . . . . . . 101
4.2.2 VideoEditing . . . . . . . . . . . . . . . . . . . . . . . . . 103

4.3 Comparisonof video-basedanimationmethods . . . . . . . . . . . 105

4



List of Figures

1.1 Capturingthebehavior of realphenomenain videofor creatingnew
animations.The top row shows a realisticskirt simulation(on the
right) createdfrom avideoof anartistwaving aswatchof realfabric.
Thebottomrow showsaneditedwaterfall (ontheright) createdfrom
ashortclip of a realwaterfall on theleft. . . . . . . . . . . . . . . . 16

1.2 Thestepsof theinversesimulationframework appliedto cloth. The
top �gure shows a block diagramfor parameteridenti�cation using
optimization. Imagesfrom real experiments(waving a swatch of
fabric) arecomparedto imagesof a simulationusinga metric that
penalizesthe mismatchin their folds. The parametersof the simu-
lation areupdatedby anoptimizationroutine(simulatedannealing)
until themetricerroris minimized.Thebottom�gure showstheval-
idation resultsfor skirt simulations. The skirt simulationsusethe
optimizedparametersobtainedfrom the fabric swatch. The corre-
spondingframesfrom a realskirt madeof thesamematerial,driven
by approximatelythesamehumanmotionareshown for comparison. 18

1.3 The stepsof our video editing framework for creatingrealisticani-
mations.First, theanimatorsketchesa setof blue �o w lineson the
input video. These�o w linescapturetheanimator's intuition about
the�o w of particlesin thevideo.To createanew waterfall with two
extra channels,theanimatorsketchestheoutput�o w linesshown in
red,andspeci�es the correspondencebetweenthe outputandinput
�o w lines. Our algorithmautomaticallygeneratesan in�nitely long
editedvideo,oneframeof which is shown. . . . . . . . . . . . . . 19

2.1 Forwardandinversesimulationtechniques. . . . . . . . . . . . . . 23

2.2 Block diagramof parameteridenti�cation usingthe inversesimula-
tion framework. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

5



2.3 Illustratingthedifferencesbetweenparameterestimationusingopti-
mization(left) andaKalman�lter (right) onasimplistic2D example.
The input datais the trajectoryof a point massin free �ight, cor-
ruptedwith gaussiannoise.Our optimizationalgorithmusesall the
datapointssimultaneouslyto �t a paththat globally satis�esphys-
ical laws; in this simplecase,a parabolicpath. The Kalman �lter
processesthedatasequentiallyand�ts ahigherordercurve to thedata. 29

2.4 Two differentmethodsof comparingsilhouettes.Left: (a) Counting
thenumberof mismatchedpixelscorrespondsto theareawithin the
silhouettesbut outsidethe black region. Right: (b) Computingthe
distancebetweenclosestpixel pairs(minimumL2 distance)from the
two silhouetteedges(shown asred stripesin the �gure). We show
only a few closestpixel pairsin this �gure (for clarity)—themetric
computesthedistancefor all thepixel pairsfrom the two silhouette
edges. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.5 Computingtheparametersof aT-shapedobjectthrown in theair. The
�rst row (a)showsa few framesfrom thevideo(right to left) andthe
correspondingphysicalsimulationgeneratedby our algorithm. The
boundingboxesfrom simulationaresuperimposedover thevideoto
show thematch.Thesmallsquareboxesindicatethetrajectoryof a
cornerpoint in video. Thethin line indicatesthemotionof thecor-
respondingcornerin simulation. Row (b) shows the resultsof the
algorithmat differentstagesof optimization. Notice that thematch
improvesasthenumberof iterationsincreases.Row (c) highlightsa
limitation of thesilhouettebasedmetric. Notethatalthoughtheori-
entationof thesimulatedobjectis �ipped relative to therealobject,
they bothhavesimilar silhouettes. . . . . . . . . . . . . . . . . . . 35

2.6 Predictingthemotionof objectsin free�ight in video.The�rst row
shows a long sequenceof an object thrown from right to left. We
selecta portionof this sequenceandmatchits motionin simulation.
Thesecondrow showsaportionof theoriginal clip containedinside
the yellow box, andthe correspondingframesof a simulation. We
usetheseparametersto predict the motion of the tumbling object
acrossthewholesequence.. . . . . . . . . . . . . . . . . . . . . . 36

2.7 Predictingthemotionof anobjectin acomplicatedtumblingpattern
(top row). Thesecondrow shows thematchbetweenasmallportion
of thevideoclip andasimulation.Thesimulationmatchesthevideo
quitewell for theframeson which it optimized,but thesmallerrors
propagateto largererrorsin thepredictedframes. . . . . . . . . . . 37

6



2.8 Using rigid-body motion estimationto correctfor cameraroll. An
objectis thrown in the air from left to right (top row) andcaptured
from a video camerawith signi�cant roll. The video is dif�cult to
watch becauseof the imagerotation. The motion of the object is
estimated(middle row), aswell as the cameraroll (de�ned by the
orientationwith respectto the gravity direction). The video frames
areautomaticallyrecti�ed to correctfor thecameraroll. . . . . . . . 38

2.9 Top Row: Input light stripedimage. Bottom Row (left to right):
anglemapandgradientmask. . . . . . . . . . . . . . . . . . . . . 45

2.10 Thestagesin themetricpipeline.Top row (left to right): Angle map
from video,anglemapfrom simulation. Bottomrow (left to right):
anglemapdifference,�nal metric value for this frame(anglemap
differencemultipliedby gradientmaskfrom video). . . . . . . . . . 46

2.11 This plot shows anglemaperror asa function of bendandstretch
stiffnessparameters.Dark areasindicateregionsof small errorand
bright areascorrespondto large errors.Note that thespaceis fairly
noisy. Theminimumfoundby theoptimizeris containedin thelarge
darkregion in thelowerportionof theplot. . . . . . . . . . . . . . 47

2.12 Progressof thesimulatedannealingoptimizerasmeasuredby error.
Thetemperaturedecreaseis governedby ageometriccoolingschedule.48

2.13 Thestatictestwith four realfabrics.Top cornerseparationis identi-
calacrossall four fabrics. . . . . . . . . . . . . . . . . . . . . . . . 49

2.14 Threeframesfrom thewaving testfor satin. . . . . . . . . . . . . . 49
2.15 Resultsof optimizationfor thestatictest,trial 1. Toprow: realfabrics

(left to right) linen, �eece, satinandknit. Bottomrow: Correspond-
ing fabricsin simulation. . . . . . . . . . . . . . . . . . . . . . . . 51

2.16 Resultsof optimizationfor thestatictest,trial 2. Top row: real fab-
rics. Bottomrow: Correspondingfabricsin simulation. . . . . . . . 51

2.17 Waving resultsfor satin.Thetoppicturein eachblockshowsthereal
fabricandthebottomshowsthecorrespondingframefrom simulation. 54

2.18 Barchartsshowing thevariability analysisresultsfor thewaving test.
From left to right: linen, �eece, satin andknit. Legend: 1=bend,
2=stretch,3=shear, 4=benddamping,5=stretchdamping,6=shear
damping,7=lineardrag,8=quadraticdrag,9=dragdegradation.. . . 56

2.19 Showing the improvementin shapematchafter optimization. The
toprow comparesavideoframeof �eecewith simulationbeforeopti-
mization.Thebottomrow showsthecorrespondingvideo/simulation
pair afteroptimization. . . . . . . . . . . . . . . . . . . . . . . . . 57

7
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andafteroptimization.Top Row (BeforeOptimization,from left to
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Chapter 1

Intr oduction

Creatingrealistic animationshasbeena greatchallengein computergraphicsfor
the last two decades.Despitemany advancesin modelling,animationandrender-
ing techniques,generatingrealistic animatedmotion hasproved to be incredibly
hard.In orderto createbelievablecomputeranimations,weneedrealisticsecondary
motionsof commonbackgroundelementssuchas rigid bodies,cloth, leaves,and
smoke [OZH00]. Compellingsecondarymotionsaddrichnessto the scene,natu-
ralnessto the action and give a fuller dimensionto the personalityof the charac-
ter [TJ84]. This thesisfocusseson techniquesfor creatingrealisticanimationsof a
wide rangeof secondarymotions:tumblingrigid bodies,fabricsof differentmateri-
als,waterfalls, �re andsmokeblowing in thewind.

We arguethat a direct way of creatingrealisticanimationsof suchphenomena
is to designalgorithmsthat infer thebehavior of realphenomena(e.g.,cloth, �uids)
capturedin video. In its most basicform, the ideaof usingvideo as referenceis
known asrotoscoping[Fle17], wherean animatortracesover �lm or video frames
capturedasreference.Butbeyondreproducingtheoriginalmotion,ourobjectiveis to
generatenew animationsthatcapturethecharacteristicsof theoriginalphenomenon,
but canbecontrolledto meetanartist's or director's goals.For example,we would
like to createanimationsof a dancerwearinga �eece skirt from a video clip of a
�eece swatch(�gure 1.1(a)).In a differentsetting,shown in �gure 1.1(b),wewould
like to modify the terrainof a realwaterfall in video to createa new waterfall with
two extrachannels.Thisthesispresentstwo methodsthatusevideoto createrealistic
animationsfor thesetwo differentscenarios.

Physicallybasedsimulationtechniqueshave beenwidely usedfor automatically
generatingthe secondarymotionsof passive phenomenasuchas rigid bodiesand
cloth. Onetechniquefor creatingrealisticanimationsfor thescenarioin �gure 1.1(a)
is to tunethe parametersof a physicalsimulationto matchreal video footage. We
call this techniqueinversesimulation. An alternative techniqueis to directly model
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(a)

(b)

Figure 1.1: Capturingthe behavior of real phenomenain video for creatingnew
animations.Thetoprow showsarealisticskirt simulation(ontheright) createdfrom
a videoof anartistwaving a swatchof real fabric. Thebottomrow shows anedited
waterfall (on theright) createdfrom a shortclip of a realwaterfall on theleft.

the motion of pixels in video, and usethis model to synthesizenew video. This
techniqueis ideally suitedfor examplesof naturalphenomenasuchasthewaterfall
in �gure 1.1(b),wherethecorrectdynamicsaredif�cult to simulate,but it is easyfor
apersonto sketchout rough�o w lineson theimageandmanipulatethese�o w lines
to producenew video.Wecall this technique�ow-basedvideoediting.

1.1 InverseSimulation

Thisthesisis organizedinto two partscorrespondingto thesetwo techniques:inverse
simulationand�o w-basedvideoediting.The�rst partdevelopsageneralframework
for estimatingparametersof physicalsimulationsfrom videoclips of real phenom-
ena.With theright setof parameters,goodsimulatorsproducevery realisticlooking
motion. However, manuallychoosingthe parametersthat will provide a particular
appearanceis still a timeconsumingtaskbecausetheanimatorhasto re-runthesim-
ulation andview it for eachsetof parameters.Even harderis the taskof exactly
matchinga simulationto a videosequenceof therealworld. For example,somepa-
rametersin a cloth simulationcanbechosenbasedon theanimator's intuition about
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the fabric—aknit fabric is morestretchythana wovenfabric suchaslinen, for ex-
ample.But notall theparametersof aclothsimulatorareintuitiveor mapdirectly to
measurementsthatcanmadeby asystemsuchastheKawabatasystem[Kaw80]. For
example,guessingthedynamicparameterssuchasdampingor air dragis verydif�-
cult becausethesimulatedmotionis affectedby thechoiceof numericalintegration
scheme.On theotherhand,it is easyto �lm a videosequenceof differenttypesof
fabricsin motion.We presentaninversesimulationframework for automaticallyes-
timatingtheparametersof physicalsimulationsfrom video.Weusedthis framework
to identify theparametersof rigid bodyandclothsimulations.

Parameteridenti�cation from videois achallengingproblembecausevideodoes
not directly provide threedimensional(3D) shapeor motion information of real
phenomena.While recentadvancesin computervision enableestimatinggeome-
try rapidly andef�ciently [TK92, MT93, ZCS02, HK03], existing methodsdo not
allow the computationof physicalparameterssuchasstiffnessor dampingin this
manner. Our researchshows that a setof perceptualfeaturesextractedfrom video
hassuf�cient informationto estimatetheparametersof physicalsimulations.

The inversesimulationframework, basedon optimization,hasthreekey steps
(�gure 1.2): (1) developinga physicalmodelfor thesystemdynamicsthatcaptures
thecomplexity of themotion,(2) developinga metricto comparethesimulatedmo-
tion with videoand(3) searchingtheparameterspaceusingoptimizationto �nd the
bestsetof parameters.We validatethe estimatedparametersby applyingthemto
new dynamicconditionsin simulationandcomparingthesimulatedresultsto video.
For example,weuseourparameterestimates—obtainedby waving asmallswatchof
fabricin front of a camera—tocreateananimationof a dancerwearinga skirt made
of thesamematerial.

1.2 Flow-BasedVideoEditing

Thesecondpartof thethesisfocussesontechniquesfor animating�uid-lik ephenom-
enasuchaswaterfalls, streams,smoke and�re from referencevideoclips. Givena
video sequenceof a real phenomenalike a waterfall (or smoke or �re), our objec-
tive is to capturethe motion andappearanceof the waterfall andcreatenew video
of waterfalls thatwe cancontrol. We presenta �o w-basedvideoeditingframework
for creatingphotorealisticanimationsby directlyeditingthereferencevideofootage.
For example,avideosequenceof Niagarafallscanbeeditedto createanew waterfall
thatis twiceasbig asNiagara.

Editing referencefootageto createphotorealisticanimationis quite challeng-
ing. Althoughseveralgoodtechniquesexist for editing images[HJO+ 01, KSE+ 03,
EF01],noneof themextendwell to videobecausethesetechniques,appliedframe-
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Figure 1.2: The stepsof the inversesimulationframework appliedto cloth. The
top �gure shows a block diagramfor parameteridenti�cation using optimization.
Imagesfrom realexperiments(waving aswatchof fabric)arecomparedto imagesof
asimulationusingametricthatpenalizesthemismatchin theirfolds. Theparameters
of thesimulationareupdatedby anoptimizationroutine(simulatedannealing)until
themetricerroris minimized.Thebottom�gure showsthevalidationresultsfor skirt
simulations.The skirt simulationsusethe optimizedparametersobtainedfrom the
fabricswatch.Thecorrespondingframesfrom arealskirt madeof thesamematerial,
drivenby approximatelythesamehumanmotionareshown for comparison.
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Figure1.3: The stepsof our video editing framework for creatingrealisticanima-
tions. First, theanimatorsketchesa setof blue�o w lineson theinput video. These
�o w linescapturetheanimator's intuition aboutthe�o w of particlesin thevideo.To
createanew waterfall with two extrachannels,theanimatorsketchestheoutput�o w
lines shown in red, andspeci�es the correspondencebetweenthe outputandinput
�o w lines. Our algorithm automaticallygeneratesan in�nitely long editedvideo,
oneframeof which is shown.

by-frame,do notguaranteetemporalconsistency (pixel colorsin consecutive frames
may vary signi�cantly). Most prior work in video synthesis[DCSW03,KSE+ 03,
SSSE00] has focussedon creatingin�nite sequencesfrom video, with very little
effort on editing video, barringa few exceptions[DS03]. Our editing framework
leveragesthe animator's intuition aboutthe �o w of particlesin video to modelthe
input sequenceandspecifyedits.

The two main stepsof the video editing framework are (1) modelling the in-
put videoasa particlesystemalonginput �o w linesand(2) synthesizingtheedited
sequenceby generatingparticlesalongtheoutput�o w lines(�gure 1.3). In our im-
plementation,the input and output �o w lines are speci�ed by an animator. This
techniqueworksoncomplex naturalphenomenasuchaswaterfalls,streams,�re and
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smoke thatexhibit a continuous�o w of particlesalongconstant�o w directions.We
demonstratethepowerof thisapproachwith awide rangeof edits:changingtheter-
rainof awaterfall, addingwind to sequencesof smokeand�re andaddingobstacles
to astream.

The two video-basedtechniquespresentedin this thesisareappropriatefor dif-
ferentclassesof problems.The inversesimulationframework is ideally suitedfor
phenomenasuchasrigid bodiesandcloth whosedynamicsareaccuratelymodelled
usingasmallsetof parameters.Moreover, it is easyto obtainvideofootagefor these
phenomenafrom controlledexperiments.However, extendingtheinversesimulation
framework to morecomplex phenomenais dif�cult becausewe needcustomsimu-
latorsfor eachtype of phenomena(e.g.,smoke, water, �re). Moreover, in orderto
matchreal world measurements,physicalsimulatorswould requireprecisemodels
for wind andotherexternalforces,signi�cantly increasingthenumberof parameters
to be optimized. For thesephenomena,�o w-basedvideo editing presentsa simple
andeffectivealternativeto physicalsimulation.Our �o w-basedinterfaceprovidesan
intuitive interfacefor creatingcontrollableanimationsof naturalphenomena.How-
ever, theinformationlearnedfrom onesequenceusingthe�o w-basedapproachmay
notgeneralizeto othersequencesor new scenario.

1.3 Applications

Creatingrealistic animationsof commonpassive objectsusing video footagehas
direct applicationsin entertainment,science,technologyand medicine. Here, we
discussa few of thepotentiallong termapplications:

Visual Effectsand Computer Games: Physicallybasedsimulationtechniquesare
very populartechniquesfor animatingsecondarymotion in moviesandgames.For
example,the motion of Yoda's costumein Star Wars: EpisodeII wascreatedus-
ing physicalsimulations. Automatic techniquesfor parameteridenti�cation from
realfootageshouldincreasetherealismof physicalsimulations,andwill reducethe
manualtime spenton tuning their parameters.Our �o w-basedframework couldbe
potentiallyusedto increasetherealismof scalemodelsof naturalphenomenasuch
aswaterfalls in studios,for example,by addingmist from realwaterfalls.

Medicine: Mathematicalmodelsof humantissuehavebeendevelopedto simulate
organsandanalyzetheconditionsfor variousdisorders.Applying inversesimulation
techniquesto obtain accuratesimulationparametersshouldhelp doctorsto locate
the plausiblestressesin the tissuesthey are surveying. For example,Eysholdtet
al. [ERH03] useendoscopy videoof thevocalchordsto analyzespeakingdisorders
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in humansby estimatingtheforceproductionin thelarynx. Moreover, realisticren-
deringof humantissueusingdatafrom realvideofootagecouldsigni�cantly increase
theusefulnessof simulationsfor surgical training.

Web commerce: Accuratephysicalmodelsof real objectswill be bene�cial to
web-basedcommerceandinteraction.Onepotentialapplicationis onlineshopping
storeswherecustomerscan try out fabricsof differentmaterialon virtual avatars.
Thematerialparametersfor thedifferentfabricscouldbeobtainedapriori usingour
inversesimulationframework.

Homevideoediting: Techniquesfor creatingcompellinganimationsbyvideoedit-
ing couldallow amateurartiststo prototypetheir ideasby modifying existing video
footage.Suchsoftwarewould alsohave potentialfor homevideoediting,allowing
usersto createnew videoby selectively cuttingandpastingportionsfrom different
clips.

This thesisis organizedas follows: chapter2 presentsthe inversesimulation
framework for capturingsimulationparametersof rigid bodiesandcloth. Chapter3
discussesthe video editing framework for creatingphotorealisticanimationsfrom
shortvideoclips. Finally, in chapter4, we concludewith a discussionon thecontri-
butionsandlimitationsof thetwo techniques,anddirectionsfor futureresearch.
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Chapter 2

InverseSimulation Techniques

Physicallybasedsimulationtechniquesareoftenusedfor generatingrealisticanima-
tions of complex physicalbehavior suchascolliding rigid bodies[Bar94, MC95],
folding cloth [BW98, BFA02, BWK03, CK02], rising smoke [FSJ01],burning �re
[LF02] andsplashingwater[Sta99,FF01]. An attractive featureof physicalsimu-
lation is that the animationis generatedautomatically—theanimatoronly needsto
specifya few physicalparameters.This featurehasmadesimulationsaverypopular
tool for animatingsecondarymotionsin computergamesandmovies.

Theprimarydrawbackof physicalsimulations,however, is the lack of intuitive
control over the resultinganimation.For example,an animatormight have to sim-
ulatea skirt thatmovesandrespondslike satin. But, thereis no easyway to guess
thestaticanddynamicparametersof acloth simulatorthatmightachieve thiseffect.
Adjustingthesimulationparametersmanuallyto achieve a desiredoutcomeis often
tediousandnonintuitive.An automaticsolutionto theparameterestimationproblem
is oneof themainchallengesin computergraphics[TPB+ 89]. Theobjective of the
�rst partof this thesisis to automaticallyinfer thesimulationparametersfrom video.

Figure2.1(a)showsablockdiagramrepresentationof aphysicalsimulation.The
term forward simulationrefersto the processof numericallyintegratingthe math-
ematicalmodel for a given setof parameters.The inverseof this step,wherethe
parametersof thesimulationareestimatedfrom statemeasurements,is typically re-
ferredto asinversesimulation(�gure 2.1(b)). This thesispresentsan inversesim-
ulation framework basedon optimizationthat usesvideo measurements.We have
appliedthis techniqueto estimatethemodelparametersof rigid bodyandcloth sim-
ulators. The video usedin our framework is obtainedfrom laboratoryexperiments
(usingtumblingrigid bodiesor swatchesof fabrics)thataredesignedto exercisethe
differentbehaviorsof thephysicalsystem.Our framework usesa temporalsequence
of imagefeatures(silhouetteandshape)derived from video for parameteridenti�-
cation. We validatethe estimatedparametersto ensurethat they generalizeto new
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Figure2.1: Forwardandinversesimulationtechniques.

simulationsettings.
Theparameteridenti�cation algorithmoptimizesthesimulationparameterssuch

that therenderedsimulationmatchesthevideocapturedfrom thecontrolledexperi-
ments.We useperceptuallymotivatedmetricsto evaluatethematchbetweenvideo
sequencesfrom simulationandrealexperiments.Thedesignof thesemetricsfrom
video is animportantcontribution of our thesis.Metricsevaluatethevisual realism
of simulationsby scoringthembasedon theirmatchwith realvideo.Equallyimpor-
tant is thedesignof the(real)experiments,which providesthereferencevideo. The
experimentsaredesignedsuchthatthey aresimple,repeatableandeasyto setup (in
reality andin simulation),yet capturethecomplexity of thedynamics.For example,
wewavedswatchesof fabricsof differentmaterialin front of acamerato capturethe
simulationparametersof differentfabrics.

The next sectionpresentsa brief overview of the inversesimulationframework
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for capturingparametersusingoptimization. We introducethevariouscomponents
of theframework, focussingmainlyon thespeci�csfor rigid bodiesandcloth.

2.1 Overview

Optimizationis acommontechniquefor estimatingtheparametersof non-lineardy-
namicsystems.We posetheparameterestimationasanunconstrainedminimization
problem,with anobjective function thatminimizesa metric computedon rendered
and video images. We useda gradient-basedoptimizationroutine for estimating
rigid bodyparameters,andsimulatedannealingfor estimatingclothparameters.Fig-
ure2.2showstheprocessdiagramof ourparameteridenti�cation framework, where
the blockson the left areobtainedfrom real measurementsand the blockson the
right arecomputedin simulation.For agivensetof parameters,themetriccompares
theimagesequencesrenderedfrom simulationagainstimagescapturedfrom realex-
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periments.Theoptimizercontinuouslytunesthemodelparametersuntil themetric
erroris minimized.Wenow brie�y discussa few key elementsof �gure 2.2.

PhysicalModel: Weappliedouralgorithmontwo typesof simulators—rigidbod-
iesandcloth—thatarewidely usedin computergraphics.Our �rst experimentwas
to estimatefree-�ight parametersof a tumbling rigid body from video. The tum-
bling dynamicsof arigid bodyis governedby theNewton-Eulerequationsof motion
[Sym71].Becausegravity is theonly externalforceactingonthebody, thebodyrota-
tionaldynamicsis completelygovernedby its inertiaandinitial conditions(position,
orientation,linearandangularvelocities).Thegoalof oursecondexperimentwasto
estimatethe staticanddynamicparametersof the Baraff andWitkin [BW98] cloth
simulatorfor differentfabrics. We improved this model to handleobjectandself-
collisions,addedanon-linearair dragtermandusedaexplicit integrationschemeto
improvetherealismof thegeneratedclothmotion.

Metric: Oneof thekey elementsof our framework is thedesignof metricsto com-
parevideo renderedfrom physicalsimulationswith video from real experiments.
Mathematically, the metric M takes two video sequencesA and B and returnsa
numberc thatcapturesthedifferencebetweenthetwo sequences.

M (A ; B ) = c (2.1)

Our goalis to designthefunctionM suchthatthedifferencec measuresthepercep-
tual dissimilaritybetweenthetwo sequences.For rigid bodies,our metriccomputes
theframeby framedifferencein silhouettesbetweenthesimulationandvideo.Simi-
larly, for cloth,ourmetricmeasurestheframeby framedifferencebetweenthefolds
in simulationand video. Both thesemetricscan be computedrobustly and very
quickly from video usingstandardcomputervision algorithms,which make them
suitablefor innerloopcomputationsin ouroptimizationframework.

Optimizer: Our choiceof optimizationtechniquefor a givenproblemwasguided
by threefactors:noiseof theerrorspace,availability (or not) of analyticalgradients
andeaseof initialization. We usedanalyticalgradientsto optimize the simulation
parametersof a tumbling rigid body usinga gradientdescentalgorithm. However,
for cloth, theerrorspacewasextremelynoisy, andit wasvery hardto initialize the
optimizerwith a goodstartingvaluefor theparameters.Sowe chosea globalopti-
mizationscheme,simulatedannealing,which exploresthespacebeforesettlingfor
a particularminima. Although simulatedannealingis several ordersof magnitude
slower thangradientdescent,it performswell onnoisyerrorspaceswherethegradi-
entinformationmaynotbereliablefor optimization.
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Therestof this chapteris organizedasfollows: �rst, we presentrelatedwork in
parameteridenti�cation techniquesfor dynamicsystems.Thenext sectionpresentsa
detaileddiscussionof estimatingtheparametersof rigid bodyandclothsimulations.
For eachsimulationtype, we presentthe relatedwork, and detailsof the mathe-
maticalmodel, identi�cation experiments,perceptualmetricsandthe optimization
routine.Then,we validatetheestimatedparametersby creatingnew animationsand
evaluatingtheir visualrealism.Finally, we concludewith a summarythathighlights
thechallengesof achieving realismin simulation,andjusti�es thevariousengineer-
ing decisionsthatwe madealongtheway. We alsopresenta coupleof examplesof
metricsfor cloth thatdid notwork, andanalyzethereasonfor their failure.

2.2 RelatedWork

Thissectionsummarizestheprior work in parameteridenti�cation andoptimalcon-
trol appliedto physicsbasedanimation.Thelatersectionson rigid bodiesandcloth
will presenta detailedsurvey of the relatedsimulationandvideo basedtechniques
speci�c to thesetwo systems.

In recentyears,the computergraphicscommunityhasmadegreatprogressin
modellingthe complex secondarymotionsof passive phenomenathroughphysical
simulations[Bar94, MC95, BW98, BFA02, BWK03, CK02, Sta99,FSJ01, LF02,
FF01]. Thesesimulationtechniquescangeneratevery realisticresults,but theani-
mationsthat they produceareoftendif�cult to control. Theproblemof controlling
physicalsimulationshasreceivedconsiderableinterestlately. Popović andhis col-
leagues[PSE03]presenteda sketch-basedinterfacefor controlling rigid body mo-
tions. They posethe control problemin a parameterestimationframework, and
identify the initial conditionsand other physicalparametersfor a desiredsketch.
An alternativeapproachfor controllingpassivesystemslikesmoke[TMPS03,FL04]
solvesfor customwind �elds thatarecontinuouslyappliedto guidethe simulation
towardsdesiredkey frames.Our inversesimulationframework draws from thework
on interactivecontrolandparameterestimationfor rigid bodies[PSE+ 00,PSE03].

Constrainedoptimizationtechniquesfrom optimal control theory [Ste94]have
beenusedfor inversesimulationof activedynamicsystems.Thesetechniques,called
spacetimeconstraintsin thegraphicscommunity[WK88], computethemotionof ac-
tive dynamicsystemsby continuouslyapplyingactuatingforces/torquesf (t ) at the
activejoints. Themotionof passiveobjectslikerigid bodiesandclotharefully deter-
minedby a �nite numberof simulationparametersp andthereforepresentasimpler
problem. Our framework usesvideo from realworld measurementsto estimatethe
simulationparametersp.

Parameteridenti�cation of linear dynamicsystemshasbeenusedsuccessfully
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to a wide rangeof problemsin engineering,chemistry, biology andothersciences
[Kai79]. However, the equationsof motion of most passive dynamicsystemsare
typically describedby non-lineardifferentialequations.Recently, severaltechniques
for non-linearsystemidenti�cation havealsobeendeveloped(see[Nel00] for anex-
cellentsurvey). Of thesetechniques,parameteridenti�cation usingoptimizationis
very popularandfairly easyto use,with excellenttoolboxesandresources[Gra92,
GMW82]. Optimization-basedalgorithmstypically considerthe simulation as a
black box andthereforegeneralizewell for differentphysicalsystems.Moreover,
the objective function can be designedto minimize image measurements,which
make them bettersuitedfor our framework in comparisonto standardestimation
techniques(e.g.,non-linearleastsquares)thatrequirestatemeasurements.

2.3 Capturing Rigid Body Parameters

Our �rst experimentwasto estimatethephysicalparametersof a rigid body in free
�ight (calledtumblingmotion)from avideosequenceof its motion.Rigid bodiesare
idealcandidatesfor testingour inversesimulationframework becausetheir complex
tumblingmotionis constrainedby asmallsetof physicalparametersandinitial con-
ditions [Sym71]. Theparametersgoverningthe tumblingmotionof a rigid body in
videocanbecategorizedinto two groups:

� ObjectParameters:intrinsic (objectshape,massdistribution,locationof center
of mass),extrinsic (initial position,orientation,velocity, angularvelocity).

� EnvironmentParameters:gravitydirection,air drag.

Theobjectiveof our �rst experimentis to extracttheobjectparametersandthegrav-
ity directionfrom a video sequenceof a rigid body in free �ight. For the sake of
simplicity, we assumethat the objectshapeand inertial matrix areknown andthe
effectof air dragis negligible.

2.3.1 Prior Work

Techniquesfor simulatingrigid bodymotionhave maturedtremendouslyin the last
few years.Modernrigid bodysimulators[GBF03,MC95,Bar94] canrobustly han-
dle complex interactionssuchascollisions,contact,friction andstackinginvolving
thousandsof rigid bodies. We are interestedin estimatingthe parametersof rigid
bodysimulationsfrom video.

Prior work in computervision hasmainly focussedon theproblemof extracting
theshapeof rigid bodiesandtrackingthemin video[TK92, HZ00, FLP01,TWK88].
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Thereis surprisinglylittle work on extractingthe underlyingphysicalpropertiesof
theobjector theenvironment.Furthermore,prior video-basedtechniquesfor param-
eterestimationmake simplifying assumptionsabouttheshapeandpropertiesof the
rigid bodies. For example,several researchers[RK96, BS99] make point massas-
sumptionsto designrobotcontrollersfor juggling or playingair hockey usingvideo
measurements.Ghoshet al. [GL95] estimatetheshapeanddynamicsof planarob-
jectsfrom optical�o w measurements.Theproblemof simultaneouslyrecoveringthe
physicalparametersof a 3D rigid objectandits environmentfrom a singlecamera
hasnot beenpreviouslyaddressed.

More closely relatedto our identi�cation framework is prior work on physics
basedreconstructionandtrackingin computervision [TWK88, Har92,CC91,SD91,
Bre97,DF99,Wre00,PH91,MT93]. Mostof thesetrackingtechniques(in computer
vision) de�ne a dynamicmodelthat is controlledvia forcesandtorques.Their ob-
jectiveis to computethesetof forcesandtorquesthatgiveriseto theshapeor trajec-
tory thatbest�t the imagedata.An importantlimiting featureof mostmodelbased
trackingtechniquesis that real world dynamics,including importanteffectsdueto
gravity and impact, are not fully modelled. Consequently, the forcesand torques
computedthroughphysicallybasedapproachesin computervisionarephysicallyin-
spiredbut do not capturereal world physics. In many cases,the dynamicmodel
thatrelatesthecurrentandpreviousstatesis approximatedusinga linearKalman�l-
ter [Har92,CC91], which workswell for applicationsinvolving rigid bodytracking
[Har92]or navigation[CC91, SD91].

Ourdynamicmodelcapturesthetruerotationalphysicsof a tumblingrigid body.
This aspectdistinguishesour work from prior work in motion trackingandanalysis
wherethefocusis on identifying objectkinematics,i.e., motion trajectories.More-
over, our algorithmusesinformationfrom all framesin thevideosequencesimulta-
neously, unlike feed-forward �lter basedmethods.Figure2.3 comparesthe results
of our of�ine batchalgorithmwith anonlineKalman�lter appliedto a syntheticex-
ampleof 2D ballisticmotionwith gaussiannoise.Ouralgorithmtriesto �nd thebest
�t parabolato thedata,whereasa Kalman�lter �ts a higherordercurve to thedata.
Although the Kalman�lter approachtracks the databetter, our algorithm�nds the
parametersdescribingthephysicsof theballisticmotion.Theseparameterscannow
beusedto animateaparticlein simulation,thatmoveslike thegivendata.

2.3.2 Model

The tumbling motion of a rigid body in free �ight is characterizedby its position,
orientation,linearandangularvelocity. Let q(t)= [ ~X (t);~� (t);~V(t);~! (t)] bethestate
of the rigid bodyat time t. ~X (t) 2 R 3 and~� (t) 2 SO(3) specifythepositionand
orientationin aworld coordinatesystem.Weuseaquaternionto representtheorien-
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Figure2.3: Illustratingthedifferencesbetweenparameterestimationusingoptimiza-
tion (left) anda Kalman �lter (right) on a simplistic 2D example. The input data
is the trajectoryof a point massin free �ight, corruptedwith gaussiannoise. Our
optimizationalgorithmusesall thedatapointssimultaneouslyto �t a paththatglob-
ally satis�esphysicallaws; in this simplecase,a parabolicpath. TheKalman�lter
processesthedatasequentiallyand�ts ahigherordercurve to thedata.

tationwith four parameters.~V(t) 2 R 3 and~! (t) 2 R 3 specifythelinearandangular
velocitycoordinates.Thetimederivativeof thestateq(t), calledthesimulationfunc-
tion ~F (t;q(t)) , is governedby theordinarydifferentialequation(ODE):
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(2.2)

Here,~I (t) is the inertiamatrix in world coordinates,and~g � (0; � 9:81m=s2; 0) is
the accelerationdue to gravity. The product� refersto quaternionmultiplication.
Thestateq(t ) at any time instantt = t f is determinedby integratingEquation2.2:

q(t f ) = q(t 0) +
Z t f

t 0

~F(t ; q(t ))dt (2.3)

The stateat any time q(t ) dependson the initial stateat time t = t0 and inertial
matrix. In this thesis,we assumethat the inertia matrix is known. Consequently,
it is suf�cient to solve for the initial state,which we denoteby pob j . Becausewe
are interestedin estimatingthe simulationparametersfrom video, it is convenient
to placethe origin of the world coordinatesystemat the cameracenter, with the
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principalaxesalignedwith thecameracoordinatesystem.Dueto thechoiceof this
coordinatesystem,thedirectionof gravity dependson theorientationof thecamera,
andis not necessarilyvertical. The gravity directionin our framework is encoded
by two angles(tilt androll). We usethe symbolpenv to indicatethe directionof
gravity in simulation,andthesymbolp to denotethetotal setof simulationparame-
ters:p = (pob j ; penv ).

2.3.3 Metrics fr om video

We usethe mismatchbetweenthe objectsilhouettesextractedfrom the simulation
andvideoasthemetricfor comparingarigid bodysimulationwith video.Silhouettes
arean appropriatechoicefor comparingvideosof tumbling rigid-bodies. Because
themotionof a tumblingrigid bodyin videois complex with many self-occlusions,
traditionalfeaturetrackersor optical�o w algorithmsmayproduceunreliablefeature
estimates.On theotherhand,silhouettescanbecomputedquickly andreliably from
video.

SilhouetteComparison:We begin by preprocessingthe input videosequenceto
computethesilhouettesat eachframe.Similarly, we rendera silhouettesequencein
simulationusingthecurrentparametervalues.Wepresenttwo techniquesto compare
silhouetteimages,asshown in �gure 2.4. The �rst metric (left) countsthenumber
of mismatchedpixelsbetweenthetwo silhouettes.Weusedthismetricin our imple-
mentation.De�ne Ak asabinarysilhouetteimageof size(Sx ; Sy) at framek.

Ak(i; j ) =

(
1; inside sil houette

0; otherwise
(2.4)

Theerrorat framek is givenby:

E sil h
k =

SxX

i =1

SyX

j =1

kA r eal
k (i; j ) � Asim

k (i; j )k (2.5)

Thesecondmetriccomputesthedistancebetweenthecorrespondingedgepixels
(right side of �gure 2.4) of the two silhouettes. To evaluatethis metric, we �rst
generatea silhouetteedge from the silhouetteimageusinga Canny edgedetector.
For eachpixel in the�rst silhouetteedge,wecomputetheclosestpoint (L2 norm)in
thesecondsilhouetteedge.The�nal valueof themetricis obtainedby accumulating
the(squareof) distancevaluesacrossall pixels:

E sil h
k =

MX

m=1

(im � i �
m )2 + (j m � j �

m )2 (2.6)
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Figure 2.4: Two different methodsof comparingsilhouettes. Left: (a) Counting
thenumberof mismatchedpixelscorrespondsto theareawithin thesilhouettesbut
outsidethe black region. Right: (b) Computingthe distancebetweenclosestpixel
pairs(minimumL2 distance)from thetwo silhouetteedges(shown asredstripesin
the �gure). We show only a few closestpixel pairsin this �gure (for clarity)—the
metriccomputesthedistancefor all thepixel pairsfrom thetwo silhouetteedges.

where(im ; j m ) and(i �
m ; j �

m ) arecorrespondingpixels in the two silhouettesandM
is the total numberof pixels in the �rst silhouetteedge.Theerroracrossthewhole
sequenceof N frames,is givenby:

E =
NX

k=1

E sil h
k (2.7)

2.3.4 Optimization

Theoptimizationalgorithmsolvesfor theobjectandenvironmentparameterssimul-
taneouslyto matchthesilhouettesfrom simulationwith thosefrom video.Recallthat
themotionof a rigid body is fully determinedby theparametersp. For a givenset
of parameters,theoptimizersimulatesthemotion to computethesilhouetteimages
at eachframe. It thencomputesthegradientsof thesilhouettemetricandusesit to
updatetheparametersof theoptimizer. Thegoalof theoptimizationalgorithmis to
minimizetheobjective functionde�ned by equation2.7. We provide an initial esti-
matefor theparametersp andupdateit ateachstepusinggradientdescent.Gradient
basedmethodsarefast,andwith reasonableinitialization, converge quickly to the
correctlocalminima.Theupdaterule for parametersis

p = p � �
@E
@p

(2.8)

where� is themagnitudeof thestepin thegradientdirection.
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Gradient Computation. Theoptimizationalgorithmrequirescomputingthegra-
dientsof the objective function. This in turn, requirescomputingthe gradientsof
thesilhouetteat eachframe. Althoughthestateq(t) is a continuousfunctionof the
parametersp, quantitiessuchassilhouettesarenotcontinuouslydifferentiablefunc-
tionsof parametersp. Onestraightforwardapproachis to computethegradientsof
the error function @E(q)=@p numerically, using �nite differences.This approach,
however, hastwo major drawbacks. First, computingthe gradientsof the metric
with respectto pob j (initial conditions)using �nite differencesis extremely slow,
becausethesimulationfunctionhasto beevaluatedseveraltimesduringthegradient
computation.Second,determiningstepsizesthatyield anaccurate�nite difference
approximationis dif�cult. We resortto a hybrid approachfor computingthegradi-
ents. We analyticallycomputethegradientsof the statewith respectto parameters
@q(t )=@p. We thencomputethederivative of theerrorwith respectto thestateus-
ing �nite differences,e.g. @E(q)=@q. We usethe chain rule to combinethe two
gradients:

@E
@p

=
@E
@q

@q
@p

(2.9)

Becausethemetric (e.g.,silhouetteS) dependsonly on thepositionandorientation
termsof thestateq, thegradient@S(q)=@q canbecomputedquickly andaccurately
using�nite differences.Thecameraparametersdo notdependon the3D stateof the
object,whichallowsusto use�nite differencesto computethegradientswith respect
to thegravity vectorpenv .

Jacobian for Free Flight. The motion of a rigid body in free �ight (in 3D) is
fully determinedby the control vector pob j . Rewriting equation2.2 to show this
dependenceexplicitly yields:

dq(t)
dt

= F(t; pob j ) (2.10)

We evaluatethe Jacobian@q(t f )=@pob j at time t f by numerically integrating the
equation

d
dt

 
@q(t)
@pob j

!

=
@F(t; pob j )

@pob j
(2.11)

until time t f with the initial condition@q(t0)=@pob j . We usea fourth orderRunge-
Kuttamethodwith �x edstepsizeto performthisnumericalintegration.

Derivativesof Err or function. Weuse�nite differencesto computethederivative
of errorfunctionwith respectto thecurrentstateq(t ). We computethesilhouetteat
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thegivenstateby renderingthesimulatedobject.Thederivativeof theerrorfunction
with respectto ascalarcomponentqi of thestateq hastheform:

@E
@qi

= lim
� qi ! 0

 
E(q + � qi ) � E(q)

� qi

!

(2.12)

TheerrorJacobianis obtainedby applyingchainrule

@E
@pob j

=
@E
@q

@q
@pob j

(2.13)

Finally, we computetheerrorJacobianwith respectto a scalarcomponentpi
env

of thegravity directionpenv using�nite differences,asshown:

@E
@pi

env
= lim

� pi
env ! 0

 
E(penv + � pi

env) � E(penv )
� pi

env

!

(2.14)

Theoverall Jacobianmatrix is givenby:

@E
@p

=

 @E
@pob j

@E
@pen v

!

(2.15)

2.3.5 Results

Our systemhasthreemain modules:preprocessor, rigid body simulatorandopti-
mizer. We �rst preprocessthevideosequenceto computethesilhouettesof therigid
object. We build a backgroundmodel for the sceneanduseautoregressive �lters
[BSK00] to segmentthemoving objectfrom thebackground.We thencomputethe
silhouettemetricsfrom the segmentedimageat eachframe. Our tumbling video
sequencesaretypically 35-40frameslong whencapturedwith a digital cameraop-
eratingat 30 Hz. Theoptimizertypically takesa coupleof minutesto computethe
parametersfrom thesequenceon aSGIR12000processor.

Estimation: Figure 2.5 shows a few framesof a T-shapedobject in simulation
matchedwith video. This sequencewas obtainedby tossingthe object in the air
in front of a camera.Our userinterfacelets the userspecifyan approximatevalue
for the initial positionsandvelocitiesof thebody. Thealgorithmrobustly estimates
the initial positionandlinearvelocity, evenwith a poor initial guess.However, it is
very sensitive to the initial estimateof theorientationandangularvelocities. From
numerousexperiments,we have found that the error spaceof the silhouettemetric
containsmany local minima. However, with a reasonableinitialization for the ori-
entationandangularvelocity parameters,we �nd thatour algorithmconvergesto a
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reasonablelocal minima. This convergenceis seenin �gure 2.5(a),wheretheover-
all motionof thesimulationcloselymatchesthemotion in video. We superimpose
theboundingboxesobtainedfrom simulationontotheframesfrom video(thewhite
boxesin the�rst row) to show thematch.Wealsoshow thematchbetweenthetrajec-
tory of a cornerpoint in videowith thecorrespondingtrajectoryin simulation.The
small squareboxesshow the trajectoryof a cornerpoint, identi�ed by hand,from
thevideosequence.Thesetrajectoriesareshown for visualizationpurposesonly and
arenot usedin theoptimization.As thealgorithmproceeds,thetrajectoryof the3D
cornerpoint in simulation(blackline) overlapswith theseboxes.Thissequencealso
highlightssomelimitationswith our optimizationframework andmetrics. Row (c)
showsanexamplewherethesimulatedandtherealobjecthavedifferentorientations
but silhouettesthatappearsimilar.

Prediction: Theobjectiveof thisexperimentis to predictthemotionof arigid body
in a longvideosequenceof free�ight from asubsetof framesof thesamesequence.
Figures2.6and2.7show two differentvideoclipsof a rigid bodyin free�ight, with
differentmotiontrajectories.Wematchthemotionof theshorterclip to asimulation
andusethesimulationparametersto predictthemotionof thelongerclip.

In �gure 2.6,theobjecttumblesaboutits majoraxis—thephysicsof thismotion
is capturedin a shortersubsequence.Hencethesimulationparameterscomputedby
matchingthis smallsequencecorrectlypredictthemotion in theoverall clip. How-
ever, the motion of the object in �gure 2.7 is aboutthe body's intermediateaxis,
which degeneratesinto complex motionsaboutall threeaxis [Sym71]. Smallerrors
in theestimatedvaluesof simulationparametersresultin a largeorientationerror in
thepredictedframes,astime increases.We seethis effect in theresultsobtainedin
�gure 2.7.

Roll Corr ection: Becausethe orientationof the camerais not known, our algo-
rithm optimizesthedirectionof thegravity vectoralongwith themotionparameters
from a videosequence.Figure2.8 shows resultsof roll correctionperformedusing
theparametersobtainedfrom our optimizationalgorithm. The �rst row shows four
framesof a videosequencecapturedfrom a camerawith signi�cant roll distortion.
We computethecamerapitch androll parameterswhich minimizethesilhouetteer-
ror. Theseparametersareusedto warp the original sequencesuchthat the camera
verticalaxisalignswith thegravity vector. Thelastrow shows theresultof this rec-
ti�cation usingtheestimatedroll angle(thepitchanglewasestimatedaswell in this
experiment,but wasnot usedfor recti�cation). The peoplein the �rst row arein a
slantedpose,whereasthey areuprightin thelastrow.
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Figure2.5: Computingthe parametersof a T-shapedobjectthrown in the air. The
�rst row (a) shows a few framesfrom thevideo(right to left) andthecorresponding
physicalsimulationgeneratedby our algorithm. Theboundingboxesfrom simula-
tion aresuperimposedover the video to show the match. The small squareboxes
indicatethetrajectoryof a cornerpoint in video. Thethin line indicatesthemotion
of thecorrespondingcornerin simulation.Row (b) showstheresultsof thealgorithm
at differentstagesof optimization.Noticethatthematchimprovesasthenumberof
iterationsincreases.Row (c) highlightsa limitation of the silhouettebasedmetric.
Note that althoughthe orientationof the simulatedobject is �ipped relative to the
realobject,they bothhavesimilar silhouettes.
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Optimized Frames

Figure2.6: Predictingthe motion of objectsin free �ight in video. The �rst row
shows a long sequenceof anobjectthrown from right to left. We selecta portionof
this sequenceandmatchits motion in simulation. Thesecondrow shows a portion
of theoriginalclip containedinsidetheyellow box,andthecorrespondingframesof
a simulation. We usetheseparametersto predictthemotionof the tumblingobject
acrossthewholesequence.
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Figure2.7: Predictingthemotionof anobjectin acomplicatedtumblingpattern(top
row). Thesecondrow showsthematchbetweenasmallportionof thevideoclip and
asimulation.Thesimulationmatchesthevideoquitewell for theframesonwhich it
optimized,but thesmallerrorspropagateto largererrorsin thepredictedframes.
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Figure2.8: Usingrigid-bodymotionestimationto correctfor cameraroll. An object
is thrown in the air from left to right (top row) andcapturedfrom a video camera
with signi�cant roll. The video is dif�cult to watchbecauseof the imagerotation.
Themotionof theobjectis estimated(middle row), aswell asthecameraroll (de-
�ned by theorientationwith respectto thegravity direction). Thevideoframesare
automaticallyrecti�ed to correctfor thecameraroll.
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2.4 Capturing Cloth Simulation Parameters

Theobjectiveof our secondexperimentwasto createrealisticcloth simulationsthat
matchedthebehavior of four realfabrics—linen,�eece,satinandknit. Theubiquity
of cloth makesit anindispensableelementin creatingcompellinganimationsof hu-
man�gures. Realisticvirtual clothingis now possiblebecauseof recentadvancesin
clothsimulationtechniques[BW98, CK02,BHW94,CVMT95, BFA02].

Themotionof fabricis determinedby resistanceto bending,stretching,shearing,
externalforces,aerodynamiceffects,friction andcollisions.We usedthecloth sim-
ulator developedby Baraff andWitkin [BW98] for our experiments,andestimated
thestaticanddynamicparametersof this modelfrom video. Theparametersof the
Baraff-Witkin modelcanbecharacterizedinto threegroups:

� StaticParameters:mass,stiffness(stretch, shearand bend). Our modelhas
stiffnessparametersto control thestretch,shearandbendforcesactingon the
fabric. Thestretchandshearstiffnessparametershave two componentsalong
thetwo principaldirections,andthebendstiffnesshasonecomponent.

� Dynamic Parameters:damping, air drag. We have a dampingterm corre-
spondingto eachstiffnessterm,namelystretchdamping,sheardampingand
benddamping. Additionally, we model the air drag with a threeparameter
model.

� Collision parameters:stiffnesstermsfor self collisionsandobjectcollisions.
Thecollisionparameterswereselectedmanuallyin ourexperiments.

Ouralgorithmestimatedthestaticanddynamicparametersonasetof staticshots
andmotionclips of a small swatchof a particularfabricandthentestedon a simu-
lation of a full skirt madefrom thatfabric. We designedtheswatchteststo spanthe
spaceof behaviors that we expect to seein the �nal sequencesof motion with the
skirt so thatall parameterscanbe tunedappropriately. We usesimulatedannealing
for the optimizationstepwith an optimizationfunction that assessesthe extent to
which thefolds in thesimulatedandphysicalfabricmatch.This matchis evaluated
by meansof a shapemetric thatusesprojectedlight to detectsurfaceorientationin
realandsimulatedfabrics.Themetric is tunedto bemostsensitive alongfolds and
to discountplanarregions.

We usethe systemto �nd the parametersfor four different fabrics. We show
the matchbetweenthe video footageand the simulatedmotion on the calibration
experiments,on additionalvideosequencesfor theswatches,andon a simulationof
a full skirt.

39



2.4.1 Prior Work

Cloth modellinghasa long history, datingback to work in the textile community
from themid-1930sby Peirce[Pei37]. Work on cloth modellingin computergraph-
ics hasfocusedon developingdynamicsimulationtechniquesthatarebothrealistic
andfast.Baraff andWitkin describeaclothmodelthatusesstiff springswith implicit
time integration[BW98]. This modelwassubsequentlyadaptedto reducetheover-
dampingdue to implicit integration [CK02]. Explicit time integrationapproaches
[HDB96] useweaker springsfor stretchingandshearing,often explicitly limiting
the amountof stretching[Pro95,BFA02]. Choi andKo introduceda bendingen-
ergy modelthatmoreaccuratelycapturesthe�ne creasesandbendsof cloth[CK02].
Lahey providesa comprehensive overview of cloth hysteresismodelsfrom theper-
spective of computationalfabricmechanics[Lah02]. Extensive work hasalsobeen
doneon modellingcollisionsandfriction. Cloth self-collisionis handledeitherby
untanglingthecloth [CVMT95, VMT00, BWK03] or by preemptively avoidingcol-
lisions[Pro97,HMB01, BFA02]. Variouspotential�eld methodshavebeenusedfor
generalcollisiondetectionandresponse[TPBF87, SP91].

Despitethis large body of work on cloth simulationmodels,little work hasap-
pearedin thecomputergraphicsliteratureonestimatingtheparametersof thesemod-
els so that they matchthe behavior of real fabrics. Cloth parameterestimationhas
beenstudiedin the textile community(for an overview, seeBreenandcolleagues
[HB00]), but suchmethodshave not yet enjoyed widespreadusein the computer
graphicscommunity. An importantexceptionis the work by Breen[BHW94] who
usedtheKawabatasystem[Kaw80] to measurebending,shearing,andtensileparam-
etersby subjectinga swatchof fabric to a seriesof mechanicaltestsandmeasuring
theforceneededto deformit into a standardsetof shapes.AlthoughtheKawabata
systemcanprovideaccuratemeasurements,thesemeasurementsareproblematicfor
computergraphicscloth simulationproblemsfor two reasons.First, theremight not
bea directandsimplemappingbetweentheparametersfor a particularcloth model
andtheKawabataparameters.Second,theKawabatasystemdoesnot measuredy-
namiccloth parameters,e.g.air dragor damping,which areessentialfor computing
themotionof cloth.

Onepromisingapproachfor modellingclothparametersis toautomaticallysearch
for parametersthat matchreal cloth. Jojic andHuang�t parametersof a particle-
basedclothmodelto �t arangescanof realcloth in astaticrestcon�guration,draped
overasphere[JH97]. However, they did not treattheproblemof measuringdynamic
parametersor demonstrateaccurateresultsacrossa rangeof fabric types. Instead,
they exploredtheproblemof measuringthe3D geometryof anobjectfrom therest-
ing shapeof a pieceof cloth drapedover it, a challengingproblemthat we do not
considerin thispaper.
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More distantlyrelatedaretechniquesfor computingthegeometryof cloth from
images.Coarseestimatesof thetime-varyinggeometryof clothcanbecomputedus-
ing traditionalstereomatchingtechniquesby usingtwo or morecamerasandtreating
eachtimeinstantindependently(seeScharsteinandSzeliski[SS02] for anoverview).
More accurateresultsmaybeobtainedby projectingstructuredlight patternson the
cloth(seeZhangetal. [ZCS02]for anoverview). Ratherthancomputingshapeatev-
erytimeinstantindependentfrom thenext, it canbeadvantageousto integrateimages
over time to improve accuracy. Two examplesof promisingwork alongtheselines
areCarceroniandKutulakos [CK01] andTorresaniet al. [TYAB01]; both studies
demonstratedreconstructionsof moving cloth.

2.4.2 Cloth Model

Becauseour framework for estimatingcloth simulationparametersis independent
of the cloth model, we can, in principle, selecta speci�c model that meetsa set
of criteria suchasaccuracy or simulationspeed.Our choiceof a cloth modelwas
guidedby two goals:realismandpracticality. We wanteda modelthatwassophisti-
catedenoughto capturethedetaileddynamicbehavior foundin real fabricsbut still
straightforwardto implement.Becauseour intentionwasto apply the learnedcloth
modelparametersto arbitrarygarmentswith varyingtriangleresolution,it wasalso
importantthat the cloth parametersscalecorrectlywith the resolutionsof the cloth
simulation.

We usedthe model describedby Baraff and Witkin as the basisfor our cloth
simulator [BW98]. This model hassuf�cient richnessto producea wide variety
of cloth behaviors. The underlyingmeshis triangular, makingclothing modelling
easier. More importantly, its input parametersareindependentof meshing,so that
parametersrecoveredononemesh(thetestswatch)canbetransferredto another(the
skirt). While nonlinearmodelssuchasthebucklingbehavior of ChoiandKo [CK02]
could potentiallycapturemorerealisticdetailsof cloth, thereis no straightforward
way to scalethe parametersof thesemodelsto meshesof varying resolutions.We
expectthatfutureapplicationof our parameter-estimationframework to otherscale-
invariantclothmodelswill provideevenmorerealisticresults.

Themodeldevelopedby Baraff andWitkin formulatestheenergy of a particular
triangle in termsof condition functionsC(x) suchthat the total potentialenergy
associatedwith thesystemis givenby

Eu =
ks

2
C(x)CT (x) (2.16)

whereks is a stiffnesscoef�cient associatedwith the particularconditionfunction.
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Forcesarethensimplycalculatedby

F = r x Eu (2.17)

Dampingforcesaresimilarly fomulatedin termsof theC(x):

d = � kd
dC
dx

_C(x) (2.18)

We thusassociatea stiffnesscoef�cient ks anda dampingcoef�cient kd with each
of theC(x). In their paper, Baraff andWitkin describea setof C(x) consistingof
an in-planestretchterm,an in-planeshearterm,andan out-of-planebendingterm,
giving a total of six parameterswe can useto tune the internal cloth model. We
referthereaderto their paperfor thefull details[BW98].We note,however, that(as
they alludeto in footnote5) energyshouldscalelinearly with triangleareato ensure
scaleindependence.Therefore,we needto be carefulwhensubstitutingC(x) for
stretchandshearinto eq. 2.16that theresultingformulais linear in arearatherthan
quadratic.

In thecourseof runningourexperiments,wediscoveredthata lineardragmodel
suchas that usedin previous cloth work [BW98, CK02] was not able to capture
dynamicaspectsof cloth. In order to add additionalair-drag degreesof freedom
to our cloth modelwithout resortingto fully modelingaerodynamics[Lin00], we
developedasimplenonlinearalternative. Ournew formulationfor thedragforcehas
a lineartermfor thetangentialvelocitycomponent(v T ) anda quadratictermfor the
normalvelocitycomponent(vN ), with anadditionaltermkf thatcontrolsthedegree
of nonlinearity:

fdr ag = � a

 
kN jvN j2

1 + kf jvN j2
vN

jvN j
+ kT vT

!

wherea is the areaof the given triangle. The linear term is merely Stokes's law
[Ach90]; thequadratictermmatchesbettertheexperimentalbehavior of macroscopic
bodiesin low Reynold'snumber�o w[Fro84]. Theadditionof thejv N j2 termin the
denominatorwhich makestheforceasymptoticasv N ! 1 waspartiallymotivated
by the observed phenomenonof drag crisis [Fro84], whereundercertaincircum-
stancesthedragcoef�cient canactuallydropat theonsetof turbulence[Ach90]. The
optimizeris freeto eliminatethis behavior or othertermsof this equationby setting
thecorrespondingparametersto zero.

Initially, we useda �rst-order implicit Euler time integrationschemesimilar to
theonedescribedby Baraff andWitkin [BW98]. Unfortunately, we found that im-
plicit integrationintroduceddampingwhich could not be eliminatedby optimizing
cloth parameters.We hadmoresuccessin matchingrealisticcloth motionsby us-
ing higher-order explicit methods. The resultsin this thesisusean adaptive 4th-
orderaccurateRunge-Kuttamethodswith embeddederrorestimation[AP98]. While
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this methodoffers the advantagesof simplicity andautomaticboundingof error, it
is ratherslow, andrecentwork suggeststhat using2nd-orderbackward differences
[CK02] or Newmarkschemes[BMF03] maybeabetterchoice.

For collision handling,we usea modelsimilar to thatusedby Bridsonandcol-
leagues[BFA02]. It combinesrepulsionforceswith impulsesto robustly preventall
collisionsbeforethey occur. However, separatingrepulsionforcesfrom thecloth in-
ternaldynamicsandapplyingthemoutsidetheRunge-Kuttasolveraffectedstability
andresultedin visible artifacts.Instead,we applyrepulsionforcesinsidethesolver
loop, so that the solver's own internalerror estimationcan remove theseartifacts.
The drawbackof this techniqueis speed,becausethe systemmustcheckfor colli-
sionsevery time it evaluatesthestatederivatives(asopposedto onceeverycollision
timestepasin Bridsonetal. [BFA02]). To achieveacceptableperformance,we used
a numberof collision culling algorithms,includinghybrid top-down/bottom-upup-
date[LAM01], fasttrianglerejecttests[Möl97], anda curvature-basedcriterionfor
rejectingself-collisionsthatwas�rst introducedby Volino andThalmann[VMT94]
andlaterre�ned by Provot [Pro97].

2.4.3 Metrics fr om Video

We usea perceptuallymotivatedmetric to comparethe motion of cloth in simula-
tion with a videosequenceof real fabric motion. Our metric capturesthe complex
dynamicsof clothmotionandalsohelpsto distinguishbetweendifferentfabrics.

Researchersin computationalneurobiologyhypothesizethat thehumanpercep-
tual systemis sensitive to moving edges in video [Fie87, Fie94, vHR98]. Stud-
ies have shown that the receptive �elds of simple cells in the macaquecortex act
as edgeor line detectors,respondingto orientededgesor lines in naturalscenes
[HW68, VYH82, DOF93]. In cloth, theseedgescorrespondto folds andsilhouettes,
whichareregionsof highvariationin shape.Hence,ourperceptuallymotivatedmet-
ric for cloth comparestwo videosequences,onefrom simulationandonefrom the
real world, andreturnsa numberthat measuresthe differencesin their folds. The
metricalsopenalizesthesilhouettemismatchbetweenthetwo sequences.

Fold Detection and Representation: Folds appearassoft edgesin video whose
appearanceis dependenton materialpropertiesand lighting. HaddonandForsyth
[HFP98, HF98] describea learningapproachfor detectingandgroupingfolds (and
grooves) in imagesof fabrics. Their techniquecanhandlelighting effectscaused
by diffuseinter-re�ections in cloth. However, most fabricshave very complicated
re�ectanceproperties.In our experiments,we eliminatethe effectsof lighting and
materialre�ectanceby projectingastructuredlight patternof horizontalstripesonto
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thefabric.
Fromthelight-stripedvideosequence,we computethedominantorientationfor

eachedgepixel by convolving it with a steerable�lter bank[FA91]. In our imple-
mentation,we usetheG2/H2quadraturepair with kernelsize12 asthebasis�lters.
Detailsof computingthe dominantorientationfrom the coef�cients of �lter bank
responseare given in Appendix I of FreemanandAdelson[FA91]. We convolve
the imagewith the �lter bank,computethe �lter coef�cient responses,blur the co-
ef�cients usinga gaussiankernel,andcomputethedominantorientationfrom these
coef�cients. Wenametheresultingorientationimageananglemap, shown in �gure
2.9. The anglemap,which measuresthe local orientationof the projectedpattern,
hasa constantvaluewhenthesurfaceis planarandvariesat folds. We thresholdthe
gradientof theanglemapto geta gradientmaskM k for eachframeof video(�gure
2.9).

M k(i; j ) =

(
1; k� (i; j )k � �
0; k� (i; j )k < �

(2.19)

where� is a userde�ned thresholdandk� (i; j )k is themagnitudeof thegradientof
theanglemapat (i; j ). Thegradientmaskis non-zeroat regionsof high gradients,
correspondingto folds,andzeroatplanarregions.

Fold Comparison: Our metriccomputesthe frameby framesumof squareddif-
ferences(SSD)betweenmaskedanglemapsin simulationwith video.Wepreprocess
theinput videosequenceto computetheanglemapat eachframe.Similarly, in sim-
ulation,we rendertheclothshapeusingthecurrentparametervaluesandprojectthe
samestripedpattern,to get a stripedsimulationsequence.We computethe angle
mapat every framein simulationfrom this sequence.We thencomputetheSSDof
theanglevaluesfor all overlappingpointsin the two anglemaps.We multiply this
differencewith thegradientmask,which helpsto emphasizethedifferencesin fold
regionsoverplanarregions(�gure 2.10).Wesumtheerroracrossall framesto com-
putetheoverall erroracrosstheentiresequence.Theerrorat any particularframek
alongthesequenceis

E f old
k =

SxX

i =0

SyX

j =0

M k(i; j ) � (� r eal
k (i; j ) � � sim

k (i; j ))2 (2.20)

where(Sx ; Sy) is thesizeof theanglemapsand� r eal , � sim aretheanglevaluesfrom
realandsimulationanglemapsrespectively.

Silhouette Comparison: In additionto the anglemaperror, we penalizethe sil-
houettemismatchbetweenthesimulationandthe videoof real cloth. This penalty
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Figure2.9: Top Row: Input light stripedimage. Bottom Row (left to right): angle
mapandgradientmask.

is proportionalto thedifferencebetweenthetwo silhouettes,i.e., thenumberof mis-
matchedpixels:

E sil h
k =

SxX

i =0

SyX

j =0

j Ar eal
k (i; j ) � Asim

k (i; j ) j (2.21)

where

Ak(i; j ) =

(
1; inside sil houette
0; otherwise

(2.22)

Thetotal errorin framek is

Ek = E f old
k + � E sil h

k (2.23)

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

E =
NX

k=1

Ek (2.24)
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Figure2.10: The stagesin the metric pipeline. Top row (left to right): Angle map
from video,anglemapfrom simulation.Bottomrow (left to right): anglemapdiffer-
ence,�nal metricvaluefor this frame(anglemapdifferencemultiplied by gradient
maskfrom video).

2.4.4 Parameter Identi�cation

We useoptimizationto estimatethe parametersof the cloth simulatorfrom video.
Beforewe describethedetailsof theoptimizer, it is informative to look at theerror
spaceof theanglemapmetric. This fairly noisyspacemotivatestheuseof a global
optimizationtechnique,like SimulatedAnnealingand also givesus useful insight
abouttheparametersof thesystem.Figure2.11shows thevariationof errorfor dif-
ferentvaluesof bendandstretchstiffnesscoef�cients for satin.Here,theanglemap
in video is obtainedafter thefabricsettleddown in a statictest. Thecorresponding
anglemapin simulationis computedfor awide rangeof valuesfor bendandstretch,
spanningthe spaceof thesetwo parameters.From the �gure, it is evident that the
errorspaceis verynoisywith severallocal minima,motivatingtheneedfor a global
optimizationtechnique.
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Figure2.11:This plot shows anglemaperrorasa functionof bendandstretchstiff-
nessparameters.Dark areasindicateregionsof small error andbright areascorre-
spondto largeerrors.Notethatthespaceis fairly noisy. Theminimumfoundby the
optimizeris containedin thelargedarkregion in thelowerportionof theplot.

2.4.5 Optimization Framework

We usesimulatedannealingto �nd theparametersthatminimize theerror function
givenin eq.2.24.Simulatedannealinginitially exploresthespacein asemi-random
fashionandeventuallytakesdownhill steps.Thelikelihoodthatit will takeastepin a
directionthatis not locally optimalis a functionof thetemperature(�gure 2.12).We
usethe continuoussimulatedannealingmethodpresentedin Presset al.[PFTV92],
whichcombinestheMetropolisalgorithmwith thedownhill simplex methodfor con-
tinuousn-variableoptimization.We resetthesimplex with thecurrentbestsolution
whenthetemperatureis reducedby a factorof 3. Prior to optimization,we perform
anexhaustivesearchfor eachfabric,wherewe choosefour valuesfor eachcloth pa-
rameteracrossits entirerange.Thisprocedurecorrespondsto averycoarsesampling
of theparameterspace.We simulatethefabric for all pointsin this coarseset(with
49 points– 9 parameters� 4 valuesper parameter)andcomputetheerror for each
pointby comparingagainsttherealfabric.We initialize theoptimizerwith thepoint
correspondingto theminimumerror. We have foundthat this strategy for initializa-
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Figure2.12: Progressof the simulatedannealingoptimizerasmeasuredby error.
Thetemperaturedecreaseis governedby ageometriccoolingschedule.

tion allows theoptimizerto locatea betterminimumof thespaceratherthanusing
constant(arbitrary)valuesfor theparametersfor theinitial guess.

2.4.6 Experiments

Wedesignedsimpleexperimentstocapturethedynamicsof thedifferenttypesof fab-
rics andtheair/clothinteraction.Theexperimentsareeasyto perform,capture,and
repeat;yet they demonstratethecomplex dynamicsof cloth motion.Theparameters
obtainedfrom thesimpleexperimentswereusedto simulateskirtsandothercomplex
fabricmotions.In essence,our experimentsweredesignedto bea calibrationsetup
for estimatingthestaticanddynamicparametersof acloth simulator.

We performtwo estimationexperimentsfor eachfabric,a static testandwaving
test. Weusedfour typesof fabrics:linen,�eece,satinandknit. Thesefabricsexhibit
awide rangeof staticanddynamicbehavior andspana largerangeof realfabrics.

We perform the static and waving testson a small swatch of eachfabric. In
thestatictest,the two top cornersof the fabricareheldstationary, andthe fabric is
allowedto sagundergravity. For a�x edseparationbetweenthetopcorners,different
fabricsattaindifferentstaticshapesasshown in �gure 2.13. Thestatictestgivesa
goodestimatefor thestaticstiffnessandbendparameters.
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Linen Fleece

Satin Knit

Figure2.13: Thestatictestwith four real fabrics.Top cornerseparationis identical
acrossall four fabrics.

Figure2.14:Threeframesfrom thewaving testfor satin.
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In thewaving test,oneof thetopcornersof thefabricis �x edandtheothercorner
is movedbackandforth (�gure 2.14). The waving motionof fabricsin simulation
is affectedby their dynamicparameters.Thevideospostedon ourwebsite1 thatreal
fabricsexhibit a wide rangeof interestingmotionsevenwith thesameinput excita-
tion. We designedthe waving motion to approximatelymatchthe typesof motion
occurringin realgarmentssuchasskirts.Thisexperimentgivesreasonableestimates
for cloth parameterswhile avoiding theneedto optimizedirectly on complex fabric
geometries(e.g.skirts)involving many collisions.

2.4.7 Results

In this section,we report the resultsof simulationparametersobtainedusing our
techniqueappliedto four fabrics:linen,�eece,satinandknit. Wemeasuredthemass
anddimensionsof thefabrics.Wealsoaccuratelymeasurethepositionof thetwo top
cornersusinga Vicon motioncapturesystem.We computethe projectionmatrices
for the cameraand projectorusing a calibrationgrid with several motion capture
markers.We performedtwo trials perexperiment,eachwith slightly differentinitial
conditionsandoptimizedonthe�rst 50 framesof videoin eachtrial. Eachtrial took
approximately50 hoursto converge on a 2.8GHzIntel Pentium4 Xeon processor
(approximately600 iterationsof simulatedannealing).Becauseeachoptimization
takesalongtimeto converge,wechoosethe�nal parameterestimate(for eachfabric)
from oneof thetwo trials (thatminimizesthetotal erroron thetwo trials) insteadof
simultaneouslyoptimizingacrossboththetrials.

Static test. Weperformedoptimizationontwo trials for eachfabric;theresultsare
shown in �gure 2.15and�gure 2.16. The two trials have differentseparationdis-
tancesbetweenthe top corners.For eachfabric, we optimizedfor six parameters:
stiffnessanddampingparametersfor stretch,shear, andbend.Theair dragparame-
tersweresetto themid pointof their rangeof valuesfor thisexperiment.

Theinitial valuesand�nal valuesof theestimatedparametersaresummarizedin
table2.1. Figures2.15and2.16show a very goodvisualmatchbetweenthesimu-
lationswith their counterpartreal fabrics. However, thereis a signi�cant disparity
in the optimizedparametervaluesfrom the two trials. In order to understandthis
disparity, we performeda setof optimizations(on a singlefabric)with very similar
initial values.Table2.2showstheparametervaluesfor satinfrom � veoptimizations
wherethe initial conditionswererandomlyvariedby � 5%. Fromthe table,we see
thatthe�nal errorvaluesarevery close.We getconsistentestimatesfor parameters
thathave lower variability (e.g.,bend,stretch).Parameterswith high variability are

1http://graphics.cs.cmu.edu/projects/clothparameters

50



Figure2.15: Resultsof optimizationfor thestatictest,trial 1. Top row: real fabrics
(left to right) linen, �eece, satinandknit. Bottom row: Correspondingfabricsin
simulation.

Figure2.16: Resultsof optimizationfor thestatictest,trial 2. Top row: real fabrics.
Bottomrow: Correspondingfabricsin simulation.
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Linen Fleece
Parameters Start Exp1 Exp2 Start Exp1 Exp 2

Bend 1e-3 0.009 0.0045 1e-4 0.0001 0.0001
Stretch 4000 404.9 3682.1 50 129.2 200.04
Shear 215.44 175.37 208.15 215.44 103.96 31.39

Benddamping 1e-7 9.92e-7 3.22e-7 2.15e-6 2.13e-7 4.11e-7
Stretchdamping 10 12.16 10.17 10 4.78 0.064
Sheardamping 10 2.19 13.17 10 13.86 3.75
Error (Exp 1) 75.0 62.8 136.8 121.5
Error (Exp 2) 81.2 67.0 207.3 98.7

Satin Knit
Parameters Start Exp1 Exp2 Start Exp1 Exp 2

Bend 1e-5 1.106e-5 6.94e-6 1e-6 1.52e-6 1.51e-6
Stretch 50 19.58 19.38 50 27.97 28.36
Shear 50 76.81 69.65 50 1226.44 2693.07

Benddamping 1e-7 2.49e-7 3.98e-7 1e-7 1.01e-7 2.27e-7
Stretchdamping 10 14.42 3.68 10 10.12 11.83
Sheardamping 10 4.11 4.56 10 0.13 4.04
Error (Exp 1) 115.5 92.5 253.1 172.8
Error (Exp 2) 194.7 104.7 179.7 136.1

Table2.1: Tabulationof thestaticparametersfrom two experiments.

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

Table 2.2: Performanceof simulatedannealingon several optimizations. All the
optimizationsstartwith valueswhich arewithin � 5% of the initial valuesgiven in
the �rst row. Someparameters(e.g.,stretchdamping)vary signi�cantly acrossthe
differentoptimizationswhile others(e.g.,bend)areconsistentacrossmultiple opti-
mizations.
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estimatedpoorly, becausetheirvaluesdoesnotaffect the�nal errorvalue.Thisresult
is consistentwith our intuition that statictestscannotbe usedto estimatedynamic
parameterslike stretchandsheardampingor air dragandmotivatesthewaving test,
which exercisesboththestaticanddynamicparameters.

Waving test. We optimizedfor nine parametersin the waving test: the six cloth
stiffnessanddampingparametersand threeair dragparameters(�gure 2.17). As
with the static test, we initialized the static parametersin this test from a coarse
exhaustive search.The dynamicparameterswereinitialized usinga randomguess.
We optimizedon the �rst 50 framesof the sequence.The initial valuesand �nal
valuesof theoptimizedparametersfor two trials arereportedin table2.3. The�nal
valuesof theparametersfrom the two trials differ in partbecausethevariability of
theparametersis still fairly high(�gure 2.18).Dif ferentmotionsor longersequences
might further reducethe variability of the parameters.We choosethe parameter
set that minimizesthe sum of the error from the two trials. For instance,in the
following exampleof satinwaving, we choosethe parametersfrom experiment2.
This approachseemsto produceplausibleresultswith skirts and other validation
experiments.

Optimization progress. Figure2.19shows the staticshapeof the simulationbe-
foreandafteroptimization.Figure2.20showsthecorrespondinganglemapcompar-
ison. Thesetwo �gures show theprogressof theoptimizationandindicatethat the
minimumcorrespondsto avisually compellingmatch.

Metric validation. We compareeachof thefour optimizedanglemapsfrom sim-
ulation(correspondingto thefour fabrics)with thefour anglemapscomputedfrom
video. In �gure 2.21, eachcurve shows oneparticularfabric comparedwith four
simulations,correspondingto eachfabrictype.Weseethateachfabricin simulation
hasa minimum error whencomparedto its counterpartin reality. Figure2.21also
demonstratesthatour approachcouldbepotentiallyusefulfor recognizingdifferent
typesof fabricsin video.

2.5 Animation by InverseSimulation

Theparametersobtainedusingtheinversesimulationframework canbeusedto cre-
atenew simulationsunderdifferentconditions. In this section,we presenttwo ex-
amplesof using the estimatedcloth parametersto createnew animations. In the
�rst example,we simulatethe fabric swatcheswith new input excitations(waving
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Figure2.17: Waving resultsfor satin. The top picturein eachblock shows thereal
fabricandthebottomshowsthecorrespondingframefrom simulation.
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Linen Fleece
Parameters Start Exp1 Exp2 Start Exp1 Exp 2

Bend 1e-3 0.001 0.0008 1e-4 1.1e-5 0.0001
Stretch 4000 2016.8 2935.3 50 82.6 89.3
Shear 215.4 167.8 465.7 215.4 255.2 296.9

Benddamping 1e-7 3.1e-7 4.7e-7 2.2e-6 1.4e-6 1.3e-6
Stretchdamping 10 2.7 5.2 10 2.4 5.9
Sheardamping 10 3.9 5.5 10 1.6 9.8

Lineardrag 2 8.7 2.2 2 2.4 1.6
Quadraticdrag 2 5.6 2.0 2 3.1 0.3

Dragdegradation 2 0.4 1.3 2 4.3 1.2
E1(Error from Exp1) 94.2 85.9 93.1 208.8 179.6 222.2
E2(Error from Exp2) 115.7 113.0 100.9 233.2 230.2 180.2

E1+E2 198.9 194.0 409.8 402.4
Satin Knit

Parameters Start Exp1 Exp 2 Start Exp 1 Exp2
Bend 1e-5 6.4e-6 5.6e-6 1e-6 1.1e-6 1.2e-6

Stretch 50 26.4 32.4 50 69.7 12.7
Shear 50 97.7 74.2 50 37.5 60.0

Benddamping 1e-7 1.5e-6 1.2e-7 1e-7 1.0e-7 5.4e-7
Stretchdamping 10 0.6 4.5 10 4.5 3.9
Sheardamping 10 6.6 4.7 10 4.9 2.6

Lineardrag 2 4.8 0.8 2 1.5 1.0
Quadraticdrag 2 1.8 1.5 2 0.5 1.8

Dragdegradation 2 0.9 0.8 2 1.2 0.3
E1(Error from Exp1) 124.0 106.4 114.1 230.7 208.8 246.3
E2(Error from Exp2) 280.8 272.8 178.6 255.1 261.8 225.3

E1+E2 379.2 292.7 470.6 471.6

Table2.3: Parametersfrom two waving experiments.Line E1 shows the error for
Experiment1 with the initial conditionsandafter optimization. It alsoshows the
errorfor experiment2 whenrunwith theparametersfoundfor experiment1 without
furtheroptimization. Similarly line E2 shows the initial error for experiment2, the
errorafteroptimization,andtheunoptimizedresultwith thoseparameterson exper-
iment 1. The parameterset from the experimentshown in bold is selectedas the
�nal estimatefor eachexperimentbecausethis parametersetminimizesthesumof
the error from the two trials, E1 + E2. Satinhasvery differentstartingerrorsfor
thetwo experimentsalthoughtheinitial conditionsarethesameandtheerrorvalues
afteroptimizationalsodiffer signi�cantly. This disparityis causedbecausethe two
experimentshadsigni�cantly differentwaving motion.
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Figure2.18: Bar chartsshowing thevariability analysisresultsfor thewaving test.
Fromleft to right: linen, �eece, satinandknit. Legend:1=bend,2=stretch,3=shear,
4=benddamping,5=stretchdamping,6=sheardamping,7=lineardrag,8=quadratic
drag,9=dragdegradation.

motions).In thesecondexample,wecreatedskirt simulationsfor a virtual character
performingahop-scotchjump. In boththeseexamples,wevalidatetherealismof the
resultingsimulationsby comparingthemagainstvideoof realswatchesandskirts.

Animating waving fabrics. In orderto validatetheparametersobtainedfrom op-
timization, we simulatedfour typesof fabric swatchesexcited by the sameinput
waving motion(a simplesinusoidaltrajectory).This experimentallowedus to per-
form aside-by-sideevaluationof thesimulationsfor thedifferentfabricmaterial.For
comparisonwith groundtruth, we capturedvideo sequencesof the corresponding
real fabricswavedusinga MitsubishiPA-10 robotarm. Therobotwasprogrammed
to repeatthesamesinusoidaltrajectoryfor all the real fabrics,therebyensuringthe
sameinput excitation for all fabricsin reality andsimulation. Figure2.22andthe
accompanying videos2 show a goodvisualmatchbetweencorrespondingframesin
simulationandvideo.

Animating skirts. Weusedtheoptimizedparametersto simulatetheskippingmo-
tion of a humanactorwearinga skirt (�gure 2.23).Our skirt simulationuseda high
resolutionmesh(about5000nodes)to generatedetaileddynamicmotionsandwrin-
klesthatweremuchmorecomplex thantherectangularswatchesof fabricsusedfor
identi�cation. To simulateskirt-bodyandskirt-skirt interactions,we extendedour
cloth solver to robustly handleself collision [BFA02] andcollisionswith theactor's
body. We useddatafrom a full bodyopticalmotioncaptureof theactorperforming
theskippingmotionto drive theanimatedcharacterfor theclothsimulation.

Weobtaineda simpleskirt patternandhadfour matchingskirts(of differentma-

2http://graphics.cs.cmu.edu/projects/clothparameters/
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Figure2.19: Showing the improvementin shapematchafteroptimization. The top
row comparesa videoframeof �eece with simulationbeforeoptimization.Thebot-
tomrow shows thecorrespondingvideo/simulationpair afteroptimization.

terial) tailored.To creatematchingskirtsin simulation,we requirea cloth meshthat
hasthe samebasicshapeas the real skirts. We generatedthis meshfrom the sil-
houettesof theskirt patternusingtheMayapackage3. Mayaincludesthecapability
to generatea cloth meshboundedby an arbitrarysetof curvesin the plane. These
meshesareoptimizedto work with Maya's own Baraff/Witkin stylesolver. We ex-
portedthesemeshesfor usein ourown clothsolver.

We usedpiecewiserigid geometryfor theupperandlower legs,feetandhipsof
theactor, which simpli�es collision checkingin our solver andeliminatesthedif�-
culty of properlyskinningthemodel. To attachtheskirt to thebody, we selecteda
setof attachmentpointsfor themeshverticesalongthetop of theskirt. We ensured
thatattachmentpointswerewell-separatedaroundthewaistby choosingthembased
on arc-length.We createdanappropriateinitial conditionfor theanimationby sim-
ulatingtheskirt to wraparoundthewaistby allowing theskirt to fall underits own
weight andsimultaneouslypulling the designatedskirt points toward their attach-
mentpoints(usinga simpledampedspring). This pre-simulationstepensuredthat

3http://www.alias.com
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Figure2.20: Comparisonof anglemapsfor theshapesshown in �gure 2.19before
andafter optimization. Top Row (BeforeOptimization,from left to right): Angle
map from video, anglemap from simulation,anglemap SSD.Bottom Row: The
correspondinganglemapsafteroptimization.
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Figure2.21:Comparingtheoptimizedparametersin simulationfor eachfabricwith
the four real fabrics. For example,point 1 in the graphshows the error when a
simulationwith �eece parametersis comparedwith videoof satin. Similarly, point
2 is theerrorwhenthesatinsimulationis comparedwith realsatin.Thefour curves
haveaminimumwhenthey arecomparedto their correctcounterparts.
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Figure2.22:Validatingtheestimatedparametersusingthesameinputexcitation.The
top right cornerof the fabric is actuatedusinga MitsubishiPA-10 robot. Eachrow
shows thematchbetweenvideo(top) andsimulation(bottom)at four frameschosen
from a 100framesequence.Thefabrics,from top to bottom,arelinen, �eece, satin
andknit.
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theattachmentpointsreachedtheirdestinationsandtheskirt is well-settled(velocity
waszero)beforesimulatingwith the motion capturedata. During the simulation,
skirt pointsalongthewaistlineweremovedbasedon themocapdataat thehip. The
remainingpointsweresimulatedto follow themotionof theskirt points,afterresolv-
ing collisionandotherphysicalforces.Stiffnesswasnotamajorproblemwith skirts
becausethesimulationtimestepswerequitesmallbecauseof collisionhandling.

To generatethe motion datafor �gure 2.234, the actor repeatedthe samehop-
scotchmotion(approximately)for thefour differentskirts.Thevideosfrom ourweb
pageshow that the parametersobtainedfrom our optimizationapproachsuccess-
fully capturesthestaticshapeanddynamicpropertiesof skirtsof differentmaterials.
Becausethesimulationparametersweretunedto matchfolds, our algorithmworks
especiallywell on softer fabricslike knit andsatin that exhibit a lot of static and
dynamicfolds. However, the linen skirt appearsto be stiffer in simulationthanthe
real skirt. We attribute it to two factors– �rst, the seamstresscut the fabric along
thebiasto stitchthis skirt whereastheswatchusedfor estimationwascut alongthe
normaldirection(not alongthebias). Althoughwe tried to compensatefor thebias
effect by rotating the coordinatesystemof the skirt simulation(uv coordinatesin
Baraff/Witkin solver) by 45 degrees,this approximationdid not work well for stiff
fabrics.Second,our fold-basedmetricwasprobablynotveryeffectivefor stiffer fab-
rics likelinen,whichdonothaveany foldsin thestaticandwaving tests.Webelieve,
however, thatour techniquecaneasilybetunedto handlestiffer fabricsby assigning
higherweight to silhouettesover folds in themetric. In conclusion,our fold-based
metricis ideallysuitedfor softerfabricslikesatinor knit, whicharein generalharder
to simulateaccuratelywhencomparedto stiffer fabricslike linen.

2.6 Discussion

This chapterdescribedthe inversesimulationframework for identifying theparam-
etersof physicallybasedsimulationsof passive objectsfrom video. Our technique
hasbeenappliedto estimatethefree�ight parametersof rigid bodiesandthematerial
parametersfor differenttypesof cloth. Weshowedthattheestimatedparameterscan
beusedto createrealisticanimationsundernew simulationconditions.

We �rst experimentedwith rigid bodysimulations,which wasa simpleyet illu-
minatingexamplefor testingour inversesimulationframework. We simpli�ed the
estimationproblemby focussingonly onthefree�ight parameters.Ouroptimization
approachis well suitedfor rigid bodysimulationsfor severalreasons—thefree�ight
dynamicsis easyto modelaccurately, experimentswith realobjects(of reasonable

4http://graphics.cs.cmu.edu/projects/clothparameters/
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Figure2.23:Validatingtheestimatedparameterson a morecomplicatedmotionand
garment. We show (from left to right, top to bottom) several framesof an actor
skippingwhile wearinga �eece skirt. Thecorrespondingframesof theskirt in sim-
ulationshow thatour techniquecapturestheapproximateshapeanddynamicsof the
realskirt. Theseframeswereequallyspacedin time (0.5secondsapart).Thevideos
in thewebpageshow thevalidationresultson all four skirts.
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size)areeasyto perform,silhouettesfrom videocanbeextractedrobustly, andana-
lytical gradientscanbecomputedaccurately. However, tuning tumbling rigid body
simulationsprovedto beverychallengingbecausetheangularmotionsareextremely
sensitive to initial conditions[Sym71]. Moreover, theerrorspaceof thesilhouette-
basedobjective functionincludeslocal minima. In our experiments,we noticedthat
severaldifferentcombinationsof initial orientationsandangularvelocitiesresultin
silhouettesequencesthatlook similar while representingquitedifferentorientations.
This observation is especiallytrue for shortsequences,which do not have enough
informationto uniquelyidentify thetrueparameters.Nevertheless,with longerinput
sequencesandreasonableinitial guesses,our gradientbasedoptimizationsuccess-
fully identi�ed thesimulationparametersfor severaltumblingrigid bodysequences.

Next, we experimentedwith cloth simulations,whereour objective wasto iden-
tify parametersof four real fabrics. We capturedthebehavior of small swatchesof
fabric usinga setof dynamicandstatic testsanddemonstratedthat the optimizer
could identify appropriatesimulationparametersfrom thosetests. Theseparame-
tersproducedfour distinctandrecognizablefabricswhenappliedto amorecomplex
simulationof askirt asit wasdrivenby motioncapturedatafrom ahuman�gure.

However, cloth simulationswere much harderto matchwith real fabrics. To
matcha videosequenceaccuratelyusingour framework, thecloth physicsmodelas
well asthe collision algorithmshadto be chosencarefully. The choiceof integra-
tion schemeis crucial becauseextra dampingintroducedby implicit methods(e.g.,
Baraff andWitkin [BW98]) makescrispfolds impossibleto match.Parametersmust
be independentof the resolutionof the meshso that they canbe identi�ed on low
resolutionswatchesandappliedto higherresolutiongarments.Several cloth mod-
elsdo not satisfythis requirement.For example,thenon-linearbendmodelusedby
Choi andKo [CK02], doesnot scalewith meshresolution.Progressis beingmade
in theseareas,for example,Bridsonet al. [BMF03] introduceda scale-independent
bendmodelwith encouragingresults.

During the courseof this thesis,we experimentedwith a several cloth models
(Choi andKo [CK02], Baraff andWitkin [BW98]) differentnumericalintegrators
(implicit, explicit—RK4, leapfrog). We usedthe Baraff/Witkin modelwith an ex-
plicit integrator(RK4) for all our simulations.A majoradditionto this modelwasa
nonlinearityin thedragmodel. We alsomodi�ed themodelso that the parameters
scalecorrectlywith theresolutionsof theclothsimulation.

En routeto the metric usedin the experimentsdescribedhere,we tried a num-
berof othermetrics:comparingtheoverlapof thesilhouettes,thedistancefunction
betweensilhouetteedges,andusinginformationfrom internaledgesmarkedon the
fabric. Figure2.24showsa staticoptimizationresultthatfailedto capturethefabric
shapeandfolds eventhoughthe internaledgesmatcheswell. Themetric thatmea-
suresfolds andsilhouettes,in concertwith theprojectorfor thelight stripes,proved
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to bea simpleandeffective metric that far out-performedour earlierattempts.Our
anglemapmetricalsoperformsbetterthanmetricsthatoperateon fold edges(e.g.,
�gure 2.25).Webelievethattheerrorspaceof theanglemapis muchsmootherthan
theerrorspaceof thefold edgesbecausetheseedgesdependon adiscretethreshold.
Although our anglemapmetric alsousesa thresholdto computethe gradientmask
from reality, this thresholdjustalterstheweightsof theanglemaps(higherweightto
foldsoverplanarregions)andhencedoesnotaffect thenoiseof theerrorspace.

An effective strategy for debuggingthe blocksof the inversesimulationframe-
work wasto testthemon syntheticinput sequences.This testfactorsout any prob-
lemsthatmightarisedueto themodel's inability to accuratelymimic therealworld.
For example,we could simulatethe input waving motion with a pre-de�nedsetof
parameters,and determinewhetherthe metric steersthe optimizationtowardsthe
correctsolution.Repeatingtheoptimizationwith differentvaluesfor theparameters
anda differentdriving motionfor simulationwould alsogiveusa goodunderstand-
ing of the convergencepropertiesof the optimizer. After determiningthat a given
metricworkedon syntheticinput,wewould know thatproblemwith realinput were
eitherdueto inaccuraciesin the modelor computationof the metric on real video
images.

Thespaceof possiblemetricsis vast,of course,but oneclassof metricsthatwe
did not experimentwith arestatisticalmetricsthatcomputea functionof theshape
of thefabricacrosstimeratherthanevaluatingthematchona frame-by-framebasis.
The experimentswith the swatcheswerecarefully controlledto be shortandhave
initial conditionsfor thesimulationthatmatchedthoseseenin thevideo. If instead,
we wereto optimizeon morecomplicatedgarmentsor longersequences,thensuch
tight control of the initial conditionsis unlikely and a statisticalmetric might be
preferable.Sucha metricmight, for example,computetheaveragenumberof folds
acrossatimesequenceratherthanlookingfor afold to appearataparticularlocation
on theswatchin aparticularframe.

Becausethe main focusof this work was to achieve visual realismin simula-
tion, we qualitatively evaluatedthe estimatedparametersby performinga side by
sidecomparisonof our simulationresultswith real fabricmotion. An alternateidea
for evaluatingour resultswould be to performa blind testby presentinguserswith
the four unlabelledsimulations(for the four swatches),andaskingusersto match
eachsimulationto its counterpartfrom reality. Performingthe blind test for new
experiments(e.g.,draping)would allow usto visually evaluatethegeneralityof the
simulationparametersin new situations.

Anotherideato evaluatethe parameterestimatesobtainedfrom optimizationis
to performstatisticaltestssuchasN-fold crossvalidationusingdatafrom multiple
trails [Ste94]. For example,we could performthe waving testwith several initial
conditionsto obtaina representative datasetfor eachtypeof fabric. Thecrossval-
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idation techniqueestimatesthe parametersfrom a portion of this dataset (training
set)andevaluatestheestimatedparametersontheremainingdataset(testset).Vary-
ing thesizeandelementsof thetrainingandtestsetwould allow usto computethe
con�denceintervalsontheestimatedparameters[Nel00]. Moreover, usingdatafrom
differentexperimentsin thetrainingset(e.g.,waving,staticdraping,draggingfabrics
overdifferentsurfaces)would resultin parameterestimatesthatwould generalizeto
awide rangeof fabricbehavior.

Although the skirt is far morecomplex thanthe swatchesthat wereusedto de-
terminetheparameters,it is not ascomplex asmany garments,for example,a form-
�tting pair of pantsor a tailoredblazer. For morecomplex garments,choosingthe
parametersvia optimizationonsmall,�at swatchesmaynotbesuf�cient becausethe
shapeof thegarmentis determinedby darts,pleatsandby the interplayof different
fabrics(wool, lining, andinterfacing,for example).Morecomplex garmentsmayre-
quirethehanddesignof additionalteststhatmimic particularbehaviors or elements
of thegarmentin isolation.Moreover, themodelmightneedextraparametersto han-
dleanisotropiceffects,hysteresisandcouplingeffects(stretchingalongonedirection
causingshrinkingin theotherdirection),all of whichwouldneedspecializedtests.
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SIDE VIEW

FRONT VIEW

Real Simulation Edge Metric

Figure2.24:Exampleof a failedmetric.Thetop row shows theoptimizationresults
for knit using a patternof horizontal lines marked on the fabric. Only the static
parametersweretunedin thisexperiment.Thegreenlines(in thethird column)show
theedgesextractedfrom therealfabricandtheredlinesaretheedgesextractedfrom
simulation. (Thesamepatternwastexturemappedin simulation,it is not shown in
this �gure). Theedgesfrom simulationmatchwell with theedgesfrom videoafter
optimization. However, this metric doesnot guaranteea goodvisual match. The
bottomrow shows the sameresult from a differentcameraview, which highlights
themismatchin foldsbetweenthesimulatedandrealfabric.Thisexampleillustrates
that matchingpatternsdrawn on the fabric doesnot guaranteea perceptualmatch,
which motivatesour fold basedmetricthatmatchesfoldsdirectly.
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Video Simulation

Figure2.25: Anotheredgebasedmetricthatdid not work well for parameteridenti-
�cation. In thiscase,thesefold edgeswereobtainedby thresholdingtheanglemaps.
Thetop columnshows animageof thefabrics(in videoandsimulation)with a pro-
jectedpattern. We computedthe anglemapsfor both theseimagesandappliedan
edgedetectorto obtain the fold edgesin the middle row. The thresholdfor edge
detectionandthe scalewaschosenmanually, basedon the anglemapfrom video.
Thelastcolumnshowsthemismatchbetweenthetwo fold edges,wheretheredlines
show thedistancesbetweencorrespondingpointsin thetwo edgeimages(left image
shows correspondencesfrom edgepixels in blue to their closestgreenedgepixel,
right imageshows correspondencesfrom greento blue) . The main problemwith
thismetricwasits sensitivity to themanuallyselectedthreshold.A thresholdchosen
to detectfolds in stiff fabricsresultsin erroneousfolds in softerfabrics.This depen-
denceon thresholdmakesthe searchspacevery noisy andhencemakesthe metric
unreliable.
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Chapter 3

Animation by VideoEditing

Creatingphotorealisticanimationsof such natural phenomenaas water, �re and
smoke is animportantandchallengingproblemwith many applicationsin computer
graphics. Physics-basedtechniqueshave becomea popularchoicefor simulating
�uid �o wswith theadventof new algorithmsandfasterhardware.However, despite
enormousadvancesin simulationandrenderingtechniques,syntheticallygenerated
videoof naturalphenomenararelymatchesthecomplexity andbeautyof realworld
video footage. Video capturesthe complex variationsin the motion andtexture of
real �uids interactingwith their environment.Thusin this chapter, we explorehow
to directly model the dynamicsand appearanceof video and useit to createnew
animations.

Inversesimulationtechniquesfrom chapter2 couldpotentiallybeappliedto cre-
aterealisticsimulationsof naturalphenomenausingvideodata.However, extending
theinversesimulationframework to naturalphenomenais dif�cult becausewe need
customsimulatorsfor eachtypeof phenomena.For example,modelsfor simulating
water [FF01] vary signi�cantly from modelsfor smoke andgases[FSJ01,Sta99],
which in turn differ from modelsfor �re [NFJ02]. Moreover, in order to match
with real world measurements,physicalsimulatorswould requireprecisemodels
for wind andotherexternalforces. Although certaintypesof externalforces(e.g.,
wind, vortices)canbeeasilyparameterized[TMPS03], incorporatingtheir parame-
tersincreasesthe dimensionalityof thesearchspace,makingthe optimizationpro-
cessmuchharder.

In this thesis,we would like to develop an generalframework for animatinga
wide rangeof naturalphenomenafrom realvideo footage.Givena videosequence
of arealphenomenalikeawaterfall (or smokeor �re), ourobjective is to capturethe
essenceof thewaterfall andcreatenew videoof waterfalls thathave characteristics
that we can control. Here, essencerefersto the appearanceand dynamicsof the
naturalphenomenain video. This chapterpresentsa novel solution—a�o w-based
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(a)  Input (b)  Edited

Figure3.1: Givena videoof a waterfall on the left, our objective is to synthesizea
new waterfall with two extra channelsshown on theright. We proposea �o w-based
algorithmthatdirectly editstheinput videoto createtheoutput.

videoeditingalgorithm,thatgeneratescontrollableanimationsof �uidic phenomena
by editingthereferencevideoclip.

To motivatethis approach,considerthatwe have a shortreferencefootageof a
waterfall shown in �gure 3.1(a). Leveragingsuchfootagefor specialeffectsis dif-
�cult, however, becausea naturalscenemaynot matchthedirector's intentions.He
mightwantawaterfall with four channels,for example,�gure 3.1(b).Modifying the
physicalsettingto achieve this effect in therealworld maybeexpensive or impos-
sible.Our techniqueallows theuserto modify realworld footagewhile maintaining
its naturalappearanceandcomplexity. We demonstratethis capabilityby modifying
scenesof waterfalls,a river, �ames,andsmoke.

Our algorithm works in two steps,�rst creatingan in�nite sequencefrom the
input andthenusingit to createin�nite editedsequences.In the�rst step,our algo-
rithm capturesthedynamicsandtexturevariationof theparticlesalonguser-speci�ed
�o w linesin theinput video. Figure3.2(b)showsa setof user-de�ned �o w lines(in
blue) sketchedover the input video (�gure 3.2(a)). The algorithmgeneratesan in-
�nite sequenceby continuouslygeneratingparticlesalongthe input �o w lines. To
createtheeditedvideo,theuserspeci�esanew setof �o w linesin red,shown in �g-
ure3.2(c),andspeci�esthecorrespondencebetweentheoutput(red) �o w linesand
theinput (blue)�o w lines.Ouralgorithmgeneratestheeditedvideoby continuously
generatingparticlesalongtheoutput�o w lines(�gure 3.2(d)).

Our approachworks on naturalphenomenasuchaswaterfalls whosebehavior
canbe characterizedasmotion of texturedparticlesalongwell-de�ned �o w lines.
Thekey to our synthesisstepis an insightaboutthecontinuityof �o ws thatmakes
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(a) Input

(b) Specify
 Input

(c) Specify
     Edit

(d) Edit

Sketch input flowlines

Sketch output flowlines 
and correspondence

Render

Figure3.2: A visual�o w chartof our synthesis/editingalgorithm.An artistsketches
theblueinput �o w lines,theredoutput�o w lines,andspeci�esthecorrespondence
betweenthe two pairs of �o w lines. The algorithm automaticallysynthesizesan
in�nitely longeditedsequence,oneframeof which is shown.
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it extremelysimpleto createin�nite loopedvideowithout apparentdiscontinuities.
Oursynthesisprocedureenforcestemporalcontinuityby forcingtheparticlestocom-
pletetheir pathalongthe �o w lines. In contrast,simply looping a shortvideo clip
to producean in�nite sequenceproducesa jarring artifact becauseall particlesare
interruptedsimultaneouslyin their pathalongthe�o w line.

Wehavetestedouralgorithmonavarietyof sequencessuchaswaterfalls,streams,
smokeand�ames. Ourtechniquecanbeappliedto any phenomenathatexhibitscon-
tinuous�o w of pixelsalongconstant�o w directions.We leveragetheuserto de�ne
�o w lines on both the input andoutput video. Our framework allows the userto
performsigni�cant edits to the scene—changingthe terrainof a waterfall, adding
obstaclesalong the the �o w or addingwind to smoke and �ames. We show that
�o w linesprovideanintuitiveandeffectiveuserinterfaceto edit videosequencesof
naturalphenomenon.

The restof this chapteris organizedasfollows: we begin with a discussionof
relatedwork in creatingphotorealisticanimationsof naturalphenomena.Then,we
presentour key insight for generatingin�nite sequencesfrom shortvideoclips, and
describean implementationusinga particle-basedalgorithm. The next sectionde-
scribesour editingframework, wherewe presentthealgorithmdetailsandshow the
resultson severalsequences.We thendiscussthe limitations of our currentframe-
work andshow a few interestingextensionsthat addressessomeof the limitations.
Finally, weconcludewith a list of contributionsanddirectionsfor futureresearch.

3.1 RelatedWork

Creatingrealisticanimationsof �uid �o w is anactive areaof researchin computer
graphics.Physics-basedsimulationtechniqueshave beensuccessfullyusedto sim-
ulateandcontrol �uids (e.g.,[Ree83, Sta99,TMPS03]). Earlierwork in simulating
�uid-lik ephenomenon(�re, smoke,cloud,etc.) useddynamicparticlesystems,that
wasintroducedinto computergraphicsby Reeves[Ree83,RB85]. Individual parti-
cleswithin a particlesystemmove in three-dimensionalspace(underthe in�uence
of user-de�ned forces)andalsochangeover time in color, transparency, andsize.
Particle systemsprovide a high degreeof usercontrol over the simulationandare
very intuitiveto use.Therenderingprocesscanalsobeparallelized[Sim90] because
the individual particleshave independentattributes,andhencecanberenderedsep-
arately. However, specifyingthe force �elds andcolor attributesfor complex �uid
motionsis very laborious.Therefore,designingparticlesystemsto matchrealvideo
footageis laborintensive.

In contrast,modernphysicalsimulators(e.g.,[Sta99,FSJ01,FF01, LF02]) pro-
ducestunningphotorealistic�uid animationsby usingsophisticatedmodelsfor dy-
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namicsand light transfer. Thesetechniquesmodel �uid motion using the Navier-
Stokesequationsandintegratetheseequationsovera2D or 3D grid. Severalof these
alsoprovide indirectmethodsfor controllingthesimulation,for exampleusingcolli-
sionobjects[FF01]). However, thesetechniquesarecomputationallyexpensiveand
areusuallytailoredfor a singletypeof naturalphenomenasuchassmoke,water, or
�ame. Moreover, directlycontrollingthesesimulationsis veryharddueto thechaotic
natureof the underlyingequationsof motion. A few recentpapershave addressed
theproblemof controlling�uids for speci�c domains.For example,Lamorletteand
Foster[LF02] presenta semi-automaticframework for producingcontrollablesim-
ulationsof �re. Treuille et al. [TMPS03,MTPS04]usea gradient-basednonlinear
optimizationframework to control the simulationsof smoke and water. Fattal et
al. [FL04] presenta closed-formsolutionfor controlling smoke simulationsby al-
lowing the userto specifyhigh-level directions. Onceagain,thesetechniquesare
speci�cally designedfor controlling a particularsimulation(e.g.,smoke) andmay
notgeneralizeto othertypesof naturalphenomena.In contrast,our techniqueworks
on a wide rangeof naturalphenomenacharacterizedby continuous�o w alongwell
de�ned directions. Our approachthat modelsvideo using particlesautomatically
achievesphotorealism,while allowing a wide rangeof interestingeditsby manipu-
lating theparticletrajectoriesin video.

Recently, severalresearchershaveattemptedto modelthetexturedmotionof �u-
idic phenomenain videoandsynthesizenew (andtypically longer)imagesequences.
WangandZhu [WZ02] presenta generativemodelfor analysisandsynthesisof nat-
ural phenomenonfrom video. Their algorithmusesa secondorderMarkov chain
to automaticallymodel the motion of texture particlesin video. They usethe EM
algorithm to infer the propertiesof the Markov chain. Doretto et al. [DCSW03]
useAuto-Regressive �lters to modelandedit thecomplex motionof �uids in video.
Non-parametricmodelsfor texturesynthesishavebeenappliedto create3D temporal
textures(e.g.,[WL00]). Thegraphcutsalgorithmcombinesvolumesof pixelsalong
minimumerrorseamsto createnew sequencesthatarelongerthantheoriginalvideo
[KSE+ 03]. Anotherclassof synthesistechniquescreateslongervideosfrom short
clips by concatenatingappropriatelychosensubsequences,andallows for high level
control over moving objectsin video (e.g.,[SSSE00],[SE02]). Most of thesetech-
niquesfocuson creatinglongvideosequencesfrom shortclips with little or no edit-
ing capabilities.In this thesis,weareinterestedin performingsubstantialeditsto the
video,resultingin in�nitely long editedsequences.However, editinghasbeenwell
studiedfor imagesandtextures. ImageAnalogies[HJO+ 01] usesa non-parametric
learningtechniqueto edit imagesusingthetexture by numbers framework. Theim-
agequilting algorithm[EF01]andthegraphcutsalgorithmpresentseveralexamples
of textureediting.Ouralgorithmprovidesa �o w-basedtechniquefor editingvideo.

Our synthesisapproachis very simpleandproducesresultsthatarecomparable
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to previousvideosynthesisalgorithmsonsequenceswith continuous�o w. Addition-
ally, our techniqueallowsanartistto specifyeditsintuitively by sketchinginput and
desired�o w lineson top of animage.Thenext sectiondescribesthecentralideaof
thesynthesisstepthatallows usto generatein�nitely long sequenceswith no visual
discontinuities.

3.2 SynthesizingIn�nite Sequences

In thissection,wepresentaparticle-basedframework for modellingvideosequences
of suchnaturalphenomenonaswaterfalls, streams,smoke and�re. This modelal-
lowsusto synthesizenew sequencesby varyingtheparametersof theparticlesystem.
Beforediscussingthedetailsof ourmodel,we�rst presentashorttutorialonparticle
systemsandtheirapplicationsin computergraphics.

3.2.1 A Brief Tutorial On Particle Systems

Particle systemshave traditionally beenusedin computergraphicsfor modelling
fuzzy objectssuchas �re, clouds,smoke or water [Ree83]. A particle systemis
de�ned asa collectionof particleswhosemotion,color andotherattributesarecon-
trolled by userscriptedrules(or forces). The particleattributes—positions,veloci-
ties, colors,transparencies,size,age,etc.—aretypically stochasticin nature.Each
particlegoesthroughthreedistinctphasesin its life cycle: generation,dynamics,and
death.Particlesin thesystemarestochasticallygeneratedfrom userspeci�edemit-
ters,andaredestroyedafter their lifetime exceedsa pre-de�nedthresholdor if they
gooutof theview area.

Particle Dynamics. Themotionof particlesis governedby user-speci�edvelocity
or force �elds. In a �rst orderparticlesystem,theuserde�nes a velocity �eld over
a grid (workspace)andthe particlesareadvectedthroughthe velocity �eld. These
velocity �elds are typically generatedprocedurally(e.g., Flow Tiles [Che04]), or
from physics(e.g., StableFluids [Sta99]). In a secondorder particlesystem,the
userspeci�esa force �eld on the workspaceandthe particlesmove in responseto
theseforces[Ree83,RB85]. Gravity, wind and collisions are typical ingredients
of handcraftedforce �elds. In somecases,the particle dynamicscan be purely
procedural,for example,whenparticlepositiondependson positionsandvelocities
of otherparticles,asseenin �ocking behavior [Rey87]. Additionally, theattributes
of eachof theparticlesmayvaryovertime. For example,thecolorof aparticlein an
explosionmaygetdarkerasit getsfurtherfrom thecenterof theexplosion,indicating
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that it is coolingoff. In general,eachof theparticleattributescanbespeci�edby a
parametricequationwith timeastheparameter.

Particle Rendering. Particlesare typically representedasblobs,streaks,clouds,
tubesor sprites. Although the speci�c detailsof renderingeachparticle type dif-
fers, most renderingalgorithmshave a few commonfeaturesin order to scaleto
largenumber(tensof thousands)of particles.For example,mostalgorithmsrender
eachparticleindependentlyandlatercombinethe(projected)colorsin screenspace.
Thissimpli�cation allowsparticlesto berenderedin parallelandeliminatestheneed
for hiddensurfaceremoval algorithms.For increasedrealism,sprite-basedparticle
renderersusetexturepatchesfrom realimages[PDI01] for renderingstochasticphe-
nomenalikesmoke and�re, insteadof usingblobsor streaks.Thesetextures,either
handdrawn or manuallychosenfrom images,arevariedprocedurallyasthe parti-
cle evolves. Our algorithm, in contrast,automaticallyextractsthesetime-varying
texturesfrom video.

Particlesystemsarevery intuitive to useandprovide a high degreeof usercon-
trol. However, designingthedynamicsandappearanceof particlesystemsto match
with real �uids is very laboriousand often impossible. Our algorithm addresses
theselimitationsby automaticallyestimatingtheparticledynamicsandits timevary-
ing texture attributesfrom video. We evaluatethe quality of our particlemodelby
creatingin�nitely long simulatedsequencesandcomparingthemsideby sidewith
thecorrespondinginputvideo.

3.2.2 Modelling VideoUsingParticles

Oursynthesisalgorithmusesparticlesystemsto modelvideoof naturalphenomena.
Ratherthanhandcrafting the dynamicsandappearanceof particles,our algorithm
derivestheseattributesfromvideousingacombinationof userinteractionandmotion
estimationtechniques.

Our techniqueis ideally suitedfor modellingphenomenathathave time-varying
appearancebut roughlystationarytemporaldynamics[DCSW03]. For example,the
velocity at a single�x edpoint on a waterfall is roughlyconstantover time. Conse-
quently, thesephenomenacanbedescribedin termsof particlesmoving along�x ed
�o w lines(possiblycurved) thatparticlesfollow from thepoint at which they enter
the imageto thepoint wherethey leave or becomeinvisible dueto occlusions.The
�o w lines,which aresketchedby a user, de�ne theparticletrajectoriesin the input
video(�gure 3.3). Theparticleattributes—velocity andtexture(a rectangularpatch
of pixels,�gure 3.3(b))—changesastheparticlemovesalongthe�o w line.

Our video texturesynthesistechniqueproducesseamless,in�nite sequencesby
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(a) Flow line (b) Particles

Figure3.3: (a) A �o w line sketchedon Niagarafalls. (b) Particlesmoving alongthe
�o w line.

modellingthemotionandtextureof particlesalonguser-speci�ed�o w lines.We�rst
describethe way in which the particlesmove in video,andthendescribehow they
arerenderedusingtexturepatches.

Particle Dynamics. To begin, considerthecaseof a single�o w line in theimage,
asshown in �gure 3.4(a). Any particle that begins at the startof the �o w line d1

will passthrougha seriesof positionsd1; d2; : : : ; dn during its trajectory. The par-
ticle's velocity alongthe �o w line may be time varying; thusthe positionsdi need
not be evenly spaced.The particle's texture may vary as it movesalong the �o w
line (�gure 3.4(b,c,d)).

We representthe temporalevolution of particlesalongthis �o w line asfollows.
De�ne asamatrixM (d; t) = (p; f ), wherep refersto aspeci�c particle,andf spec-
i�es the framein the input sequencewherethatparticleappearsat d. Figure3.5(a)
plotsM (d; t) for the input sequence,wherethenumberin eachcell correspondsto
f andthe color to p. The �rst columnof this matrix shows the particlesandtheir
positionson the �o w line in frame1 of the input (hencetheseentrieshave f = 1).
Therednumbers,for example,show thepathof asingleparticleduringthecourseof
theinput sequence.

Whenthesequenceis looped,thereis adiscontinuity(verticalblackline)between
frames5 and6 becauseparticlesabruptlymove to different locationsor disappear
altogether. This discontinuityappearssimultaneouslyfor every pixel in the image
makingit averynoticeableartifact.

We canreducethis discontinuityby a simplechangeto the entriesof M (d; t).
The modi�ed matrix is obtainedby repeatingthe �rst K diagonalsof the original
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Figure3.4: A particle-basedrepresentationfor video.(a)A particlemoving alongits
�o w line. (b) Particletexturemoving alongthesame�o w line over time. (c) Texture
variation of a real particle from the Niagarasequence.For clarity, we show the
particletextureevery6th frameasit movesalongthe�o w line. Theparticlevelocity
increasesastheparticlemovesdownwardaswouldbeexpecteddueto gravity. (d) A
�lmstrip (left-right, top-bottom)showing the particletexture for eachframeasthe
particletravels downward alongthe �o w line. The texture of two adjacentcells is
similar, which facilitatestracking.However, thetexturevariessigni�cantly between
thebeginningandendof the�o w line.
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Figure3.5: (a) Plot of M (d; t) showing theparticleson a single�o w line over time
in the input sequence.Numbersspecifyframes,andcolorsspecifyparticles. Note
thatthereis a discontinuityfor eachparticlealongthe�o w line betweentime t = 5
andt = 6 whentheinputsequenceis looped.(b) In contrast,oursynthesisalgorithm
maintainstemporalcontinuity along �o w lines. Although thereis a discontinuity
alongthe diagonalsteppedline, it is lessnoticeablebecauseall particlescomplete
theirpathsalongthe�o w line.
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(a) (b) (c)

Figure 3.6: Computingthe particle texture and velocity from video. (a) shows a
particlealongthe �o w line. To computeits position in the next frame,we search
alongthe �o w line to �nd the mostcorrelatedblock in the next frame. The white
region in (b) shows thesearchwindow alongthe�o w line. Thebestmatchingblock
is shown in (c).

matrix. For example,the shadedentriesof �gure 3.5(a)are repeatedto produced
�gure 3.5(b). While the modi�ed matrix is composedof a subsetof the sameen-
triesasin (a), it enforcestemporalcontinuitybecauseeachparticlecompletesits full
pathalongthe �o w line. Theverticaldiscontinuityin �gure 3.5(a)is replacedwith
a ladder-shapeddiscontinuitypatternin �gure 3.5(b),with onespatialdiscontinuity
in eachcolumn,correspondingto anabutting pair of patchesin theoutputsequence
that werenot adjacentin the input sequence.Thesespatialdiscontinuitiesaredif-
�cult to detect,however, becausethe abutting pair of patchesmove togetherin the
outputsequence.Thissimpleprocedureletsuscreateamatrixof arbitrarywidth that
preservestemporalcontinuityfor all particlesalongthe�o w lines.

We implementtheprocedurein �gure 3.5(b)by sequentiallygeneratingparticles
at d1 from a subsetof K input particles(shadedin �gure 3.5(a)),andmoving them
alongthe �o w line over time. First, anartist sketchesa densesetof �o w linesover
theinputvideo.Then,wecomputeandstoretheparticlevelocitiesandtexturesalong
these�o w lines. Theparticlevelocitiesarecomputedasfollows. For a givenparti-
cle locationin thecurrentframe,we searchalongthe �ow line for a corresponding
locationin the next framethat bestmatchesthe texture of the currentparticle(�g-
ure3.6). This procedureperformsa constrainedform of optical �o w alongthe�o w
line [TV98]. Therectangularpatchof pixelsaroundthebestmatch locationbecomes
theparticletexture for thenext frame. We repeatthis procedureto computetheat-
tributesfor particlesstartingatdifferentframesin theinputvideo(for all �o w lines).
For example,�gure 3.7shows thetextureattributesfor four particlesthatstartfrom
the top of the �o w line at differentframesof the input video. All thesynthesispa-
rameters,includingthenumberandspacingof �o w lines,andthesizeof theparticle
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Figure 3.7: Showing the temporalhistory of four particlesthat start at different
framesof theinput video. Thevariationof theparticleattributesalongthe�o w line
for all four particlesaresimilar (but not identical).This sequenceis a goodexample
of astationaryprocess.

texture(rectangularregion)arecontrolledby theartist.
The userplaysa crucial role in the modellingstepby specifyingthe input �o w

lines.These�o w linescapturetheuser's intuition aboutthedynamicsof particlesin
video. Suchuserinteractionenablesour algorithmto model(andsynthesize)com-
plex sequenceslike Niagarafalls. Modelling suchsequencesusingexisting optical
�o w algorithmsis challenging,especiallyat interfaces(e.g.,waterandmist).

Particle Rendering. Oncetheparticlepositionsalongthe �o w lines in eachnew
imagearedetermined,thesystemblendstheirtexturesto producetherenderedresult.
Recallthatwe storetheparticletextureasit evolvesalongthe�o w line in theinput
sequence.Renderingsimply involvesdrawing thepatchof texturearoundeachpar-
ticle, andusingfeatheringto blendthe overlappingregionsfrom differentpatches.
Thefeatheringmethodassignsa weight to eachpixel in theoverlappingregion that
is inverselyproportionalto its distanceto theedgesof theoverlappingregion.

Generality. Ourapproachworksbestfor inputsequencesthathavestationarytem-
poraldynamics.Waterfalls andriversareexamplesof continuousphenomenawhere
the velocity (magnitudeand direction) at any �x ed point in the imageis roughly
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constantover time. Phenomenalike �ames rising upwardor smoke from a chimney
(withoutwind) canalsobemodelledwith asimpleextensionto ourmethodfor de�n-
ing particledynamics.For suchinput sequences,weallow thevelocitymagnitudeat
each�x edpoint on a �o w line to vary over time. Unlike �gure 3.4(a),particlesthat
begin at thestartof the �o w line d1 at differenttimest will passthrougha different
seriesof positionsd1(t); d2(t + 1); : : : ; dn (t + n � 1) alongthesametrajectory. This
modi�ed procedureusesthestepsfor dynamicsandrenderingdescribedin thepre-
vious paragraphs,however, particleswith differentframeindicesf may now have
differentvelocity magnitudesalongthe �o w line. Althoughthis extensionis anap-
proximationto input video with non-stationarydynamics,it seemsto work well in
practicefor videoof �ames andsmoke wheretheoverall directionof �o w remains
almostconstant.

3.2.3 SynthesisResults

We usedour algorithmto synthesizelong imagesequencesfor naturalphenomena
suchaswaterfalls, rivers,smokeand�ames1. For mostof theseexamples,wecreate
a long temporalsequencefrom ashortclip of video(approximately50 frameslong).
We usedtexture patchesof 24 � 24 pixels for all sequencesexcept �ame, where
the patchsizewas100� 100pixels. Our renderingspeedsin Matlab (framesize
320� 240) wereroughly20 secondsper frameon a 2GHzPentiumPCwith 512M
RAM.

Niagara Falls: Thissequencehasseveraldistincttextureregions,with clearwa-
ter on the top, foamy wateron the left andsprayon the bottom(�gure 3.8). Each
region alsoexhibits a signi�cant variationof texturealongthe�o w lines. Our algo-
rithm doesnot modelthechangein transparency of thefoamrising from thebottom
right portion of the image(where�o w lines from thesetwo regionsoverlap). This
effect causessomevisual artifactsat the interfacebetweenwaterand foam in the
synthesizedin�nite sequences.

Waterfall: We sketcha setof vertical �o w lines to capturethe watermoving
down andanothersetof radial�o w linesto modelthecollisionsat thebottomof the
fall (�gure 3.9).Theinterfacebetweenthewaterfall andthelakeatthebottomcauses
interestingfoampatterns,whicharecapturedin thetemporallyextendedsequences.

Stream: Here,the�o w linesaremostlyhorizontal,exceptfor regionswherethe
waterrisesdueto collisionswith theunderlyingrockbed(�gure 3.10).

Smoke: This exampleshows our algorithmappliedto a sequencethat exhibits
intermittentmotion along �o w lines (�gure 3.11). However, the overall direction
of thesmoke motionalmostremainsconstantthroughouttheinput sequence,which

1http://graphics.cs.cmu.edu/projects/�ow/
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Figure3.8: Thesynthesisresultsfor Niagarafalls. The�rst columnshowsoneframe
of theinputsequenceandtheuserspeci�ed�o w linessuperimposedontheinput. The
last threerows show nineconsecutive frames(scan-lineorder)from a long synthe-
sizedsequence.Theredcircle drawn on theresultshows themotionof theparticles
in thesynthesizedvideo.
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Figure3.9: Synthesisresultsfor awaterfall, with theinputshown onthe�rst row and
nineconsecutive framesof theoutputshown in thenext threerows.
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Figure3.10: Synthesisresultsfor a streamsequence,with the input shown on the
�rst row andnineconsecutive framesof theoutputshown in thenext threerows.
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Figure3.11: Synthesisresultsfor a smokesequence.Theinput is shown on the�rst
row andnineconsecutive framesof theoutputareshown in thenext threerows.
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Figure3.12: Synthesisresultsfor a �ame sequence.Theinput is shown on the �rst
row andnineconsecutive framesof theoutputareshown in thenext threerows.
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particles = 5

particles = 15

particles = 25

Input Video

Figure3.13:Theeffectof varyingthenumberof particlesusedin thesynthesisstep.
The�rst threerowsshow afew framesof thesynthesized�ame usingdifferentnum-
ber of input particles,andthe last row shows the input video. The texture patterns
in the �rst row shows very little variationover time. However, aswe increasethe
numberof particlesusedin thesynthesis,thesynthesized�ame beginsto capturethe
dynamicsandappearancepropertiesof theinput.
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makesthe static �o w line assumptionhold. Particlesthat startat different frames
havedifferentspeeds(magnitude)alongthe�o w line.

Flame: We model the �ame using particlesmoving on a single vertical �o w
line (�gure 3.12). Similar to thesmoke example,the�ame directionthroughoutthe
sequenceis almostconstant(vertical, in this example). However, the speed(mag-
nitude)andtexture of differentparticles(that startat differentframesof the input)
vary quitea lot for this example.This differenceresultsin interestingartifacts(�g-
ure3.13)whenwe vary thenumberof particlesusedin thesynthesis.For example,
usingfewer particlescausestexturerepetitionalongthe �o w line, becauseour syn-
thesisalgorithmusesthe(smallnumberof) particlesrepeatedlyto createtheoutput.
Using moreparticlesreducesthis effect andmakesthe synthesizedresultresemble
theinput �ame.

3.3 Editing

Thesynthesisalgorithmdescribedin theprevioussectioncanbeextendedto support
editingby synthesizingtextureoveranew setof �o w lines.Our framework requires
theuserto performthefollowing two steps(�gure 3.14):

� Sketchnew (output)�o w lines(�gure 3.14(a)).Thisstepspeci�esthedirection
of motion of particlesin the resultingedit. The setof output �o w lines are
typically muchsparserthantheinput.

� Specifycorrespondencebetweentheinputandoutput�o w lines(�gure 3.14(b)).
Thisstepspeci�esthetexturealongtheoutput�o w lines.

Thesetwo stepsallow theuserto creatively specifythedesirededit. Our algorithm
�rst interpolatesthesketched�o w lines(red)to createadensesetof �o w lines(green
lines in �gure 3.14). To generatethe �nal editedvideo,our algorithmperformsthe
following steps:

� Computethecorrespondencebetweentheinterpolated�o w linesandtheinput
�o w lines.Thisassignmentis achievedautomaticallyusingdynamicprogram-
ming.

� Renderoutput�o w linesby warpingthesynthesizedinputtextureto theoutput.

Corr espondencesfor interpolated �o w lines: We usedynamicprogrammingto
�nd a globally optimal setof correspondencesbetweenthe interpolated�o w lines
andtheinput �o w lines.Let Y bethedensesetof input �o w linesandX bethesetof
edited�o w lines.For everypair (x � 1; x) of neighboringeditedsplines,wecompute
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(a)

(b)

(c)

Figure3.14:Theleft columnshowsaninputwaterfall sequenceandtheright column
shows an editedwaterfall createdusingour algorithm. (a) The animatordraws the
�o w lines in the input image,shown in blue. To specifyanedit, shedraws a sparse
setof �o w linesin red. Then,shespeci�escorrespondencesbetweenall edited�o w
linesandtheinput �o w lines(two of theseareshown in (b)). Thesystemgeneratesa
setof interpolated�o w lines(thick greenlinesin (c)) andcomputesacorrespondence
with theinput �o w linesautomaticallyusingdynamicprogramming.
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Input (Y) Edited (X)

Figure3.15:For asetof neighboringedited�o w lines(x� 1; x) andtheircorrespond-
ing input �o w lines(y0; y), thepatchoverlaperrorcomputesa leastsquaredifference
betweenthecolorsof overlappingregions,shown in green.

thepatch overlaperror E(x � 1; y0; x; y) for all possiblepairs(y0; y) of inputsplines
(�gure 3.15).We evaluatetheoverlaperrortermby synthesizingthe�o w line x � 1
using texture from y0 and the neighboring�o w line x using texture from y. The
error is de�ned asthe sum-squarederror in color in the overlappingregionsof the
two textures,averagedover a �x ed numberof frames(30 in our experiments).To
computethecorrespondence,weminimizethefollowing costfunction:

C(x; y) = min
y0

[C(x � 1; y0) + E(x � 1; y0; x; y)] (3.1)

wherex 2 X , y 2 Y andy0 2 Y. Although the dynamicprogrammingapproach
is anO(N 2) algorithm(andhenceslow), it producesa setof interpolated�o w lines
whosecolorsmatchwell.

Rendering the output �o w lines: Wewarpthetexturealongtheinput �o w line to
synthesizetexture over the edited�o w line, usingthe tangentinformationbetween
correspondingpointsof the two curves(�gure 3.16). A simpleschemefor assign-
ing correspondingpointsbetweenthetwo �o w linesis to choosepointsof equalar-
clengths(from thestartof the�o w line) alongthetwo curves.An alternativeis to add
atermto thewarpingfunctionthatscalesthearclengthsof theinputto beequalto the
edited�o w lines. This methodproduceseditedtexturesthatarescaledandwarped
versionsof thetexturefrom theinput �o w line. Theanimatorchoosesbetweenthese
two schemesto createdifferenteffectsin theeditedsequence(�gure 3.17).
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Figure3.16: Schematicshowing the transformationsusedto transfertexture from
an input �o w line to an edited�o w line. For example,the greenandred pixels in
the edited�o w line are obtainedfrom the input particle texture using the tangent
informationat correspondingpoints.

S
S

S

S

Figure3.17: Resultof editing a smoke sequenceby manipulating�o w lines. Cor-
responding�o w lines have the samecolor in this picture. The �o w lines from the
secondand third chimney in the editedsequence(shown with letter S) are scaled
becausetheinputandedited�o w lineshavedifferentlengths.
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(a)

(b)

(c)

(d)

(e)

(f )

Figure3.18:Variouseditingresultsobtainedusingour �o w-basededitingalgorithm.
Theleft columnshow aframeof theinputvideowith theinput �o w lines,themiddle
columnshowstheedited�o w linesandtheright columnshowsa frameof theedited
videosynthesizedby ouralgorithm. 90



3.3.1 Editing Results

We demonstratea rangeof creative editson videosequencesof waterfalls, streams,
smoke and�re by manipulatingtheir �o w lines in video. The input clips werethe
sameonesthatwe usedin theprevioussectionto createin�nite sequences.Because
editingis acreativeprocess,mostof theseexamplestookafew iterationsof �o w line
sketchingandcorrespondencespeci�cationbeforethedesirededitwasfound.These
editsdemonstratetheeffectivenessof our �o w-basedinterfacefor creatingdramatic
editsto thescene.

Niagara Falls: We editedthe Niagarasequenceto changethe landscapeand
remove the foamy portion of the waterfall. The resultingeditedsequenceandthe
corresponding�o w lines areshown in �gure 3.18(a). We theneditedthe waterfall
to addsomeextra foamon thebottomright cornerof thewaterfall (�gure 3.18(b)).
This edit simulatestheeffect of changingthe terrainunderthewaterfall, asif there
wereextra rockscausingthenew foamto appear. In boththeedits,we removedthe
mist (thewavy linesrising from thebottomleft) from theinputvideo.

Waterfall: In thisexample,weaddedtwo extrachannelsto awaterfall sequence
(�gure 3.18(c)). The terrainon the top of thewaterfall wasalsoeditedto createan
effectof waterforking off to thefour channels.

Stream: Here,weeditastreamsequenceto simulatetheeffectof watercolliding
againsta trunk (�gure 3.18(d)). We edit the water �o w lines to curve aroundthe
trunk andusethefoamytexture(wherewatercollideswith rocksin theinput video)
to createtheeffectof watercolliding againstthetrunk.

Flame: We modelthe input �ame videousingparticlesmoving on a singlever-
tical �o w line. Figure3.18(e)shows one frameof an editedsequence,wherewe
simulatetheeffect of wind blowing to theleft by specifyinganedited�o w line that
curvesleft.

Smoke: This exampleexhibits intermittentmotionalong�o w linesassmoke is
emittedfrom a chimney (�gure 3.18(f)). We adda extra chimney andchangethe
directionof thesmoke to createaneditedfootage.

3.4 Physics-BasedFlow Lines

The �o w-basedediting algorithmpresentedin this thesisallows an artist to create
photorealisticanimationsfrom videoby specifyingthe input andoutput�o w lines.
Althoughourframeworkprovidestheartistwith thefreedomtosketchwhathewants,
hehasto have thejudgementto do thingsthatarephysicallyrealistic.For example,
thesmokestackin �gure 3.17maynotproduceaconvincingresultbecausethesmoke
leavesthethreestacksin verydifferentdirectionsin theeditedsequence—something
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that would not happenin real life. In suchsituations,it is easier(andmorephysi-
cally accurate)to generatetheoutput�o w linesautomaticallyfrom simplephysical
simulations.Speci�cally, we show two editingexamplesthatusea 3D particlesys-
temin Maya2 to createtheoutput�o w lines. Varyingtheparametersof theparticle
systemallows us to edit the input video in several interestingways. Note that the
physicsmodelusedhereis verysimplebecauseits mainpurposeis to de�ne the�o w
lines—thedetailedparticledynamicsand texture are still obtainedfrom the input
video.

Example1: Controlling videowith a 3D particle system In the�rst example,we
createa controlledanimationof a waterjet colliding againstaninvertedbucket (�g-
ure3.19(c)).This simpleexampleillustratesthekey stepsfor incorporatingphysics
into our �o w-basedediting framework. The water jet in the input video follows a
parabolicpathin theair, collidesagainstthebucketandcurvesdownwardasit �o ws
down (�gure 3.19(a)). We approximatethe input water jet by manuallytuning a
3D particlesystemsuchthat theparticletrajectoryin simulationmatchesthewater
trajectoryin the input video (�gure 3.19(b)). This approximationgivesus a good
estimateof the simulationparameterssuchas the faucetpressureand the bucket
collision coef�cients (elasticityandfriction). Varying the faucetpressureor the lo-
cation/orientationof thebucket in simulationgeneratesnew outputtrajectories,that
allows us to control the water jet in video (�gure 3.19(c)). Continuouslyvarying
thesimulationparametersresultsin output�o w linesthatchangecontinuouslyover
time. For example,the faucetpressureis continuouslyvariedto follow themoving
bucket in �gure 3.19(d). To renderthis result, the video particlesaresynthesized
alongthetimevaryingoutput�o w lines.Thisexamplealsohighlightstheadvantage
of incorporatingphysicsbecausespecifyingtimevarying�o w linesmanuallyis very
hardand inaccurate.Although the correspondencebetweeninput andoutput �o w
lines is trivial for this example,it hasto be speci�ed manuallyin the generalcase
with multiple inputandoutput�o w lines.

Example2: Creatinga 3D city scene Thesecondexampleusesour framework to
createa�y-o veranimationof aCGcity with aphotorealisticwaterfall (�gure 3.20(c)).
Tocreatethisanimation,we�rst constructeda3Dmodelof thecity with alargechan-
nel in themiddlefor awaterfall. Similar to thepreviousexample,weusea3D parti-
cle systemto generatetheoutput�o w linesalongthewaterfall (greenlinesin �gure
�gure 3.20(a)).The3D particletrajectoriesin simulationaregovernedby theinitial
velocities,terraininteractionsandgravity. Theinput �o w linesandparticleattributes
of thewaterfall areobtainedfrom a videoclip of Niagarafalls (�gure 3.20(b)).The

2http://www.alias.com
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correspondencebetweenthe input andoutput�o w lines is speci�ed manually. We
generatethe�y-o vereffect by animatingthecamerain simulation,which causesthe
projected(output)�o w linesto vary continuouslywith time. Onceagain,we render
theresultingsimulationby synthesizingvideoparticlesalongthenon-stationaryout-
put �o w lines(�gure 3.20(c)).This exampleclearlydemonstratestheadvantagesof
usinga simplephysicsbasedsimulatorin conjunctionwith our video-basedrender-
ing techniqueto addphotorealisticelementsto syntheticscenes.

3.5 Discussion

The secondpart of this thesispresenteda framework for creatingandediting arbi-
trarily long videosfrom short input clips for a variety of naturalphenomena.We
usedthis techniqueon imagesequencesof waterfalls, rivers,�ames,andsmoke. For
thesephenomena,oursynthesisresultsarecomparableto thebestexistingvideotex-
turesynthesistechniques.Our systemalsoprovidesanintuitive interfacefor editing
video.

A key contribution of this work is the simplealgorithmfor creatingin�nite se-
quenceswithoutsigni�cant visualdiscontinuities.Weachievecontinuityby ensuring
thatall particlescompletetheirpathalongthe�o w lineswithoutany interruption.We
havefoundthatour�o w-basedinterfaceis intuitiveto useandis ideallysuitedfor se-
quencesthatexhibit nearlystationarydynamics.Thealgorithmis alsoquitesimple,
makingit easyto understandandimplement.

Our algorithmhasa few limitations, someof which arespeci�c to our current
implementationandothersthataremorefundamentalto our 2D technique.Because
our algorithmdoesnot modelpixel transparencies,it canproduceblendingartifacts
at regionsof the video that have multiple transparentlayersinteractingwith each
other, suchasthe water-foam interfaceat the bottomportion of NiagaraFalls (�g-
ure3.21(a))3. At this interface,waterparticlestravelling alongthevertical�o w lines
areoccludedby the travelling mist rising on the bottomright cornerof the video.
Extendingthealgorithmto handletransparency explicitly usingvideomattingtech-
niques[CAC+ 02] mightaddressthisproblem.

Our simpleblendingschemeperformspoorlyon sequenceswith discreteobjects
moving along�o w lines like carson a highway (�gure 3.21(b)). An interestingex-
tensionwould beto useseamingtechniquessuchasgraphcuts[KSE+ 03] insteadof
linearblendingto approximatetheinterfacebetweenthetexturesof neighboringpar-
ticles.Separatingtheforegroundportionof theparticletexturefrom thebackground
beforemerging shouldalsoimprovethequalityof therenderedresult.

3http://graphics.cs.cmu.edu/projects/�ow/
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Althoughourapproachhasbeensuccessfullyusedto editanumberof sequences,
it is limited to inputsequenceswith nearlystationarity�o w patterns.Manuallyspeci-
�ed �o w linesmaynotbesuitablefor inputsequencessuchas�re or smokeblowing
in the wind (�gure 3.22),whereour assumptionof constant�o w lines (over time)
doesnot hold. In order to handlegeneralnon-stationaryprocessusingour frame-
work, theuserhasto specifytemporallyvarying�o w linesfor all particlesin video,
which is a laborioustask. Automaticallycomputing�o w lines from video is also
very hard,becausevelocity estimatesfrom generalmotionanalysisalgorithmslike
optical �o w arenot reliablein regionsthatdo not have muchtexture. For example,
�gure 3.23shows the �o w �eld obtainedfrom two consecutive imagesof Niagara
falls usingtherobust incremental�o w algorithmdevelopedby Black et al. [BA96].
Althoughwe getreasonable�o w resultsfor thetopportionof thewaterfall, the�o w
estimatesfor thelowerportionof thescenewith mist arenotvery reliable.Devising
robuststatisticaltechniquesthatcompute�o w linesautomaticallyfor generalscenes
of �uid motion[CEY02] mightaddressthisproblem.

Our techniqueis primarily suitedfor 2D editing, becausewe usevideo asour
sourceof particles.Consequently, our approachmaynot performwell for editsthat
requirea largechangein theview point. For example,our techniquewith 2D �o w
lines cannotbe usedto renderthe top view of the horse-shoefall at Niagarausing
informationfrom the sideview (�gure 3.24). A potentialsolution is to model the
scenein 3D using the ideaspresentedin section3.4 that combineour �o w-based
renderingapproachwith 3D particlesystems.Techniquesfor combiningourparticle-
basedapproachfor appearancewith generalpurpose�uid simulatorsfor dynamics
might allow the us to modelandedit othercomplex phenomenasuchaswavesor
explosionsusingour �o w basedapproach.
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Figure3.19: Using a 3D particlesystemto control video. (a) A particlesystemin
Maya, �tted manuallyto matchthe input videoon the left. Varying theparameters
of theparticlesystemin row (b) allows usto automaticallygeneratetheoutput�o w
lines, which arerenderedusingtexture from the input asseenin row (c). (d) The
waterjet in thelastrow movescontinuouslyto follow themoving bucket.
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(a) (b)

(c)

Figure3.20: Building a virtual city usinga 3D terrainandparticlesystemin Maya.
Thetoprow showstheMayaterrainanddesired�o w linescreatedusinga3D particle
system.Theinput �o w linesareobtainedfrom theNiagarafall clip. Thebottomrow
showstwo framesof thewaterfall, renderedatdifferentcameraviewpointsusingour
technique.
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(a) (b)
http://www.capsweb.org

Figure3.21: (a) Theblendingartifactscreatedat the interfaceof waterandmist in
Niagara.Theinterfaceregionis zoomedto show theblendingartifact.Thisartifactis
moreperceptiblein video. (b) A traf�c scenewith discreteobjectswherewe expect
our featheringalgorithmto performpoorly.

http ://www.battelle.org http ://www.rr.ualberta.ca/Research/Areas/fireecol/

Figure3.22: Examplesof non stationaryphenomenawherethe constant�o w line
assumptionfails.
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Figure 3.23: Optical �o w resultswith two framesof the NiagaraFalls sequence
usingBlacketal. [BA96]. Thealgorithmgivesaccuratevelocityestimatesat thetop
portion of the fall, but performspoorly nearthe interfaceof waterandmist at the
bottom.

Figure3.24: Our 2D techniquewill not beableto synthesizethetop view from the
sideview.
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Chapter 4

Conclusions

Thisthesisextendsthestateof theartof video-basedcomputeranimationby present-
ing new algorithmsfor creatingcompellinganimationsof passive dynamicsystems
like rigid bodies,cloth and �uids from video. Our �rst method,inversesimula-
tion, usesvideosequencesof simpleexperiments(throwing rigid bodiesandwaving
swatchesof cloth) capturedin a laboratorysettingto identify parametersof rigid
bodyandcloth simulators.Theparametersestimatedfrom simpleexperimentscan
beusedto createrealisticsimulationsundernew conditions—forinstance,to animate
a dancerwearingaskirt of thesamematerial.Our secondmethod,�o w-basedvideo
editing, createsrealisticandcontrollableanimationsof �uids by manipulatingand
rearranging�o w linesfrom a referencevideoclip. We testedthe�o w-basedediting
framework onseveralexampleclips: water, �re, smoke,streamsandwaterfalls. In all
theseexamples,anartistcontrolstheglobaldynamicsandappearancecharacteristics
of theresultinganimationby specifyingtheinputandoutput�o w lines.

Wereview thecontributionsof our two video-basedanimationtechniquesin Sec-
tion 4.1. In Section4.2, we describeseveral possibleextensionsfor the two tech-
niques.Finally, in Section4.3,wecompareandcontrasttheinversesimulationframe-
work with thevideoeditingframework, andpresentideasfor extendingvideo-based
animationtechniquesto otherdomains.

4.1 Contrib utions

The main contribution of this thesisis the design,implementationand evaluation
of two video-basedtechniques,inversesimulationand video editing, for creating
realisticanimationsof awide rangeof passivephenomena.
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InverseSimulation Framework. Theinversesimulationframework computesthe
parametersof asimulationthatmatchreferencevideofootageof realphenomena.To
thebestof our knowledge,theinverseframework presentedin this thesisis the �rst
systematictechniquein computergraphicsfor estimatingthestaticanddynamicpa-
rametersof physicalsimulationsfrom videomeasurements.In orderto achieve this
goal,wedesignednew algorithms(or signi�cant extensionsof existingmethods)for
variouscomponentsof theinversesimulationframework. Additionally, wedesigned
simplelaboratoryexperimentsthatexcitedtheimportantmodesof thedynamicsys-
temfor parameteridenti�cation.

We usedthe inversesimulationframework to estimatethefree�ight parameters
of rigid bodies,andthestaticanddynamicparametersof clothsimulations.Enroute
to designingthis framework, we madea numberof contributionsfor enhancingthe
realismof computersimulations:

� Modelre�nement.Matchingsimulationsto videoof realcloth requiredseveral
improvementsto existing cloth models.Speci�cally, we extendedtheBaraff-
Witkin cloth modelto make thecloth parametersindependentof meshresolu-
tion, andusedanexplicit integratorthatproducedaccuratefolds. Additionally,
our threeparametermodelfor air dragbetterapproximatesthenon-linearbe-
havior of air-cloth interactions.

� Metric design. An importantcontribution of this thesisis the designof per-
ceptualmetrics,for rigid bodiesandcloth, that canbe robustly andquickly
estimatedfrom video. Our resultsshow that a metric which comparestwo
sequencesof 2D silhouettessuccessfullycapturesthe tumblingparametersof
rigid bodies.For cloth,we developeda novel representation,which we called
theanglemap, to measurefabric folds in video. Theanglemaprepresentation
allowedus to identify the parametersfor four typesof fabricswith suf�cient
accuracy to producevisually distinctanimationsfor eachtypeof fabric.

Video Editing Framework. Thevideoeditingframework createsrealisticanima-
tionsby modellingthe�o w patternsof naturalphenomenain videoandrearranging
the�o w linesto createeditedsequences.Theimportantcontributionsof this frame-
work aresummarizedbelow:

� Simpleparticlemodelsfor video.We developeda new particlemodelfor cap-
turing thedynamicsandappearanceof videosequencesof naturalphenomena.
Our algorithmsimpli�es theanalysisof stationaryphenomenalike waterfalls
to onedimensionby modellingvideo via particlesthat move alongconstant
�o w lines.Thismodelis simpleto implementandsuccessfullymodelsawide
rangeof naturalphenomenasuchaswater, streams,�re andsmoke.
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� Intuitiveeditinginterface. Anothercontributionof this thesisis theuseof �o w
lines for editing video sequencesof naturalphenomena.Flow lines capture
theuser's intuition aboutthemotionof particlesin video,providing anhighly
effective mechanismfor specifyingedits. We demonstratedthe effectiveness
of the �o w-basedinterfaceby creatingdramaticchangesto naturalscenes:
alteringtheterrainof awaterfall, addingobstaclesin streamsandchangingthe
directionof smokeand�re.

� Controlling video. We incorporatedphysicalsimulationswithin our video-
basedrenderingframework for automaticallygeneratingtheoutput�o w lines.
Physicallygenerated�o w lines variednaturallyin responseto suchanimator
controlsasemittervelocities,collisionsandexternalforces,resultingin com-
pellinganimationsthatarecontrollableandexhibit naturaldynamics.

4.2 Futur eWork

In thissection,wehighlightafew interestingareasfor futureresearchin video-based
animation,focusing�rst on the inversesimulationframework and secondon the
videoeditingframework.

4.2.1 InverseSimulation

Extendingtheinversesimulationframework to capturethe�ner detailsof realcloth
andotherpassive dynamicsystems(e.g.,deformabletissues)would requireseveral
advancesto the existing framework. Our discussionis primarily focusedon cloth
simulations,althoughmany of the ideasapply to rigid bodiesandotherphenomena
aswell.

Impr oved models. Although our currentcloth model producescompellingfold
patternsthataresimilar to real fabrics,it doesnot modelthe time-varyingchanges
in cloth due to aging or wrinkling (�gure 4.1). An importantdirection for future
work is to designcloth modelsthat handlenon-linearhysteresiseffectscommonly
observedin real fabrics.Additionally, incorporatingcomplex aerodynamics[Pes77]
andwind effects[WH91] into cloth modelswill allow us to simulatetwo way air-
cloth interactionsandbillowing effectsseenin realgarments(twirling skirts).These
improvedcloth modelswould requiremoreparametersto be identi�ed from video,
which in turn will necessitatethe designof new experimentsfor exercisingthese
additionalparameters.
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Complex Wrinkling Aging

Figure4.1: Examplesof non-linearwrinkling andagingeffectsin cloth.

Statistical metrics. Our metricsperform a frame to frame comparisonbetween
features(e.g., folds, silhouettes)in simulationandvideo andare thereforeideally
suitedfor short video sequencesobtainedfrom controlledexperiments. However,
suchmetricsmaynot beappropriatefor matchinglongersequencesor complex gar-
mentslikeskirts,whereanoverallmatchin thefolding behavior acrosstheentirese-
quencemight bedesirableratherthana preciseframe-to-framematch.For instance,
aframe-to-framematchmight requiretheaccurateknowledgeof externalparameters
suchascollisionswith limbs, which might bevery hardto estimate.An alternative
approachwould beto modelthefold propagationasa statisticalprocess.Insteadof
matchingthefoldspixelbypixel,wecouldmatchtheglobalcharacteristicsacrossthe
sequence.For example,we might matchtheaveragelife time of a fold, theaverage
numberandorientationof folds,or theaveragewidth (scale,sharpness)of folds.

Metric evaluation. Our metricsare only two of the many possiblemetrics for
matchingsimulationswith video.Performingcarefullydesigneduserstudiesto eval-
uatethedifferentmetrics(e.g.,folds versusmarkedpatterns,frame-by-frameversus
statistical)wouldprovideusefulguidelinesfor designingperceptualmetricsfor cloth
andothersimilar phenomena.Sucha studycouldbeconducted,for example,by es-
timatingthesimulationparametersusingseveraldifferentmetrics,andhaving users
rankthevisualqualityof thematchwith reality.

Experimental design. Thewaving testwith swatchesof fabricswasa simpletest
thatworkedwell for identifyingthestiffness,dampinganddragparametersof acloth
simulation. However, estimatingdifferentcloth parameters,suchasfriction, would
requirenew experiments.For example,friction might bemeasuredby draggingthe
fabricoverdifferentmaterials.An importantareafor futurework is to systematically
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designexperimentsthat bestexerciseall the modesof the simulation[Kho88]. A
generalestimationframework shouldalsoallow datafrom multipleexperiments(and
multipletrials)tobeoptimizedsimultaneouslytoobtainthebestparameterestimates.
Sucha framework would also reducethe burdenof experimentaldesignbecause
individualparameterswouldbeexercisedin multipleexperiments.

Inversedraping. An interestingapplicationof the inversesimulationframework
is to explore the problemof inversedraping: given an imageor video of a fabric
drapedon an object,estimatethe object's underlyingshape[JH97]. This analysis-
by-synthesisapproachmight leadto improvedhumantrackingalgorithmsthatcould
accuratelyidentify limb andjoint con�gurationsdespiteloose-�tting clothing.

Extensionsto other phenomena. The inversesimulationframework canbe po-
tentially appliedto otherdomainssuchasdeformabletissuesimulations.Obtaining
realisticsimulationsof tissuemodelsfrom realvideomeasurementshastremendous
potentialin medicineandsurgery for training anddiagnosis. In principle, inverse
simulationtechniquescouldalsobeextendedto simulationsof morecomplex natu-
ral phenomenasuchassmoke, water, �re, provided that we have accuratephysical
modelsfor eachphenomena.We could leveragethevastbodyof researchin physi-
cal simulationsto obtainthesemodels.However, this extensionwould alsorequire
precisemodelsfor wind andotherexternalforces(potentiallytime-varying)in order
to matchwith video,which would increasethedimensionalityof thesearchspace.

User interaction. The inversesimulationframework presentedin this thesisis a
fully automatictechniquefor estimatingsimulationparametersfrom video. How-
ever, having a userin the loop couldpotentiallyimprove thedifferentblocksof the
inversesimulationframework. For example,a usercouldguidetheoptimizationby
specifyinghigherweightsfor certainfeaturesoverothers(folds over silhouettes,for
instance),or by specifyingportionsof the video wherethe matchbetweensimula-
tion andvideo is acceptableandportionswhereit is not. Theoptimizercould then
focuson thosefeaturesor regionsin subsequentiterations.Thedesignof effective
userinterfacesfor steeringthe optimizationwill be challengingbut is essentialfor
thesuccessof thisapproach.

4.2.2 VideoEditing

Flow linesarecentralto our videoeditingframework. Here,we discussa few ideas
to generalizetheconceptof �o w linesto a broaderclassof naturalphenomena.But
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�rst, we presenta few ideasfor improving theperformanceof our existing particle
model.

Model Impr ovements. Ourcurrentparticlemodelusestexturefrom videowithout
segmentingtheforeground(�uid) layerfrom thebackground,whichcausesblending
artifactsat interfacesbetween�uids. Segmentingvideo sequencesof naturalphe-
nomenainto foregroundlayerswith alphaanda backgroundlayermight reducethis
artifact(e.g.,[CAC+ 02,Yu04]). Segmentationwould improvetheparticlecoloresti-
matesfrom video,andwouldallow usto correctlymodelthemotionandappearance
of translucentphenomenasuchasmist.

Automating the input �o w lines. Theparticlesystemmodelpresentedin this the-
sis assumesthat the �o w lines in the input video arenearly stationary. The con-
stant�o w line assumptionis not a fundamentallimitation; it just simpli�es theuser
interaction—ouralgorithmwill easilyscaleto non-stationaryphenomenaaslong as
thetime-varying�o w linescanbespeci�ed in someway. Designingalgorithmsfor
automaticallyestimating�o w lines, for example,usingoptical �o w gearedtowards
�uid-lik ephenomena[CEY02], is aninterestingareaof futureresearch.

Extensionsfor visual effects(F/X) applications. An usefulextensionof our tech-
niquefor F/X applicationswould be to combine�o w lines from multiple input se-
quencesto createan editedvideo. Sucha techniquemight be usefulfor increasing
therealismof scalemodels, thatarecommonlyusedfor animatingphenomenalike
waterfalls in astudio.For example,themistcauseddueto water-rockcollisionsfrom
arealwaterfall suchasNiagarafalls couldbeusedto increasetherealismof avideo
from asmallscalemodelwheresucheffectsarehardto create.

Physics-based�o w lines. Our�o w-basededitinginterfaceallowsanartisttocreate
dramaticeditsto asceneby manuallyspecifyingthe�o w patternsin video.However,
to synthesizesceneswith temporallyvarying�o w patterns,it mightbeadvantageous
to usesimplephysicsmodelsto animatetheoutput�o w lines.For example,to create
theanimationof a �ame blowing in thewind, anartistmight sketchtheoutput�o w
line in oneframe,andusea physics-basedwind model to deformthe �o w line in
subsequentframesin acontrollablefashion.

Combiningphysicswith our �o w-basedframework couldalsoallow usto handle
a largerclassof naturalphenomena.For example,wavescrashingon a beachcould
be modelledusingirregularly looping �o w lines, whosemagnitude(length)varies
stochasticallyto accountfor wavesof differentsizes. Suchmodelscould perhaps
beobtainedfrom physicalsimulations—forexample,asimplewatersimulatorbased
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on Navier-Stokescould be usedto generatethe �o w lines for wavesby simulating
the basicmotion of water. An interestingdirectionfor future researchwould be to
usephysicalmodelsthataremoresophisticatedthanparticlesystemsto describethe
dynamicsandusevideoto modeltheappearance.

4.3 Comparisonof video-basedanimation methods

Thetwo techniquespresentedin this thesisshareacommonthemeof usingvideofor
creatingrealisticanimations.Thissectioncomparesthestrengthsandweaknessesof
thetwoapproaches,anddiscussesideasfor futureresearchthatcombinethestrengths
of thesetwo approaches.

An importantdistinction betweenthe two techniquesis the complexity of the
modelrequiredto matchthereferencevideo.In inversesimulationweuseaphysical
simulationto modelthe3D dynamicsof thephenomenaobservedin video,while in
�o w-basedediting,wemanuallymodelthedynamicsandappearanceof videousing
a particlesystem.This differencearisesbecausephysicalsimulationsof phenomena
like rigid bodiesandcloth aremucheasierto matchwith realvideofootagein com-
parisonto naturalphenomena.For example,waterfalls (andothercomplex natural
phenomena)would bevery hardto matchwith videobecausethesimulationwould
requireanaccurateterrainmodelandwind �elds. A watermodelwith suf�cient ac-
curacy to modelNiagarafalls would alsolikely havemoreparametersthanthecloth
modelweused.For suchphenomena,�o w-basedvideoeditingpresentsasimpleand
effectivealternative to physicalsimulation.

Parametersobtainedfrom calibrationexperimentsusinginversesimulationgen-
eralizeto new, morecomplex simulationconditions.For example,parametersfrom
theswatchtestwereusedto createrealisticanimationsof skirtsof thesamematerial.
In contrast,thevideoeditingframework modelseachvideosequencewithoutexplic-
itly extractingmuchknowledgeof theunderlyingphysicalphenomenon.Therefore,
informationfrom onevideosequencemaynotgeneralizeto new situations.

Finally, the easeof settingup and working with thesetwo techniquesdiffers
signi�cantly. Inversesimulationrequiresa customsimulatorfor eachphenomenon.
Additionally, it requiresvideo footagefrom carefully designedexperiments.Both
stepsare dif�cult to implementand requireprior knowledgeaboutthe physicsof
thephenomenon.In contrast,�o w-basedvideoeditingis relatively simpleto setup.
However, thevideoediting techniqueis not fully automatic—itrequiresinput from
theuserto specifytheinputandedited�o w lines.Therefore,usersgenerallyspenta
little time trainingwith the �o w-basedframework beforesuccessfullycreatingtheir
own edits.

Wehopethatthetechniquespresentedin this thesiswill inspirenew video-based
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animationalgorithmsthat combinethe strengthsof the two approaches.For ex-
ample,combiningNavier-Stokes �uid simulatorswith our particle framework for
renderingfrom video might allow us to producecontrollableanimationsof com-
plex phenomenonsuchas explosions. The designof video-basedalgorithmsfor
articulatedsystems(e.g., trees)and systemswith active dynamics(e.g., humans,
animals)might prove fruitful. Although several video-basedtechniquesfor ani-
matinghumansandanimalshave beenproposed(e.g.,video sprites[SE02], video
rewrite [BCS97]), thesetechniquesarepurelydata-drivenanddonotuseany knowl-
edgeof the physicsof the system. In humananimation,we might be able to ap-
ply inversesimulationtechniquesto improve the realismof existing humanmotion
simulators[LP02, HWBO95]. We hopethatvideo-basedanimationtechniqueswill
inspirethedesignof bettersimulationmodelsfor a broadrangeof phenomena,en-
ablingabettermatchwith reality.
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