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Abstract

Generatingealisticanimationsof passie dynamicsystemssuchasrigid bodies,cloth
and uids is animportantproblemin computergraphics. Although several techniquedor
animatingthesephenomendave beendeveloped,achieving the level of realismexhibited
by objectsin the realworld hasproved to be incredibly hard. We argue, therefore thatan
effective methodfor increasinghe realismof thesetypesof computeranimationss to infer
the behaior of real phenomendrom video. This thesispresentswo techniquedor using
video to createrealistic animationsof phenomenauchasrigid bodies, cloth, waterglls,
streamssmole and re.

The rst techniquejnversesimulation,estimateshe parametersf physicalsimulations
from video. Physicalsimulationtechniquesrewidely usedin computergraphicso generate
animationof passie phenomenonsingphysicallaws andnumericalntegrationtechniques.
The behaior of a physicalsimulatoris governedby a setof parameterstypically speci ed
by the animator However, directly tuning the physicalparameter®f complex simulations
like rigid bodiesor cloth to achieve a desiredmotionis often cumbersomandnonintuitve.
Theinversesimulationframavork usesoptimizationto automaticallyestimatehesimulation
parameterfrom videosequencesbtainedrom simplecalibration experimentge.g.,throw-
ing arigid body waving a swatchof fabric). This frameavork hasthreekey components(1)
developing a physicalmodelthat accuratelycaptureshe dynamicsof the phenomena(2)
developinga metric that compareghe simulatedmotion with video and (3) applying opti-
mizationto nd simulationparametershatminimizethe chosermetric. To demonstrat¢he
power of this approachwe apply this framevork to nd the parametergor tumbling rigid
bodiesandfor four differentfabrics.

Thesecondechniquepresents videoeditingframework for creatingphotorealisticani-
mationsof naturalphenomenauchaswaterglls by directly editingreferencerideofootage.
Our algorithmanalyzeghe dynamicsandappearancef texturedparticlesin theinputvideo
alonguserspeci ed ow lines andsynthesizeseamles nite videoby continuouslygen-
eratingparticlesalongthe o w lines. Theusercanthenedit the video by manipulatingo w
lines from the original footage. The algorithmis simpleto implementanduse. We applied
thistechnigueo performsigni cant editsto thevideo. For example we wereableto change
theterrainof a waterfll, addobstacleslongthe o w andaddwind to smole and ames, to
demonstrat¢he editing capabilityof our approach.

The resultsfrom thesetwo techniquesiemonstratehe effectivenessof usingvideo to
improve the realismof computeranimations.Our experiencewith applyinginversesimula-
tion for clothresultedn improvementgo existing clothmodelsandproducecdanimationghat
matchedhe realismof realfabrics. Ourresearcton o w-basedmodellingproducedsimple
onedimensionaparticlemodelsthatenableanimatinga wide variety of naturalphenomena.
We hopethatthe methodsdevelopedin this thesisprovide usefulinsightsinto how realistic
animationgor otherdomainsmight be designed.
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Chapter 1

Intr oduction

Creatingrealistic animationshasbeena greatchallengein computergraphicsfor
the lasttwo decades.Despitemary advancesin modelling, animationandrender
ing techniquesgeneratingrealistic animatedmotion has proved to be incredibly
hard.In orderto createbelievablecomputeranimationswe needrealisticsecondary
motionsof commonbackgroundelementssuchasrigid bodies,cloth, leases, and
smolke [OZH00]. Compellingsecondarymotionsadd richnessto the scene natu-
ralnessto the actionand give a fuller dimensionto the personalityof the charac-
ter[TJ84]. This thesisfocussesn techniquedor creatingrealisticanimationsof a
wide rangeof secondarynotions:tumblingrigid bodies fabricsof differentmateri-
als,watergills, re andsmole blowing in thewind.

We amuethat a direct way of creatingrealistic animationsof suchphenomena
is to designalgorithmsthatinfer the behaior of realphenomende.g.,cloth, uids)
capturedin video. In its mostbasicform, the ideaof usingvideo asreferenceis
known asrotoscopingFlel17], wherean animatortracesover Im or videoframes
capturedasreferenceBut beyondreproducingheoriginalmotion,ourobjectiveis to
generatenew animationghatcapturethecharacteristicef theoriginal phenomenon,
but canbe controlledto meetan artist'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 adifferentsetting,shovnin gure 1.1(b),we would
like to modify the terrainof a real waterfll in videoto createa new watergll with
two extrachannelsThisthesispresentswo methodghatusevideoto createrealistic
animationdor thesetwo differentscenarios.

Physicallybasedsimulationtechniquesiave beenwidely usedfor automatically
generatingthe secondarymotionsof passve phenomenauchasrigid bodiesand
cloth. Onetechniquéor creatingrealisticanimationdor thescenarian gure 1.1(a)
is to tunethe parameter®f a physicalsimulationto matchreal video footage. We
call this techniquanversesimulation An alternatve techniqueis to directly model

15
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Figure 1.1: Capturingthe behaior of real phenomenan video for creatingnewv
animations.Thetop row shavsarealisticskirt simulation(ontheright) createdrom
avideoof anartistwaving a swatchof realfabric. The bottomrow shows anedited
waterfall (ontheright) createdrom a shortclip of arealwaterfll ontheleft.

the motion of pixelsin video, and usethis modelto synthesizenew video. This
techniques ideally suitedfor examplesof naturalphenomenauchasthe waterfll
in gure 1.1(b),wherethecorrectdynamicsaredif cult to simulate putit is easyfor
apersonto sketchout rough o w linesontheimageandmanipulateheseo w lines
to producenew video. We call this technigueow-basedvideoediting

1.1 InverseSimulation

Thisthesisis organizednto two partscorrespondingo thesewo techniquesinverse
simulationand o w-based/ideoediting. The rst partdevelopsageneraframeavork
for estimatingparameter®f physicalsimulationsfrom video clips of real phenom-
ena.With theright setof parametersgoodsimulatorsproducevery realisticlooking
motion. However, manuallychoosingthe parametershat will provide a particular
appearancss still atime consumingaskbecauséhe animatorhasto re-runthe sim-
ulation andview it for eachsetof parameters.Even harderis the task of exactly
matchinga simulationto a video sequencef therealworld. For example,somepa-
rametersn a cloth simulationcanbe choserbasedon the animators intuition about
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the fabric—aknit fabricis morestretchythana wovenfabric suchaslinen, for ex-
ample.But notall the parametersf a cloth simulatorareintuitive or mapdirectly to
measurementhatcanmadeby a systensuchasthe KawabatasystemKaw80]. For
example,guessinghe dynamicparametersuchasdampingor air dragis very dif -
cult because¢he simulatedmotionis affectedby the choiceof numericalintegration
scheme.Onthe otherhand,it is easyto Im avideosequencef differenttypesof
fabricsin motion. We presentninversesimulationframework for automaticallyes-
timatingthe parametersf physicalsimulationsrom video. We usedthis framewnork
to identify the parametersf rigid bodyandcloth simulations.

Parameterdenti cation from videois a challengingproblembecauseideodoes
not directly provide three dimensional(3D) shapeor motion information of real
phenomena.While recentadvancesin computervision enableestimatinggeome-
try rapidly andefciently [TK92, MT93, ZCS02 HKO03], existing methodsdo not
allow the computationof physicalparametersuchas stiffnessor dampingin this
manner Our researclshows that a setof perceptuafeaturesextractedfrom video
hassufcient informationto estimatehe parametersf physicalsimulations.

The inversesimulationframewnork, basedon optimization,hasthreekey steps
(gure 1.2): (1) developinga physicalmodelfor the systemdynamicsthat captures
the compleity of the motion, (2) developinga metricto comparethe simulatedmo-
tion with videoand(3) searchinghe parametespaceusingoptimizationto nd the
bestsetof parameters We validatethe estimatedparameterdy applyingthemto
new dynamicconditionsin simulationandcomparingthe simulatedresultsto video.
For example,we useour parameteestimates—obtaindaly waving asmallswatchof
fabricin front of acamera—tareateananimationof a dancemwearinga skirt made
of thesamematerial.

1.2 Flow-BasedVideo Editing

Thesecondartof thethesisfocusse®ntechniquegor animating uid-lik e phenom-
enasuchaswaterfills, streamssmole and re from referencevideoclips. Givena
video sequencef a real phenomendik e a waterfll (or smole or re), our objec-
tive is to capturethe motion and appearancef the waterfll andcreatenew video
of waterglls thatwe cancontrol. We presenta o w-basedvideo editing framavork
for creatingphotorealisti@animationdy directlyeditingthereferencevideofootage.
For example,avideosequencef Niagarafalls canbeeditedto createanew waterfll
thatis twice asbig asNiagara.

Editing referencefootageto createphotorealisticanimationis quite challeng-
ing. Although severalgoodtechniquesxist for editingimages[HJO™ 01, KSE' 03,
EFO01], noneof themextendwell to video becausehesetechniquesappliedframe-

17



Identification

Experiments

Parameters

|—> Physical Model
| A . | .
Camera + - WW Simulation
Structured Light : ¢
itération Number

f

Optimizer

Error

Video Images Images

Validation

Figure 1.2: The stepsof the inversesimulationframeavork appliedto cloth. The
top gure shaws a block diagramfor parameteiidenti cation using optimization.
Imagedrom realexperimentgwaving a swatchof fabric)arecomparedo imagesof
asimulationusingametricthatpenalizeshemismatchin theirfolds. Theparameters
of the simulationareupdatedby an optimizationroutine(simulatedannealinguntil
themetricerroris minimized. Thebottom gure shovsthevalidationresultsfor skirt
simulations. The skirt simulationsusethe optimizedparameter®btainedfrom the
fabricswatch.Thecorrespondindgramesfrom arealskirt madeof thesamematerial,
drivenby approximateljthe samehumanmotionareshowvn for comparison.
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Figure 1.3: The stepsof our video editing framework for creatingrealisticanima-
tions. First, the animatorsketchesa setof blue o w lineson theinputvideo. These
o w linescapturegheanimatorsintuition aboutthe o w of particlesin thevideo. To
createa new waterfll with two extra channelstheanimatorsketcheghe output o w
lines shavn in red, and speci esthe correspondencbetweenthe outputandinput
ow lines. Our algorithm automaticallygeneratesn in nitely long editedvideo,

oneframeof whichis shown.

by-frame,do not guarantegéemporalconsisteng (pixel colorsin consecutie frames
may vary signi cantly). Most prior work in video synthesigDCSW03,KSE" 03,

SSSEOD hasfocussedon creatingin nite sequence$rom video, with very little

effort on editing video, barring a few exceptions[DS03]. Our editing framavork
leverageghe animators intuition aboutthe o w of particlesin video to modelthe
input sequencandspecifyedits.

The two main stepsof the video editing framework are (1) modelling the in-
put videoasa particlesystemalonginput o w linesand(2) synthesizinghe edited
sequencdy generatingparticlesalongthe output o w lines( gure 1.3). In ourim-
plementation the input and output o w lines are speci ed by an animator This
techniguewvorkson comple naturalphenomenauchaswatertlls, streams,re and
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smole thatexhibit a continuouso w of particlesalongconstanto w directions.We
demonstratéhe power of this approactwith awide rangeof edits: changingtheter-
rain of awaterfll, addingwind to sequencesf smoke and re andaddingobstacles
to astream.

The two video-basedechniquegpresentedn this thesisare appropriatefor dif-
ferentclassesof problems. The inversesimulationframework is ideally suitedfor
phenomenauchasrigid bodiesandcloth whosedynamicsareaccuratelynodelled
usingasmallsetof parametersMoreover, it is easyto obtainvideofootagefor these
phenomen#&om controlledexperiments However, extendingtheinversesimulation
framework to morecomplex phenomenas dif cult becauseve needcustomsimu-
latorsfor eachtype of phenomende.g.,smole, watetr re). Moreover, in orderto
matchreal world measurementghysicalsimulatorswould requireprecisemodels
for wind andotherexternalforces,signi cantly increasinghe numberof parameters
to be optimized. For thesephenomena,o w-basedvideo editing presentsa simple
andeffective alternatve to physicalsimulation.Our o w-basednterfaceprovidesan
intuitive interfacefor creatingcontrollableanimationsof naturalphenomenaHow-
ever, theinformationlearnedfrom onesequenceisingthe o w-basedapproachmay
notgeneralizdo othersequencesr nen scenario.

1.3 Applications

Creatingrealistic animationsof commonpassve objectsusing video footagehas
direct applicationsin entertainmentscience,technologyand medicine. Here, we
discussafew of the potentiallong termapplications:

Visual Effectsand Computer Games: Physicallybasedsimulationtechniquesre
very populartechniquedor animatingsecondarymotionin moviesandgames.For
example,the motion of Yoda's costumein Star Wars: Episodell was createdus-
ing physical simulations. Automatic techniquedor parametetidenti cation from
realfootageshouldincreasdherealismof physicalsimulationsandwill reducethe
manualtime spenton tuning their parametersOur o w-basedramavork could be
potentiallyusedto increasehe realismof scalemodelsof naturalphenomenauch
aswaterfllsin studiosfor example,by addingmist from realwaterglls.

Medicine: Mathematicamodelsof humantissuehave beendevelopedto simulate
organsandanalyzethe conditionsfor variousdisorders Applying inversesimulation
techniguedo obtain accuratesimulation parametershouldhelp doctorsto locate
the plausiblestressesn the tissuesthey are surweying. For example, Eysholdtet

al. [ERHO3] useendoscop video of thevocal chordsto analyzespeakingdisorders

20



in humandy estimatingthe force productionin the larynx. Moreover, realisticren-
deringof humantissueusingdatafrom realvideofootagecouldsigni cantly increase
theusefulnes®f simulationsfor suigical training.

Web commerce: Accuratephysicalmodelsof real objectswill be bene cial to
web-basedtommerceandinteraction. One potentialapplicationis online shopping
storeswherecustomersantry out fabricsof differentmaterialon virtual avatars.
Thematerialparameter$or the differentfabricscouldbe obtaineda priori usingour
inversesimulationframeawork.

Homevideoediting: Techniquesor creatingcompellinganimationsy videoedit-
ing couldallow amateurartiststo prototypetheir ideasby modifying existing video
footage. Suchsoftwarewould alsohave potentialfor homevideo editing, allowing
usersto createnew video by selectvely cutting and pastingportionsfrom different
clips.

This thesisis organizedas follows: chapter2 presentghe inversesimulation
framework for capturingsimulationparameter®f rigid bodiesandcloth. Chapter3
discusseshe video editing framework for creatingphotorealisticanimationsfrom
shortvideoclips. Finally, in chapter4, we concludewith a discussioron the contri-
butionsandlimitations of thetwo techniquesanddirectionsfor futureresearch.
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Chapter 2

InverseSimulation Techniques

Physicallybasedsimulationtechniquesreoftenusedfor generatingealisticanima-
tions of complex physicalbehaior suchascolliding rigid bodies[Bar94, MC95],
folding cloth [BW98, BFA02, BWKO03, CK02], rising smoke [FSJO01],burning re
[LFO2] and splashingwater[Sta99,FF0]]. An attractve featureof physicalsimu-
lation is thatthe animationis generatecutomatically—theanimatoronly needsto
specifyafew physicalparametersThis featurehasmadesimulationsa very popular
tool for animatingsecondarynotionsin computergamesandmovies.

The primary dravbackof physicalsimulations,however, is the lack of intuitive
control over the resultinganimation. For example,an animatormight have to sim-
ulatea skirt that movesandrespondsik e satin. But, thereis no easyway to guess
the staticanddynamicparametersf a cloth simulatorthatmight achiese this effect.
Adjustingthe simulationparametersnanuallyto achiese a desiredoutcomeis often
tediousandnonintuitive. An automaticsolutionto the parameteestimationproblem
is oneof the mainchallengesn computergraphic§ TPB* 89]. The objective of the

rst partof thisthesisis to automaticallyinfer thesimulationparameter§rom video.

Figure2.1(a)shavs ablock diagramrepresentatioof a physicalsimulation. The
term forward simulationrefersto the processof numericallyintegrating the math-
ematicalmodelfor a given setof parameters.The inverseof this step,wherethe
parametersf the simulationareestimatedrom statemeasurementss typically re-
ferredto asinversesimulation( gure 2.1(b)). This thesispresentsan inversesim-
ulation framavork basedon optimizationthat usesvideo measurements\We have
appliedthistechniqueo estimatehe modelparametersf rigid bodyandcloth sim-
ulators. The video usedin our framework is obtainedfrom laboratoryexperiments
(usingtumblingrigid bodiesor swatchesof fabrics)thataredesignedo exercisethe
differentbehaiors of the physicalsystem.Our framevork usesatemporalsequence
of imagefeatureg(silhouetteand shape)derived from video for parameterdenti -
cation. We validatethe estimatedobarameter$o ensurethatthey generalizeo new
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Figure2.1: Forwardandinversesimulationtechniques.

simulationsettings.

The parameterdenti cation algorithmoptimizesthe simulationparametersuch
thatthe renderedsimulationmatcheghe video capturedrom the controlledexperi-
ments. We useperceptuallymotivatedmetricsto evaluatethe matchbetweenvideo
sequencefrom simulationandreal experiments.The designof thesemetricsfrom
videois animportantcontribution of our thesis. Metrics evaluatethe visual realism
of simulationsby scoringthembasedn their matchwith realvideo. Equallyimpor-
tantis the designof the (real) experimentswhich providesthereferencevideo. The
experimentsaredesignedsuchthatthey aresimple,repeatabl@ndeasyto setup (in
reality andin simulation),yet capturethe compleity of the dynamics.For example,
we wavedswatchef fabricsof differentmaterialin front of acamerao capturethe
simulationparametersf differentfabrics.

The next sectionpresentsa brief overview of the inversesimulationframework
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Figure 2.2: Block diagramof parameteidenti cation usingthe inversesimulation
framework.

for capturingparametersisingoptimization. We introducethe variouscomponents
of theframework, focussingmainly on the speci csfor rigid bodiesandcloth.

2.1 Overview

Optimizationis acommontechniquefor estimatingthe parametersf non-lineardy-
namicsystemsWe posethe parameteestimationasanunconstrainedninimization
problem,with an objectie functionthat minimizesa metric computedon rendered
and video images. We useda gradient-basedptimizationroutine for estimating
rigid bodyparametersandsimulatedannealingor estimatingcloth parameterskig-
ure 2.2 shavsthe procesddiagramof our parameteidenti cation framework, where
the blocks on the left are obtainedfrom real measurementand the blocks on the
right arecomputedn simulation.For a givensetof parameterghe metriccompares
theimagesequencesnderedrom simulationagainsimagescapturedrom realex-
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periments.The optimizercontinuouslytunesthe model parametersintil the metric
erroris minimized.We now brie y discussafew key elementf gure 2.2.

PhysicalModel: We appliedouralgorithmontwo typesof simulators—rigidood-
iesandcloth—thatarewidely usedin computergraphics.Our rst experimentwas
to estimatefree- ight parameter®f a tumbling rigid body from video. The tum-
bling dynamicsof arigid bodyis governedby the Newton-Eulerequation®f motion
[Sym71].Becausgravity istheonly externalforceactingonthebody, thebodyrota-
tional dynamicss completelygovernedby its inertiaandinitial conditions(position,
orientation linearandangularvelocities). The goal of our secondexperimentwasto
estimatethe staticanddynamicparametersf the Baraf andWitkin [BW98] cloth
simulatorfor differentfabrics. We improved this modelto handleobjectand self-
collisions,addeda non-linearair dragtermanduseda explicit integrationschemeo
improve therealismof the generatealoth motion.

Metric:  Oneof thekey elementf ourframework is the designof metricsto com-
parevideo renderedfrom physicalsimulationswith video from real experiments.
Mathematically the metric M takestwo video sequenceé® andB andreturnsa
numberc thatcaptureghe differencebetweerthetwo sequences.

M(A;B)=c¢ (2.1)

Ourgoalis to designthefunctionM suchthatthe differencec measureshe percep-
tual dissimilarity betweerthe two sequenceds-or rigid bodies, our metriccomputes
theframeby framedifferencean silhouettedetweerthe simulationandvideo. Simi-
larly, for cloth, our metricmeasuresheframeby framedifferencebetweerthefolds
in simulationand video. Both thesemetricscan be computedrobustly and very
quickly from video using standardcomputervision algorithms,which make them
suitablefor innerloop computationsn our optimizationframework.

Optimizer:  Our choiceof optimizationtechniquefor a givenproblemwasguided
by threefactors:noiseof the errorspace availability (or not) of analyticalgradients
and easeof initialization. We usedanalyticalgradientsto optimize the simulation
parameter®f a tumbling rigid body using a gradientdescentlgorithm. However,

for cloth, the error spacewasextremelynoisy, andit wasvery hardto initialize the
optimizerwith a goodstartingvaluefor the parametersSowe chosea global opti-

mizationschemesimulatedannealingwhich exploresthe spacebeforesettlingfor

a particularminima. Although simulatedannealingis several ordersof magnitude
slowerthangradientdescentit performswell on noisyerrorspacesvherethegradi-

entinformationmay not bereliablefor optimization.
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Therestof this chapteris organizedasfollows: rst, we presentelatedwork in
parameterdenti cation techniquegor dynamicsystemsThenext sectionpresents
detaileddiscussiorof estimatingthe parametersf rigid bodyandcloth simulations.
For eachsimulationtype, we presentthe relatedwork, and details of the mathe-
matical model, identi cation experiments perceptuametricsandthe optimization
routine. Then,we validatethe estimatecparameterdy creatingnen animationsand
evaluatingtheir visualrealism.Finally, we concludewith a summarythathighlights
the challenge®f achiering realismin simulation,andjusti es the variousengineer
ing decisionghatwe madealongthe way. We alsopresenta coupleof examplesof
metricsfor cloththatdid notwork, andanalyzethereasorfor their failure.

2.2 RelatedWork

This sectionsummarizeshe prior work in parameterdenti cation andoptimalcon-
trol appliedto physicsbasedanimation.Thelatersectionsonrigid bodiesandcloth
will presenta detailedsurwey of the relatedsimulationandvideo basedtechniques
speci c to thesetwo systems.

In recentyears,the computergraphicscommunityhasmadegreatprogressn
modellingthe complex secondarymotionsof passve phenomenahroughphysical
simulations[Bar94, MC95, BW98, BFA02, BWK03, CK02, Sta99,FSJ01 LF02,
FFO1]. Thesesimulationtechniguesangeneratevery realisticresults,but the ani-
mationsthatthey produceareoftendif cult to control. The problemof controlling
physicalsimulationshasreceved considerablenterestlately. Popoi¢ andhis col-
leaguedPSEO3]presented sketch-basednterfacefor controlling rigid body mo-
tions. They posethe control problemin a parameterestimationframenork, and
identify the initial conditionsand other physicalparameterdor a desiredsketch.
An alternatve approachor controllingpassve systemdik e smoke [TMPS03,FL04]
solvesfor customwind elds thatare continuouslyappliedto guidethe simulation
towardsdesireckey frames.Our inversesimulationframewnork dravs from thework
oninteractve controlandparameteestimatiorfor rigid bodies[PSE" 00, PSE03.

Constrainedbptimizationtechniquesrom optimal control theory [Ste94] have
beenusedfor inversesimulationof active dynamicsystemsTheseechniquesgalled
spacetimeonstraintsn thegraphicscommunity[WK88], computehemotionof ac-
tive dynamicsystemsby continuouslyapplyingactuatingforces/torque$(t) at the
activejoints. Themotionof passiveobjectdik erigid bodiesandclotharefully deter
minedby a nite humberof simulationparameterp andthereforepresentsimpler
problem. Our framework usesvideo from realworld measurement® estimatethe
simulationparameterg.

Parameteridenti cation of linear dynamicsystemshasbeenusedsuccessfully
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to a wide rangeof problemsin engineeringchemistry biology andothersciences
[Kai79]. However, the equationsof motion of most passve dynamicsystemsare
typically describedy non-lineardifferentialequationsRecently severaltechniques
for non-linearsystemdenti cation have alsobeendeveloped(see[Nel0Q] for anex-
cellentsurwey). Of thesetechniquesparameterdenti cation usingoptimizationis
very popularandfairly easyto use,with excellenttoolboxesandresource$Gra92,
GMW82]. Optimization-basedalgorithmstypically considerthe simulationas a
black box andthereforegeneralizewell for differentphysicalsystems.Moreover,
the objectie function can be designedto minimize image measurementsyhich
make them bettersuitedfor our framewvork in comparisonto standardestimation
techniguege.g.,non-lineareastsquaresjhatrequirestatemeasurements.

2.3 Capturing Rigid Body Parameters

Our rst experimentwasto estimatethe physicalparametersf arigid bodyin free

ight (calledtumblingmotion)from avideosequencef its motion. Rigid bodiesare
idealcandidategor testingour inversesimulationframeavork becauseheir complex
tumblingmotionis constrainedy a smallsetof physicalparameterandinitial con-
ditions[Sym71]. The parametergoverningthe tumblingmotion of arigid bodyin
videocanbe cateyorizedinto two groups:

ObjectParametersintrinsic (objectshapemasdistribution, locationof center
of mass)extrinsic (initial position,orientationvelocity, angularvelocity).

EnvironmentParametersgravity direction,air drag.

Theobjective of our rst experiments to extractthe objectparameterandthegrav-
ity directionfrom a video sequencef arigid body in free ight. For the sale of
simplicity, we assumethat the object shapeand inertial matrix are known andthe
effect of air dragis negligible.

2.3.1 Prior Work

Techniquedor simulatingrigid body motion have maturediremendouslyn the last
few years.Modernrigid body simulator GBF03,MC95, Bar94 canrobustly han-
dle comple interactionssuchascollisions, contact,friction andstackinginvolving
thousandof rigid bodies. We areinterestedn estimatingthe parameter®f rigid
bodysimulationsfrom video.

Prior work in computervision hasmainly focussedn the problemof extracting
theshapeof rigid bodiesandtrackingthemin video[TK92, HZ00, FLPO1,TWK&83].
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Thereis surprisinglylittle work on extractingthe underlyingphysicalpropertiesof
theobjector theenvironment.Furthermoreprior video-basedechniquedor param-
eterestimationmake simplifying assumptiongboutthe shapeandpropertiesof the
rigid bodies. For example,several researcherfRK96, BS99 make point massas-
sumptiongo designrobotcontrollersfor juggling or playingair hockey usingvideo
measurementsshoshet al. [GL95] estimatethe shapeanddynamicsof planarob-
jectsfrom optical o w measurementd.heproblemof simultaneouslyecoveringthe
physicalparameter®f a 3D rigid objectandits environmentfrom a single camera
hasnot beenpreviously addressed.

More closely relatedto our identi cation framework is prior work on physics
basedeconstructiorandtrackingin computerwvision[TWK88, Har92,CC91,SD91,
Bre97,DF99,Wre00,PH91,MT93]. Mostof thesetrackingtechniquegin computer
vision) de ne a dynamicmodelthatis controlledvia forcesandtorques. Their ob-
jectiveis to computethe setof forcesandtorqueghatgiveriseto the shapeor trajec-
tory thatbest t theimagedata. An importantlimiting featureof mostmodelbased
trackingtechniquess that real world dynamics,including importanteffectsdueto
gravity andimpact, are not fully modelled. Consequentlythe forcesandtorques
computedhroughphysicallybasedapproaches computewvision arephysicallyin-
spiredbut do not capturereal world physics. In mary casesthe dynamicmodel
thatrelateshecurrentandprevious stateds approximatedisingalinearKalman I-
ter [Har92,CC91], which workswell for applicationsnvolving rigid bodytracking
[Har92] or navigation[CC91, SD91].

Ourdynamicmodelcaptureghetruerotationalphysicsof atumblingrigid body.

This aspectdistinguisheour work from prior work in motiontrackingandanalysis
wherethefocusis on identifying objectkinematics,.e., motiontrajectories.More-
over, our algorithmusesinformationfrom all framesin thevideo sequencesimulta-
neously unlike feed-forward Iter basedmethods.Figure2.3 compareghe results
of our of ine batchalgorithmwith anonline Kalman Iter appliedto a syntheticex-
ampleof 2D ballistic motionwith gaussiamoise.Our algorithmtriesto nd thebest
t parabolao thedata,whereasa Kalman lter ts ahigherordercurwve to the data.
Althoughthe Kalman Iter approachradksthe databetter our algorithm nds the
parameterslescribinghe physicsof theballistic motion. Theseparametersannow
be usedto animatea particlein simulation,thatmoveslik e the givendata.

2.3.2 Model

The tumbling motion of arigid bodyin free ight is characterizedy its position,
orientation linearandangularvelocity. Let q(t)= [X(t);7(t);V (t);*(t)] bethestate
of therigid bodyattimet. X (t) 2 R3 and~(t) 2 SO(3) specifythe positionand
orientationin aworld coordinatesystem.We usea quaterniorto representhe orien-
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Figure2.3: lllustratingthedifferencedetweerparameteestimationusingoptimiza-
tion (left) anda Kalman Iter (right) on a simplistic 2D example. The input data
is the trajectoryof a point massin free ight, corruptedwith gaussiamoise. Our
optimizationalgorithmusesall the datapointssimultaneouslyo t apaththatglob-
ally satis esphysicallaws; in this simplecase,a parabolicpath. The Kalman lter
processethedatasequentiallyand ts ahigherordercurve to thedata.

tationwith four parametersvY (t) 2 R2and~(t) 2 R? specifythelinearandangular
velocity coordinatesThetime derivative of thestateq(t), calledthesimulationfunc-

tion F(t;q(t)), is governedby theordinarydifferentialequation(ODE):

2
70 by
~ S(T()  R(t
F(a() = S (a(t) = %%v((?) g :g =V % 22)
H(D) JOREENO

Here, I(t) is theinertiamatrix in world coordinatesandg  (0; 9:81m=s?;0) is
the acceleratiordueto gravity. The product refersto quaternionmultiplication.
Thestateq(t) atary timeinstantt = t; is determinedy integratingEquation2.2:
Z,,

q(ts) = a(to) + ) F(t;q(t))dt (2.3)
The stateat ary time g(t) depend=n the initial stateattimet = ty andinertial
matrix. In this thesis,we assumehat the inertia matrix is known. Consequently
it is sufcient to solve for the initial state,which we denoteby p,;. Becauseve
are interestedn estimatingthe simulationparametergrom video, it is corvenient
to placethe origin of the world coordinatesystemat the cameracenter with the
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principal axesalignedwith the cameracoordinatesystem.Dueto the choiceof this
coordinatesystemthedirectionof gravity depend®n the orientationof thecamera,
andis not necessarilyertical. The gravity directionin our framework is encoded
by two angles(tilt androll). We usethe symbolpe,, to indicatethe direction of
gravity in simulation,andthe symbolp to denotethetotal setof simulationparame-

ters:p = (Pobj; Penv)-

2.3.3 Metrics from video

We usethe mismatchbetweenthe objectsilhouettesextractedfrom the simulation
andvideoasthemetricfor comparingarigid bodysimulationwith video. Silhouettes
are an appropriatechoicefor comparingvideosof tumbling rigid-bodies. Because
themotionof atumblingrigid bodyin videois complex with mary self-occlusions,
traditionalfeaturetrackersor optical o w algorithmsmayproduceunreliablefeature
estimatesOn the otherhand,silhouettescanbe computedquickly andreliably from
video.

SilhouetteComparison:We begin by preprocessinghe input video sequenceo
computethe silhouettesat eachframe. Similarly, we rendera silhouettesequencén
simulationusingthecurrentparametevalues.We presentwo techniqueso compare
silhouetteimages,asshavn in gure 2.4. The rst metric (left) countsthe number
of mismatchegixelsbetweerthetwo silhouettesWe usedthis metricin ourimple-
mentation.De ne Ay asabinarysilhouetteimageof size(Sy; S;) atframek.

1; inside sil houette

Aii]) = 0; otherwise (24)
Theerroratframek is givenby:
LR - o
EQ" = KAEE(GT) AR (i )k (2.5)

i=1j=1

The secondnetriccomputeghedistancebetweerthe correspondingdgepixels
(right side of gure 2.4) of the two silhouettes. To evaluatethis metric, we rst
generatea silhouetteedce from the silhouetteimageusinga Canry edgedetector
For eachpixel in the rst silhouetteedge we computethe closestpoint (L2 norm)in
thesecondsilhouetteedge.The nal valueof themetricis obtainedoy accumulating
the (squareof) distancevaluesacrossall pixels:

BN = g (im  in)?+ (m im)? (2.6)

m=1

30



Figure 2.4: Two different methodsof comparingsilhouettes. Left: (a) Counting
the numberof mismatchedixels correspondso the areawithin the silhouettesut
outsidethe black region. Right: (b) Computingthe distancebetweenclosestpixel
pairs(minimumL2 distance)from the two silhouetteedgegshovn asred stripesin
the gure). We showv only a few closestpixel pairsin this gure (for clarity)—the
metriccomputeghedistancefor all the pixel pairsfrom the two silhouetteedges.

where(inm;jm) and(i,,;j,) arecorrespondingixelsin the two silhouettesandM
is the total numberof pixelsin the rst silhouetteedge. The erroracrosshe whole
sequencef N frames,s givenby:

X silh
E= E; 2.7)
k=1

2.3.4 Optimization

The optimizationalgorithmsolvesfor the objectandervironmentparametersimul-

taneouslyto matchthesilhouettegrom simulationwith thosefrom video. Recallthat
the motion of arigid body s fully determinedy the parameterg. For a givenset
of parametersthe optimizersimulateshe motionto computethe silhouetteimages
ateachframe. It thencomputeghe gradientsof the silhouettemetricandusesit to

updatethe parametersf the optimizer The goalof the optimizationalgorithmis to

minimize the objective functionde ned by equation2.7. We provide aninitial esti-

matefor the parameterp andupdateat ateachstepusinggradientdescentGradient
basedmethodsarefast,andwith reasonablenitialization, corverge quickly to the

correctlocal minima. Theupdaterule for parameterss

p=p @ (2.8)

where is themagnitudeof the stepin the gradientdirection.
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Gradient Computation. The optimizationalgorithmrequirescomputingthe gra-
dientsof the objective function. This in turn, requirescomputingthe gradientsof
the silhouetteat eachframe. Althoughthe stateq(t) is a continuousfunction of the
parameterp, quantitiessuchassilhouettesarenot continuouslydifferentiablefunc-
tions of parameterp. Onestraightforvard approachis to computethe gradientsof
the error function @ (q)=@ numerically using nite differences.This approach,
however, hastwo major dravbacks. First, computingthe gradientsof the metric
with respectto poy; (initial conditions)using nite differencess extremely slow,
becausehe simulationfunctionhasto be evaluatedseveraltimesduringthegradient
computation.Seconddeterminingstepsizesthatyield anaccuratenite difference
approximations dif cult. We resortto a hybrid approachor computingthe gradi-
ents. We analyticallycomputethe gradientsof the statewith respecto parameters
@ (t)=@. We thencomputethe derivative of the errorwith respecto the stateus-
ing nite differencese.g. @ (q)=@. We usethe chainrule to combinethe two
gradients:

E_EO@

@ @@ (2.9)
Becausdhe metric (e.g.,silhouetteS) dependnly on the positionandorientation
termsof the stateq, thegradient@(q) =@ canbe computedjuickly andaccurately
using nite differencesThe camergyarameterslo notdependonthe 3D stateof the
object,whichallowsusto use nite differenceso computethegradientswith respect
to thegravity vectorpeny .

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

dq(t
A = £t powy) 210

We evaluatethe Jacobian@j(t; )=@.»; attime t; by numericallyintegrating the
equation

d @b _ @)
dt  @obj @obj

until time t; with theinitial condition@j(to)=@.,;. We usea fourth orderRunge-
Kuttamethodwith x edstepsizeto performthis numericalintegration.

(2.11)

Derivativesof Err or function. Weuse nite differenceso computethederiative
of errorfunctionwith respecto the currentstateq(t). We computethe silhouetteat
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thegivenstateby renderinghe simulatedobject. Thederivative of theerrorfunction
with respecto ascalarcomponenty of the stateq hastheform:

|
@ _ . E@+ g) E(@
@ I(llir}nO 3 (2.12)
TheerrorJacobians obtainedby applyingchainrule
&G @& @
= — 2.13
@obj @| @obj ( )

Finally, we computethe error Jacobianwith respectio a scalarcomponenp,,,
of the gravity directionpen, using nite differencesasshown:

|
. E + p E '
@i - Ilm (penV pe:']V) (penv) (2-14)
env Penv ! 0 Penv
Theoverall Jacobiammatrix is givenby:
|
@ .
&E_ ey, (2.15)
@ @)env

2.3.5 Results

Our systemhasthree main modules: preprocessorigid body simulatorand opti-
mizer. We rst preprocesshevideosequencéo computethe silhouettef therigid
object. We build a backgroundmodelfor the sceneand useautorgressve lters
[BSKOQ] to segmentthe moving objectfrom the background We thencomputethe
silhouettemetricsfrom the segmentedimage at eachframe. Our tumbling video
sequencearetypically 35-40frameslong whencapturedwith a digital cameraop-
eratingat 30 Hz. The optimizertypically takesa coupleof minutesto computethe
parametersrom thesequencen a SGI R12000processar

Estimation: Figure 2.5 shows a few framesof a T-shapedobjectin simulation
matchedwith video. This sequencevas obtainedby tossingthe objectin the air
in front of a camera.Our userinterfacelets the userspecify an approximatevalue
for theinitial positionsandvelocitiesof the body. The algorithmrobustly estimates
theinitial positionandlinearvelocity, evenwith a poorinitial guess.However, it is
very sensitve to theinitial estimateof the orientationandangularvelocities. From
numerousexperimentswe have found thatthe error spaceof the silhouettemetric
containsmary local minima. However, with a reasonablenitialization for the ori-
entationandangularvelocity parameterswe nd thatour algorithmcornvergesto a
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reasonabléocal minima. This corvergenceis seenin gure 2.5(a),wherethe over-
all motion of the simulationclosely matcheghe motionin video. We superimpose
theboundingboxesobtainedfrom simulationontothe framesfrom video (thewhite
boxesin the rst row) to shav thematch.We alsoshav thematchbetweerthetrajec-
tory of a cornerpointin videowith the correspondingrajectoryin simulation. The
small squareboxes show the trajectoryof a cornerpoint, identi ed by hand,from
thevideosequenceThesetrajectoriesareshavn for visualizationpurpose®nly and
arenot usedin the optimization.As the algorithmproceedsthetrajectoryof the 3D
cornerpointin simulation(blackline) overlapswith theseboxes. This sequencalso
highlightssomelimitations with our optimizationframewvork andmetrics. Row (c)
shovsanexamplewherethe simulatedandthereal objecthave differentorientations
but silhouetteghatappearsimilar.

Prediction: Theobjectve of thisexperimenis to predictthemotionof arigid body
in alongvideosequencef free ight from asubsebf framesof the samesequence.
Figures2.6and2.7 shav two differentvideoclips of arigid bodyin free ight, with
differentmotiontrajectories We matchthe motionof the shorterclip to asimulation
andusethe simulationparameterso predictthe motionof thelongerclip.

In gure 2.6,the objecttumblesaboutits majoraxis—thephysicsof this motion
is capturedn a shortersubsequenceddencethe simulationparametersomputedoy
matchingthis small sequenceorrectly predictthe motionin the overall clip. How-
ever, the motion of the objectin gure 2.7 is aboutthe body's intermediateaxis,
which degenerateito complex motionsaboutall threeaxis[Sym7]. Smallerrors
in the estimatedraluesof simulationparametersesultin alarge orientationerrorin
the predictedframes,astime increasesWe seethis effectin the resultsobtainedin

gure 2.7.

Roll Correction: Becausehe orientationof the camerais not known, our algo-
rithm optimizesthedirectionof the gravity vectoralongwith the motion parameters
from a video sequenceFigure 2.8 shows resultsof roll correctionperformedusing
the parameter®btainedfrom our optimizationalgorithm. The rst row shows four
framesof a video sequenceapturedirom a camerawith signi cant roll distortion.
We computethe camergpitch androll parametersvhich minimizethe silhouetteer
ror. Theseparametersre usedto warp the original sequenceuchthatthe camera
verticalaxisalignswith the gravity vector Thelastrow shows theresultof thisrec-
ti cation usingthe estimatedoll angle(the pitch anglewasestimatedaswell in this
experiment,but wasnot usedfor recti cation). The peoplein the rst row arein a
slantedoose whereaghey areuprightin thelastrow.
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Figure 2.5: Computingthe parameter®f a T-shapedobjectthrown in the air. The
rst row (a) shows a few framesfrom the video (right to left) andthe corresponding
physicalsimulationgeneratedy our algorithm. The boundingboxesfrom simula-
tion are superimposeaver the video to shav the match. The small squareboxes
indicatethetrajectoryof a cornerpointin video. Thethin line indicatesthe motion
of thecorrespondingornerin simulation.Row (b) shovstheresultsof thealgorithm
at differentstagesf optimization.Notice thatthe matchimprovesasthe numberof
iterationsincreases.Row (c) highlightsa limitation of the silhouettebasedmetric.
Note that althoughthe orientationof the simulatedobjectis ipped relative to the
realobject,they bothhave similar silhouettes.
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Optimized Fames

Figure 2.6: Predictingthe motion of objectsin free ight in video. The rst row
showvs along sequencef anobjectthrown from right to left. We selecta portion of
this sequencend matchits motionin simulation. The secondrow shaws a portion
of theoriginal clip containednsidetheyellow box, andthe correspondingramesof
a simulation. We usetheseparameterso predictthe motion of the tumbling object

acrosghewholesequence. 36



Figure2.7: Predictingthe motionof anobjectin acomplicatedumbling pattern(top
row). Thesecondow shovsthe matchbetweera smallportionof thevideoclip and
asimulation.Thesimulationmatcheghevideoquitewell for theframesonwhichit
optimized,but thesmallerrorspropagateo largererrorsin the predictedrames.
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Figure2.8: Usingrigid-body motionestimationto correctfor cameraoll. An object
is thrown in the air from left to right (top row) and capturedfrom a video camera
with signi cant roll. Thevideois dif cult to watchbecausef theimagerotation.
The motion of the objectis estimatedmiddle row), aswell asthe cameraroll (de-
ned by the orientationwith respecto the gravity direction). The video framesare
automaticallyrecti ed to correctfor the cameraoll.
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2.4 Capturing Cloth Simulation Parameters

The objectve of our secondexperimentwasto createrealisticcloth simulationsthat
matchedhebehaior of four realfabrics—linen, eece, satinandknit. The ubiquity
of cloth malkesit anindispensablelementin creatingcompellinganimationsof hu-
man gures. Realisticvirtual clothingis now possiblebecaus®f recentadvancesn
cloth simulationtechniques[BW98CK02, BHW94, CVMT95, BFA02].

Themotionof fabricis determinedy resistancéo bending stretching shearing,
externalforces,aerodynamieffects,friction andcollisions. We usedthe cloth sim-
ulator developedby Baraf andWitkin [BW98] for our experimentsandestimated
the staticanddynamicparametersf this modelfrom video. The parametersf the
Baraf-Witkin modelcanbe characterizedihto threegroups:

Static Parameters:mass,stiffness(stretch, shearand bend) Our modelhas
stiffnessparameters$o controlthe stretch shearandbendforcesactingonthe
fabric. The stretchandshearstiffnessparametersiave two componentslong
thetwo principaldirections,andthe bendstiffnesshasonecomponent.

Dynamic Parameters:damping air drag. We have a dampingterm corre-

spondingto eachstiffnessterm, namelystretchdamping,sheardampingand

benddamping. Additionally, we modelthe air dragwith a three parameter
model.

Collision parametersstiffnesstermsfor self collisionsand objectcollisions
Thecollision parametersvereselectednanuallyin our experiments.

Ouralgorithmestimatedhe staticanddynamicparametersn asetof staticshots
andmotion clips of a small swatchof a particularfabricandthentestedon a simu-
lation of a full skirt madefrom thatfabric. We designedhe swatchteststo spanthe
spaceof behaiors that we expectto seein the nal sequencesf motionwith the
skirt sothatall parameterganbe tunedappropriately We usesimulatedannealing
for the optimizationstepwith an optimizationfunction that assessethe extent to
which thefolds in the simulatedandphysicalfabric match. This matchis evaluated
by meansof a shapemetric that usesprojectedlight to detectsurfaceorientationin
realandsimulatedfabrics. The metricis tunedto be mostsensitve alongfolds and
to discountplanarregions.

We usethe systemto nd the parameterdor four differentfabrics. We shov
the matchbetweenthe video footageand the simulatedmotion on the calibration
experimentspn additionalvideo sequence®r the swatchesandon a simulationof
afull skirt.
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2.4.1 Prior Work

Cloth modelling hasa long history, dating backto work in the textile community
from the mid-1930sby Peirce[Pei37. Work on cloth modellingin computergraph-
ics hasfocusedon developingdynamicsimulationtechniqueghatare bothrealistic
andfast.Baraf andWitkin describeaclothmodelthatusesstiff springswith implicit
time integration[BW98]. This modelwassubsequentlyadaptedo reducethe over-
dampingdue to implicit integration[CK02]. Explicit time integration approaches
[HDB96] usewealer springsfor stretchingand shearing,often explicitly limiting
the amountof stretching[Pro95,BFA02]. Choi and Ko introduceda bendingen-
ergy modelthatmoreaccuratelycaptureshe ne creasesndbendsof cloth[CKO02].
Lahey providesa comprehensie overview of cloth hysteresisnodelsfrom the per
spectve of computationafabric mechanic§Lah02. Extensve work hasalsobeen
doneon modelling collisionsandfriction. Cloth self-collisionis handledeitherby
untanglingthe cloth[CVMT95, VMTO00, BWKO03] or by preemptvely avoiding col-
lisions[Pro97,HMBO01, BFAO2]. Variouspotential eld methodshave beenusedfor
generakollision detectionandrespons¢ TPBF87, SP91].

Despitethis large body of work on cloth simulationmodels,little work hasap-
pearedn thecomputelgraphicditeratureon estimatingheparametersf thesemod-
els sothatthey matchthe behaior of real fabrics. Cloth parameteestimationhas
beenstudiedin the textile community (for an overview, seeBreenand colleagues
[HBOO]), but suchmethodshave not yet enjoyed widespreadusein the computer
graphicscommunity An importantexceptionis the work by Breen[BHW94] who
usedtheKawabatasystenfKaw80] to measurdending shearingandtensileparam-
etersby subjectinga swatchof fabricto a seriesof mechanicatestsandmeasuring
theforce neededo deformit into a standardsetof shapes Althoughthe Kawabata
systemcanprovide accurateneasurementshesemeasurementareproblematicfor
computergraphicscloth simulationproblemsfor two reasonsFirst, theremight not
be a directandsimplemappingbetweerthe parameter$or a particularcloth model
andthe KawabataparametersSecondthe Kawabatasystemdoesnot measuredy-
namiccloth parameterse.g.air dragor damping,which areessentiafor computing
themotionof cloth.

Onepromisingapproactior modellingclothparameterss to automaticallysearch
for parametershat matchreal cloth. Jojic andHuang t parameter®f a particle-
basecclothmodelto t arangescanof realclothin astaticrestcon guration,draped
overaspherdJH97]. However, they did nottreatthe problemof measuringlynamic
parameter®r demonstrat@ccurateresultsacrossa rangeof fabric types. Instead,
they exploredthe problemof measuringhe 3D geometryof anobjectfrom therest-
ing shapeof a pieceof cloth drapedover it, a challengingproblemthatwe do not
consideiin this paper
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More distantlyrelatedaretechniquedgor computingthe geometryof cloth from
images.Coarseestimate®f thetime-varyinggeometryof cloth canbecomputedus-
ing traditionalstereanatchingtechnique®y usingtwo or morecameragsndtreating
eachtimeinstantindependentlyseeScharsteimndSzeliski[SS03 for anoverview).
More accurataesultsmay be obtainedby projectingstructuredight patternsonthe
cloth (seezhangetal. [ZCS02]for anoverview). Rathetthancomputingshapeatev-
erytimeinstantindependenfrom thenext, it canbeadvantageouto integrateimages
over time to improve accurag. Two examplesof promisingwork alongtheselines
are Carceroniand Kutulakos [CKO1] and Torresaniet al. [TYABOL]; both studies
demonstratedeconstructionsf moving cloth.

2.4.2 Cloth Model

Becauseour framework for estimatingcloth simulationparameterss independent
of the cloth model, we can, in principle, selecta speci ¢ model that meetsa set
of criteriasuchasaccurag or simulationspeed.Our choiceof a cloth modelwas
guidedby two goals:realismandpracticality We wanteda modelthatwassophisti-
catedenoughto capturethe detaileddynamicbehaior foundin realfabricsbut still
straightforvard to implement. Becauseour intentionwasto apply the learnedcloth
modelparameters$o arbitrarygarmentswith varyingtriangleresolution,it wasalso
importantthat the cloth parameterscalecorrectlywith the resolutionsof the cloth
simulation.

We usedthe model describedby Baraf and Witkin asthe basisfor our cloth
simulator[BW98]. This model hassufcient richnessto producea wide variety
of cloth behaiors. The underlyingmeshis triangular making clothing modelling
easier More importantly its input parametersre independenbf meshing,so that
parametersecoseredon onemesh(thetestswatch)canbetransferredo another(the
skirt). While nonlinearmodelssuchasthebuckling behaior of ChoiandKo [CK02]
could potentially capturemorerealisticdetailsof cloth, thereis no straightforvard
way to scalethe parameter®f thesemodelsto mesheof varying resolutions.We
expectthatfuture applicationof our parameteestimationframenork to otherscale-
invariantcloth modelswill provide evenmorerealisticresults.

The modeldevelopedby Baraf andWitkin formulatesthe enegy of a particular
triangle in termsof condition functionsC(x) suchthat the total potentialenegy
associateavith thesystemis givenby

k
E,= ESC(X)CT(X) (2.16)
whereks is a stiffnesscoefcient associateavith the particularconditionfunction.
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Forcesarethensimply calculatedby
F=r,E, (2.17)
Dampingforcesaresimilarly fomulatedin termsof the C(x):

dc
d= kd&C(x) (2.18)

We thus associata stiffnesscoefcient ks anda dampingcoefcient kq with each
of the C(x). In their papey Baraf andWitkin describea setof C(x) consistingof
anin-planestretchterm, anin-planeshearterm, andan out-of-planebendingterm,
giving a total of six parametersve canuseto tune the internal cloth model. We
referthe readerto their paperfor thefull details[BW98].We note,however, that(as
they alludeto in footnote5) enegy shouldscalelinearly with triangleareato ensure
scaleindependenceTherefore,we needto be carefulwhen substitutingC (x) for
stretchandsheairinto eq. 2.16thattheresultingformulais linearin arearatherthan
guadratic.

In the courseof runningour experimentswe discoveredthata lineardragmodel
suchasthat usedin previous cloth work [BW98, CK02] was not ableto capture
dynamicaspectf cloth. In orderto add additionalair-drag degreesof freedom
to our cloth model without resortingto fully modelingaerodynamicgLin00], we
developeda simplenonlinearalternatve. Our new formulationfor thedragforcehas
alineartermfor thetangentialelocity componen{v ) anda quadratidermfor the
normalvelocity componentvy ), with anadditionaltermk; thatcontrolsthedegree
of nonlinearity: |

knjvnj® v
1+ Kejvnj2jvnij
wherea is the areaof the given triangle. The linear term is merely Stokes's law
[Ach90]; thequadratidermmatchedbettertheexperimentabehaior of macroscopic
bodiesin low Reynold's number o w[Fro84]. The additionof thejv y j? termin the
denominatowhich makestheforceasymptoticasvy ! 1 waspartially motivated
by the obsened phenomenorof drag crisis [Fro84], whereundercertaincircum-
stanceshedragcoefcient canactuallydropattheonsetof turbulencegf/Ach90]. The
optimizeris freeto eliminatethis behaior or othertermsof this equationby setting
thecorrespondingarameter$o zero.

Initially, we useda rst-order implicit Euler time integrationschemesimilar to
the onedescribedoy Baraf andWitkin [BW98]. Unfortunately we found thatim-
plicit integrationintroduceddampingwhich could not be eliminatedby optimizing
cloth parameters We hadmore successn matchingrealistic cloth motionsby us-
ing higherorder explicit methods. The resultsin this thesisuse an adaptve 4th-
orderaccurateRunge-Kittamethodswith embedde@rrorestimatiofAP98]. While

kTVT

fdrag =
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this methodoffers the advantagef simplicity andautomaticboundingof error; it
is ratherslow, andrecentwork suggestshat using 2nd-orderbackward differences
[CKO02] or Newmarkscheme$BMF03] may bea betterchoice.

For collision handling,we usea modelsimilar to thatusedby Bridsonandcol-
leaguegBFAO02]. It combinesepulsionforceswith impulsesto robustly preventall
collisionsbeforethey occur However, separatingepulsionforcesfrom theclothin-
ternaldynamicsandapplyingthemoutsidethe Runge-Kittasolver affectedstability
andresultedin visible artifacts. Instead we apply repulsionforcesinsidethe solver
loop, so that the solver's own internal error estimationcan remove theseartifacts.
The dravback of this techniqueis speed becausehe systemmustcheckfor colli-
sionseverytime it evaluateghe statederivatives(asopposedo onceevery collision
timestepasin Bridsonetal. [BFA02]). To achiaere acceptabl@erformancewe used
a numberof collision culling algorithms,including hybrid top-davn/bottom-upup-
date[LAMO1], fasttrianglerejecttests|M 6197], anda cunature-basedriterionfor
rejectingself-collisionsthatwas rst introducedby Volino andThalmannVMT94]
andlaterre ned by Provot [Pro97].

2.4.3 Metrics from Video

We usea perceptuallymotivatedmetric to comparethe motion of cloth in simula-
tion with a video sequencef real fabric motion. Our metric captureghe complec
dynamicsof cloth motionandalsohelpsto distinguishbetweendifferentfabrics.
Researcheris computationaheurobiologyhypothesizehatthe humanpercep-
tual systemis sensitve to moving edges in video [Fie87, Fie94 vHR98]. Stud-
ies have shavn that the receptve elds of simple cellsin the macaquecortex act
as edgeor line detectors respondingto orientededgesor lines in naturalscenes
[HW68, VYH82, DOF93]. In cloth, theseedgescorrespondo folds andsilhouettes,
which areregionsof high variationin shape Hence pur perceptuallynotivatedmet-
ric for cloth comparegwo video sequencenefrom simulationandonefrom the
real world, andreturnsa numberthat measureshe differencesn their folds. The
metricalsopenalizeghe silhouettemismatchbetweerthetwo sequences.

Fold Detection and Representation: Folds appearassoft edgesin video whose
appearancé dependenbn materialpropertiesand lighting. Haddonand Forsyth
[HFP98 HF98] describea learningapproachor detectingandgroupingfolds (and
grooves)in imagesof fabrics. Their techniquecan handlelighting effects caused
by diffuseinter-re ectionsin cloth. However, mostfabricshave very complicated
re ectanceproperties.In our experimentswe eliminatethe effectsof lighting and
materialre ectanceby projectinga structuredight patternof horizontalstripesonto
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thefabric.

Fromthelight-stripedvideo sequencewe computethe dominantorientationfor

eachedgepixel by corvolving it with a steerablelter bank[FA91]. In ourimple-
mentationwe usethe G2/H2 quadraturgair with kernelsize 12 asthe basis Iters.
Details of computingthe dominantorientationfrom the coefcients of Iter bank
responseare givenin Appendix| of Freemanand Adelson[FA91]. We convolve
theimagewith the Iter bank,computethe Iter coefcient responsesplur the co-
ef cients usinga gaussiarkernel,andcomputethe dominantorientationfrom these
coefcients. We nametheresultingorientationimageananglemap shavnin gure
2.9. The anglemap,which measureshe local orientationof the projectedpattern,
hasa constantvaluewhenthe surfaceis planarandvariesat folds. We thresholdthe
gradientof theanglemapto geta gradientmaskM  for eachframeof video ( gure
2.9). (
oo Lkd(jk
M= 00k (k<
where is auserde nedthresholdandk (i; j )k is the magnitudeof the gradientof
theanglemapat (i; j ). The gradientmaskis non-zeroat regionsof high gradients,
correspondingdo folds, andzeroat planarregions.

(2.19)

Fold Comparison: Our metriccomputeghe frameby frame sumof squaredlif-
ferencegSSD)betweemasledanglemapsin simulationwith video. We preprocess
theinputvideo sequencéo computetheanglemapat eachframe. Similarly, in sim-
ulation,we renderthe cloth shapeusingthe currentparametewaluesandprojectthe
samestripedpattern,to get a stripedsimulationsequence We computethe angle
mapat every framein simulationfrom this sequenceWe thencomputethe SSD of
the anglevaluesfor all overlappingpointsin thetwo anglemaps. We multiply this
differencewith the gradientmask,which helpsto emphasizehe differencesn fold
regionsover planarregions( gure 2.10). We sumtheerroracrossall framesto com-
putethe overall erroracrosshe entiresequenceTheerroratary particularframek
alongthe sequencés

fold _ R >§y F realy:. : sim i 1 \\ 2
Ey = M) Co00) &M G35) (2.20)
i=0 j=0

where(Sy; Sy) is thesizeof theanglemapsand "®@', sm aretheanglevaluesfrom
realandsimulationanglemapsrespecitiely.

Silhouette Comparison: In additionto the anglemap error, we penalizethe sil-
houettemismatchbetweenthe simulationandthe video of real cloth. This penalty
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Figure2.9: Top Row: Inputlight stripedimage. Bottom Row (left to right): angle
mapandgradientmask.

is proportionatto the differencebetweerthetwo silhouettesi.e., the numberof mis-
matchedpixels:

silh X‘)x %y H reals;. ; sim ;. q\
B = FJASTET) AT ] (2.21)
i=0 j =0
where (
... _ 1, inside silhouette
A ]) = 0. otherwise (2.22)
Thetotal errorin framek is
E.= E[%+ ESIN (2.23)

where is a userde ned weight that controlsthe relative contritution of the two
terms. We useda valueof 0.1for in our experiments.The erroracrosshe entire
sequencef lengthN framesis givenby

X
E=" Eg (2.24)

k=1
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Figure2.10: The stagesn 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 ldenti cation

We useoptimizationto estimatethe parameter®f the cloth simulatorfrom video.
Beforewe describethe detailsof the optimizer; it is informative to look at the error
spaceof theanglemapmetric. This fairly noisy spacemotivatesthe useof a global
optimizationtechnique like SimulatedAnnealingand also gives us useful insight
aboutthe parametersf the system.Figure2.11shaws thevariationof errorfor dif-
ferentvaluesof bendandstretchstiffnesscoefcients for satin. Here,theanglemap
in videois obtainedafterthe fabric settleddown in a statictest. The corresponding
anglemapin simulationis computedor awide rangeof valuesfor bendandstretch,
spanningthe spaceof thesetwo parametersFromthe gure, it is evidentthatthe
errorspaces very noisywith severallocal minima, motivatingthe needfor a global
optimizationtechnique.
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Stretch Stiffness

Bend Stifness X190

Figure2.11: This plot shovs anglemaperrorasa function of bendandstretchstiff-
nessparametersDark areasindicateregionsof small error andbright areascorre-
spondto large errors.Notethatthe spacds fairly noisy The minimumfoundby the
optimizeris containedn thelarge darkregionin thelower portionof theplot.

2.4.5 Optimization Framework

We usesimulatedannealingo nd the parametershat minimize the errorfunction
givenin eq. 2.24. Simulatedannealingnitially exploresthe spacean asemi-random
fashionandeventuallytakesdownhill steps.Thelik elihoodthatit will take astepin a
directionthatis notlocally optimalis afunctionof thetempeature ( gure 2.12).We
usethe continuoussimulatedannealingmethodpresentedn Presset al.[PFTV92],
which combinegheMetropolisalgorithmwith thedownhill simplex methodfor con-
tinuousn-variableoptimization. We resetthe simplex with the currentbestsolution
whenthetemperatures reducedoy afactorof 3. Prior to optimization,we perform
anexhaustve searchfor eachfabric,wherewe chooseour valuesfor eachcloth pa-
rameteracrossts entirerange.This procedureorrespond$o avery coarsesampling
of the parametespace.We simulatethe fabricfor all pointsin this coarseset(with
4° points— 9 parameters 4 valuesper parameterandcomputethe error for each
pointby comparingagainstherealfabric. We initialize the optimizerwith the point
correspondingo the minimumerror. We have foundthatthis stratey for initializa-
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Figure 2.12: Progressf the simulatedannealingoptimizer as measuredy error.
Thetemperaturelecreasés governedby a geometriccoolingschedule.

tion allows the optimizerto locatea betterminimum of the spaceratherthanusing
constan{arbitrary)valuesfor the parametersor theinitial guess.

2.4.6 Experiments

We designeagimpleexperimentgo capturehedynamicof thedifferenttypesof fab-
rics andthe air/clothinteraction. The experimentsareeasyto perform,captureand
repeatyetthey demonstrat¢he complex dynamicsof cloth motion. The parameters
obtainedrom thesimpleexperimentsvereusedto simulateskirtsandothercomplex
fabricmotions.In essencepur experimentsveredesignedo be a calibration setup
for estimatingthe staticanddynamicparametersf a cloth simulator

We performtwo estimationexperimentgor eachfabric,a statictestandwaving
test We usedfour typesof fabrics:linen, eece, satinandknit. Thesefabricsexhibit
awide rangeof staticanddynamicbehaior andspanalarge rangeof realfabrics.

We perform the static and waving testson a small swatch of eachfabric. In
the statictest, the two top cornersof the fabric are held stationary andthe fabricis
allowedto sagundergravity. For a x edseparatioetweerthetop cornersdifferent
fabricsattaindifferentstaticshapesasshovn in gure 2.13. The statictestgivesa
goodestimateor the staticstiffnessandbendparameters.
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Figure2.13: The statictestwith four realfabrics. Top cornerseparations identical
acrossll four fabrics.

Figure2.14: Threeframesfrom the waving testfor satin.
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In thewaving test,oneof thetop cornersof thefabricis x edandtheothercorner
is moved backandforth ( gure 2.14). The waving motion of fabricsin simulation
is affectedby their dynamicparametersThevideospostedon our websité thatreal
fabricsexhibit a wide rangeof interestingmotionsevenwith the sameinput excita-
tion. We designedhe waving motionto approximatelymatchthe typesof motion
occurringin realgarmentsuchasskirts. This experimentgivesreasonablestimates
for cloth parametersvhile avoiding the needto optimizedirectly on comple fabric
geometriege.qg. skirts)involving mary collisions.

2.4.7 Results

In this section,we reportthe resultsof simulation parameterobtainedusing our
techniqueappliedto four fabrics:linen, eece, satinandknit. We measuredhemass
anddimension®f thefabrics.We alsoaccuratelyneasure¢he positionof thetwo top
cornersusinga Vicon motion capturesystem.We computethe projectionmatrices
for the cameraand projectorusing a calibrationgrid with several motion capture
markers. We performedwo trials perexperiment,eachwith slightly differentinitial
conditionsandoptimizedonthe rst 50 framesof videoin eachtrial. Eachtrial took
approximately50 hoursto cornverge on a 2.8GHzIntel Pentium4 Xeon processor
(approximately600 iterationsof simulatedannealing). Becausesachoptimization
takesalongtimeto corverge,wechoosehe nal parameteestimatgfor eachfabric)
from oneof thetwo trials (thatminimizesthetotal erroron thetwo trials) insteadof
simultaneouslyptimizingacrossoththetrials.

Statictest. We performedoptimizationontwo trials for eachfabric;theresultsare
shovn in gure 2.15and gure 2.16. Thetwo trials have differentseparatiordis-
tancesbetweenthe top corners. For eachfabric, we optimizedfor six parameters:
stiffnessanddampingparametersor stretch sheayandbend. The air dragparame-
tersweresetto themid pointof their rangeof valuesfor this experiment.

Theinitial valuesand nal valuesof theestimategarameteraresummarizedn
table2.1. Figures2.15and2.16 showv a very goodvisual matchbetweenthe simu-
lationswith their counterparteal fabrics. However, thereis a signi cant disparity
in the optimized parametewaluesfrom the two trials. In orderto understandhis
disparity we performeda setof optimizations(on a singlefabric) with very similar
initial values.Table2.2 shovsthe parametewaluesfor satinfrom ve optimizations
wheretheinitial conditionswererandomlyvariedby 5% Fromthetable,we see
thatthe nal errorvaluesarevery close.We getconsistenestimategor parameters
thathave lower variability (e.g.,bend,stretch). Parametersvith high variability are

http://graphics.cs.cmu.edu/projects/clotimmetes
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Figure2.15: Resultsof optimizationfor the statictest,trial 1. Top row: realfabrics
(left to right) linen, eece, satinandknit. Bottom row: Correspondingabricsin
simulation.

Figure2.16: Resultsof optimizationfor the statictest,trial 2. Top row: realfabrics.
Bottomrow: Correspondingabricsin simulation.
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Linen Fleece
Parameters Start Exp1l Exp2 Start Expl Exp2
Bend le-3 0.009 0.0045 le-4 0.0001 0.0001
Stretch 4000 404.9 3682.1 50 129.2 200.04
Shear 21544 175.37 208.15| 215.44 103.96 31.39
Benddamping le-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 10 219 1317 10 13.86 3.75

Error (Exp 1) 75.0 62.8 136.8 1215
Error (Exp 2) 81.2 67.0| 207.3 98.7

Satin Knit

Parameters Start Expl Exp2 Start Expl Exp2
Bend le-5 1.106e-5 6.94e-6 le-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 le-7 2.49e-7 3.98e-7 le-7 1.0le-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: Takulationof the staticparameterérom two experiments.

Bend  Stretch Shear BendDamp StretchDamp SheaDamp Error

Initial Values 1.0e-05 50 50 2e-07 10 10 | 179.026
Optimizationl 6.93766e-06 19.3832 69.653 3.98337e-07 3.67932 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
the rst row. Someparameterge.g.,stretchdamping)vary signi cantly acrossthe
differentoptimizationswhile others(e.g.,bend)areconsistentaicrossmultiple opti-

mizations.
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estimategoorly, becaus¢heirvaluesdoesnotaffectthe nal errorvalue.Thisresult
is consistentwith our intuition that statictestscannotbe usedto estimatedynamic
parametertik e stretchandsheardampingor air dragandmotivatesthe waving test,
which exercisedoththe staticanddynamicparameters.

Waving test. We optimizedfor nine parametersn the waving test: the six cloth
stiffnessand dampingparametersandthreeair drag parameterg gure 2.17). As
with the static test, we initialized the static parametersn this testfrom a coarse
exhaustve search.The dynamicparametersvereinitialized usinga randomguess.
We optimizedon the rst 50 framesof the sequence.The initial valuesand nal
valuesof the optimizedparametersor two trials arereportedin table2.3. The nal
valuesof the parametergrom the two trials differ in partbecausehe variability of
theparameterss still fairly high ( gure 2.18). Differentmotionsor longersequences
might further reducethe variability of the parameters.We choosethe parameter
setthat minimizesthe sum of the error from the two trials. For instance,in the
following exampleof satinwaving, we choosethe parametergrom experiment2.
This approachseemsto produceplausibleresultswith skirts and other validation
experiments.

Optimization progress. Figure2.19shows the staticshapeof the simulationbe-
fore andafteroptimization.Figure2.20shavsthecorrespondingnglemapcompar
ison. Thesetwo gures show the progresf the optimizationandindicatethatthe
minimumcorrespond$o a visually compellingmatch.

Metric validation. We comparesachof thefour optimizedanglemapsfrom sim-
ulation (correspondindo the four fabrics)with the four anglemapscomputedrom
video. In gure 2.21,eachcurve shavs one particularfabric comparedwith four
simulationscorrespondindo eachfabrictype. We seethateachfabricin simulation
hasa minimum error whencomparedo its counterparin reality. Figure2.21also
demonstratethat our approactcould be potentiallyusefulfor recognizingdifferent
typesof fabricsin video.

2.5 Animation by InverseSimulation

The parametersbtainedusingtheinversesimulationframeavork canbe usedto cre-
atenew simulationsunderdifferentconditions. In this section,we presentwo ex-
amplesof usingthe estimatedcloth parameterdo createnev 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 shavs thereal
fabricandthe bottomshaows the correspondingramefrom simulation.
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Linen Fleece
Parameters Start Expl Exp2| Start Expl Exp2
Bend le-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| 2154 255.2 296.9
Benddamping le-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
Quadratiadrag 2 5.6 2.0 2 3.1 0.3
Dragdegradation 2 0.4 1.3 2 4.3 1.2
E1(ErrorfromExpl) | 94.2  85.9 93.1| 208.8 179.6 2222
E2 (ErrorfromExp2) | 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 Expl Exp2| Start Expl Exp2
Bend le-5 6.4e-6 5.6e-6| le-6 1.1e-6 1.2e-6
Stretch 50 264 324 50 69.7 12.7
Shear 50 97.7 74.2 50 375 60.0
Benddamping le-7 1.5e-6 1.2e-7| 1le-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
Quadratiadrag 2 1.8 15 2 0.5 1.8
Dragdegradation 2 0.9 0.8 2 1.2 0.3
E1l(ErrorfromExpl) | 124.0 106.4 114.1| 230.7 208.8 246.3
E2 (ErrorfromExp2) | 280.8 272.8 178.6| 255.1 261.8 225.3
E1+E2 379.2 292.7 470.6 471.6
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Table 2.3: Parametergrom two waving experiments.Line E1 shows the error for

Experimentl with the initial conditionsand after optimization. It alsoshaws the
errorfor experiment2 whenrun with the parametersoundfor experimentl without
further optimization. Similarly line E2 shows theinitial errorfor experiment2, the
errorafteroptimization,andthe unoptimizedresultwith thoseparametersn exper

iment1. The parametesetfrom the experimentshownn in bold is selectedasthe
nal estimatefor eachexperimentbecausehis parametesetminimizesthe sumof

the error from the two trials, E1 + E2. Satinhasvery differentstartingerrorsfor

thetwo experimentsalthoughtheinitial conditionsarethe sameandtheerrorvalues
after optimizationalsodiffer signi cantly. This disparityis causedecauseghe two
experimentshadsigni cantly differentwaving motion.
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Figure 2.18: Bar chartsshowving the variability analysisresultsfor the waving test.
Fromleft to right: linen, eece, satinandknit. Legend:1=bend2=stretch3=shear
4=benddamping,5=stretchdamping,6=sheardamping,7=lineardrag,8=quadratic
drag,9=dragdegradation.

motions).In the secondexample,we createdskirt simulationsfor a virtual character
performingahop-scotchump. In boththeseexampleswe validatetherealismof the
resultingsimulationsby comparinghemagainstvideo of real swatchesandskirts.

Animating waving fabrics. In orderto validatethe parametersbtainedfrom op-
timization, we simulatedfour typesof fabric swatchesexcited by the sameinput
waving motion (a simplesinusoidaltrajectory). This experimentallowed usto per
form aside-by-sideavaluationof the simulationdor thedifferentfabricmaterial.For
comparisorwith groundtruth, we capturedvideo sequencesf the corresponding
realfabricswaved usinga MitsubishiPA-10 robotarm. The robotwasprogrammed
to repeatthe samesinusoidaltrajectoryfor all the realfabrics,therebyensuringthe
sameinput excitation for all fabricsin reality and simulation. Figure 2.22 andthe
accompaning videog showv a goodvisual matchbetweencorrespondindramesin
simulationandvideo.

Animating skirts. We usedtheoptimizedparameterto simulatethe skippingmo-
tion of a humanactorwearinga skirt ( gure 2.23). Our skirt simulationuseda high
resolutionmesh(about5000nodes)o generataletaileddynamicmotionsandwrin-
klesthatweremuchmorecomple thantherectangulaswatchesof fabricsusedfor
identi cation. To simulateskirt-body and skirt-skirt interactions,we extendedour
cloth solver to robustly handleself collision [BFA02] andcollisionswith the actor's
body. We useddatafrom afull body opticalmotion captureof the actorperforming
the skippingmotionto drive theanimatedcharactefor the cloth simulation.

We obtaineda simpleskirt patternandhadfour matchingskirts (of differentma-

2http://graphics.cs.cmu.edu/projects/clotimmetes/
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Figure2.19: Shaving theimprovementin shapematchafter optimization. Thetop
row compares videoframeof eece with simulationbeforeoptimization.Thebot-
tomrow showsthe correspondingideo/simulatiorpair afteroptimization.

terial) tailored. To creatematchingskirtsin simulation,we requirea cloth meshthat
hasthe samebasicshapeas the real skirts. We generatedhis meshfrom the sil-

houettesf the skirt patternusingthe Mayapackagé. Mayaincludesthe capability
to generatea cloth meshboundedby an arbitrarysetof curvesin the plane. These
meshesareoptimizedto work with Maya's own Baraf/Witkin style solver. We ex-

portedthesemeshedor usein our own cloth solver.

We usedpiecaviserigid geometryfor the upperandlower legs, feetandhips of
the actor which simpli es collision checkingin our solver andeliminatesthe dif -
culty of properlyskinningthe model. To attachthe skirt to the body, we selecteca
setof attachmenpointsfor the meshverticesalongthetop of the skirt. We ensured
thatattachmenpointswerewell-separatedroundthewaistby choosinghembased
on arc-length.We createdan appropriatanitial conditionfor the animationby sim-
ulating the skirt to wrap aroundthe waist by allowing the skirt to fall underits own
weight and simultaneouslypulling the designatedskirt points toward their attach-
mentpoints (usinga simpledampedspring). This pre-simulationstepensuredhat

3http://www.alias.com
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Figure2.20: Comparisorof anglemapsfor the shapeshavn in gure 2.19before
and after optimization. Top Row (Before Optimization,from left to right): Angle
map from video, anglemap from simulation,anglemap SSD. Bottom Row: The
correspondin@nglemapsafteroptimization.

Linen

Fleece

Error

Satin
Knit

Linen Sim Satin Sim .
. Fleee Sim | Knit Sim

Optimized Simulation Parameters

Figure2.21: Comparingthe optimizedparameter simulationfor eachfabricwith
the four real fabrics. For example, point 1 in the graphshaws the error when a
simulationwith eece parameterss comparedwith video of satin. Similarly, point
2 is the errorwhenthe satinsimulationis comparedwvith real satin. The four curves
have aminimumwhenthey arecomparedo their correctcounterparts.
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Figure2.22:Validatingtheestimategarameterssingthesamenputexcitation. The
top right cornerof the fabricis actuatedusinga Mitsubishi PA-10 robot. Eachrow
shaws the matchbetweervideo (top) andsimulation(bottom)at four frameschosen
from a 100 framesequenceThe fabrics,from top to bottom,arelinen, eece, satin

andknit.
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theattachmenpointsreachedheir destinationsndthe skirt is well-settled(velocity
was zero) before simulatingwith the motion capturedata. During the simulation,
skirt pointsalongthe waistlineweremovedbasedn the mocapdataat the hip. The
remainingpointsweresimulatedo follow themotionof theskirt points,afterresolv-
ing collisionandotherphysicalforces.Stiffnesswasnot a majorproblemwith skirts
becausé¢he simulationtime stepswerequite smallbecaus®f collision handling.

To generatethe motion datafor gure 2.23%, the actorrepeatedhe samehop-
scotchmotion (approximately¥or thefour differentskirts. Thevideosfrom ourweb
pageshon that the parametersbtainedfrom our optimizationapproachsuccess-
fully captureghestaticshapeanddynamicpropertiesof skirtsof differentmaterials.
Becausedhe simulationparametersveretunedto matchfolds, our algorithmworks
especiallywell on softerfabricslike knit and satin that exhibit a lot of staticand
dynamicfolds. However, the linen skirt appeargo be stiffer in simulationthanthe
real skirt. We attribute it to two factors— rst, the seamstressut the fabric along
thebiasto stitchthis skirt whereaghe swatchusedfor estimationwascut alongthe
normaldirection(not alongthe bias). Althoughwe tried to compensatéor the bias
effect by rotating the coordinatesystemof the skirt simulation(uv coordinatesn
Baraf/Witkin solver) by 45 degrees,this approximationdid not work well for stiff
fabrics.Secondpurfold-basednetricwasprobablynotvery effective for stiffer fab-
ricslikelinen,whichdonothave ary foldsin thestaticandwaving tests.We believe,
however, thatour techniquecaneasilybetunedto handlestiffer fabricsby assigning
higherweightto silhouettesover folds in the metric. In conclusion,our fold-based
metricis ideally suitedfor softerfabricslik e satinor knit, which arein generaharder
to simulateaccuratelywhencomparedo stiffer fabricslik e linen.

2.6 Discussion

This chapterdescribedhe inversesimulationframenork for identifying the param-
etersof physicallybasedsimulationsof passve objectsfrom video. Our technique
hasbeenappliedto estimateghefree ight parametersf rigid bodiesandthematerial
parameter$or differenttypesof cloth. We shovedthatthe estimategparametersan
be usedto createrealisticanimationsundernew simulationconditions.

We rst experimentedwith rigid body simulationswhich wasa simpleyetillu-
minating examplefor testingour inversesimulationframenork. We simpli ed the
estimatiornproblemby focussingonly onthefree ight parametersOuroptimization
approachs well suitedfor rigid bodysimulationdor severalreasons—théee ight
dynamicsis easyto modelaccurately experimentswith real objects(of reasonable

“http://graphics.cs.cmu.edu/projects/cludimmetes/

60



Figure2.23: Validatingthe estimategarametersn a morecomplicatednotionand
garment. We show (from left to right, top to bottom) several framesof an actor
skippingwhile wearinga eece skirt. The correspondindgramesof the skirt in sim-
ulationshaw thatour techniquecaptureshe approximateshapeanddynamicsof the
realskirt. Theseframeswereequallyspacedn time (0.5 secondspart). Thevideos
in thewebpageshav thevalidationresultson all four skirts.
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size)areeasyto perform,silhouettedrom video canbe extractedrobustly, andana-
lytical gradientscanbe computedaccurately However, tuning tumbling rigid body
simulationgprovedto bevery challengingoecaus¢heangulammotionsareextremely
sensitve to initial conditions[Sym71. Moreover, the error spaceof the silhouette-
basedbjective functionincludeslocal minima. In our experimentswe noticedthat
several differentcombination=f initial orientationsandangularvelocitiesresultin
silhouettesequencethatlook similar while representingjuite differentorientations.
This obsenation is especiallytrue for shortsequencesyhich do not have enough
informationto uniquelyidentify thetrue parametersiNeverthelesswith longerinput
sequenceandreasonablenitial guessespur gradientbasedoptimizationsuccess-
fully identi ed the simulationparameter$or severaltumblingrigid bodysequences.

Next, we experimentedwith cloth simulationswhereour objectve wasto iden-
tify parametersf four realfabrics. We capturedthe behaior of small swatchesof
fabric using a setof dynamicand static testsand demonstratedhat the optimizer
could identify appropriatesimulationparametergrom thosetests. Theseparame-
tersproducedour distinctandrecognizabldéabricswhenappliedto amorecomple
simulationof a skirt asit wasdrivenby motion capturedatafrom a human gure.

However, cloth simulationswere much harderto matchwith real fabrics. To
matchavideo sequencaccuratelyusingour framawork, the cloth physicsmodelas
well asthe collision algorithmshadto be chosencarefully The choiceof integra-
tion schemas crucial becausextra dampingintroducedby implicit methodg(e.g.,
Baraf andWitkin [BW98]) makescrispfoldsimpossibleto match.Parametersnust
be independenbf the resolutionof the meshso thatthey canbe identi ed on low
resolutionswatchesand appliedto higherresolutiongarments.Several cloth mod-
elsdo not satisfythis requirementFor example,the non-linearbendmodelusedby
Choi andKo [CKO02], doesnot scalewith meshresolution. Progresss beingmade
in theseareasfor example,Bridsonetal. [BMFO03] introduceda scale-independent
bendmodelwith encouragingesults.

During the courseof this thesis,we experimentedwith a several cloth models
(Choi andKo [CKO02], Baraf and Witkin [BW98]) differentnumericalintegrators
(implicit, explicit—RK4, leapfrog). We usedthe Baraf/Witkin modelwith an ex-
plicit integrator(RK4) for all our simulations.A majoradditionto this modelwasa
nonlinearityin the dragmodel. We alsomodi ed the modelsothatthe parameters
scalecorrectlywith theresolutionsof the cloth simulation.

En routeto the metric usedin the experimentsdescribechere,we tried a num-
berof othermetrics: comparingthe overlapof the silhouettesthe distancefunction
betweenrsilhouetteedgesandusinginformationfrom internaledgesmarked on the
fabric. Figure2.24shaws a staticoptimizationresultthatfailedto capturethefabric
shapeandfolds eventhoughthe internaledgesmatchesvell. The metricthatmea-
suresfolds andsilhouettesijn concertwith the projectorfor thelight stripes,proved
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to be a simpleandeffective metric that far out-performecbur earlierattempts.Our
anglemapmetric alsoperformsbetterthanmetricsthat operateon fold edgeqe.g.,
gure 2.25).We believe thatthe errorspaceof theanglemapis muchsmoothethan
the errorspaceof thefold edgeshecause¢heseedgesdependon adiscretethreshold.
Although our anglemapmetric alsousesa thresholdto computethe gradientmask
from reality, this thresholdust altersthe weightsof the anglemapghigherweightto
folds over planarregions)andhencedoesnot affect the noiseof the error space.

An effective stratgy for deluggingthe blocksof the inversesimulationframe-
work wasto testthemon syntheticinput sequencesThis testfactorsout any prob-
lemsthatmight arisedueto the model'sinability to accuratelymimic therealworld.
For example,we could simulatethe input waving motion with a pre-de nedsetof
parametersand determinewhetherthe metric steersthe optimizationtowardsthe
correctsolution. Repeatinghe optimizationwith differentvaluesfor the parameters
anda differentdriving motionfor simulationwould alsogive usa goodunderstand-
ing of the cornvergencepropertiesof the optimizer After determiningthata given
metricworked on syntheticinput, we would know thatproblemwith realinputwere
eitherdueto inaccuraciesn the modelor computationof the metric on real video
images.

The spaceof possiblemetricsis vast,of course but oneclassof metricsthatwe
did not experimentwith are statisticalmetricsthat computea function of the shape
of thefabricacrosgime ratherthanevaluatingthe matchon aframe-by-framebasis.
The experimentswith the swatcheswere carefully controlledto be shortand have
initial conditionsfor the simulationthat matchedhoseseenin thevideo. If instead,
we wereto optimize on morecomplicatedgarmentor longersequenceghensuch
tight control of the initial conditionsis unlikely and a statisticalmetric might be
preferable.Sucha metric might, for example,computethe averagenumberof folds
acrossatime sequenceatherthanlooking for afold to appeaataparticularlocation
ontheswatchin a particularframe.

Becausethe main focus of this work wasto achiese visual realismin simula-
tion, we qualitatively evaluatedthe estimatedparameterdy performinga side by
sidecomparisorof our simulationresultswith realfabricmotion. An alternatedea
for evaluatingour resultswould be to performa blind testby presentinguserswith
the four unlabelledsimulations(for the four swatches),and askingusersto match
eachsimulationto its counterpartfrom reality. Performingthe blind testfor new
experimentge.g.,draping)would allow usto visually evaluatethe generalityof the
simulationparameteré new situations.

Anotherideato evaluatethe parameteestimatebtainedfrom optimizationis
to performstatisticaltestssuchasN-fold crossvalidationusingdatafrom multiple
trails [Ste94]. For example,we could performthe waving testwith severalinitial
conditionsto obtaina representatie datasetfor eachtype of fabric. The crossval-
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idation techniqueestimategshe parameterérom a portion of this dataset(training
set)andevaluateghe estimategparametersntheremainingdataset(testset). Vary-
ing the sizeandelementof the training andtestsetwould allow usto computethe
con denceintervalsontheestimategarameterfNel00]. Moreover, usingdatafrom
differentexperimentsn thetrainingset(e.g.,waving, staticdraping,draggingfabrics
over differentsurfaces)would resultin parameteestimateshatwould generalizeo
awide rangeof fabricbehaior.

Althoughthe skirt is far more complex thanthe swatcheshat were usedto de-
terminethe parameterst is notascomplex asmary garmentsfor example,a form-
tting pair of pantsor atailoredblazer For morecomplex garmentschoosingthe
parametersgia optimizationon small, at swatchesnaynotbesufcient because¢he
shapeof the garmentis determinedy darts,pleatsandby theinterplayof different
fabrics(wool, lining, andinterfacing,for example).More complex garmentsnayre-
quirethe handdesignof additionalteststhatmimic particularbehaiors or elements
of thegarmenin isolation.Moreover, themodelmight needextraparameterto han-
dle anisotropiceffects,hysteresisndcouplingeffects(stretchingalongonedirection
causingshrinkingin the otherdirection),all of which would needspecializedests.
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SIDE VIEW

Simulation Edge Metric

FRONT VIEW

Figure2.24: Exampleof afailedmetric. Thetop row shaws the optimizationresults
for knit using a patternof horizontallines marked on the fabric. Only the static
parametergveretunedin this experiment.Thegreenlines(in thethird column)shov

theedgesxtractedfrom therealfabricandtheredlinesaretheedgesxtractedfrom

simulation. (The samepatternwastexture mappedn simulation,it is not shavn in

this gure). The edgedrom simulationmatchwell with the edgesrom video after
optimization. However, this metric doesnot guaranteea good visual match. The
bottomrow shaws the sameresultfrom a differentcameraview, which highlights
themismatchin folds betweerthe simulatedandrealfabric. This exampleillustrates
that matchingpatternsdravn on the fabric doesnot guaranteea perceptuamatch,
which motivatesour fold basednetricthatmatchedolds directly.

65



Simulation

Figure2.25: Anotheredgebasedmnetricthatdid notwork well for parameterdenti-
cation. In this casethesefold edgesvereobtainedby thresholdinghe anglemaps.
Thetop columnshavs animageof the fabrics(in videoandsimulation)with a pro-
jectedpattern. We computedthe anglemapsfor both theseimagesandappliedan
edgedetectorto obtainthe fold edgesin the middle row. The thresholdfor edge
detectionandthe scalewas chosenmanually basedon the anglemapfrom video.
Thelastcolumnshavsthe mismatchbetweerthetwo fold edgeswheretheredlines
shaow thedistancedetweercorrespondingointsin thetwo edgeimageq(left image
shows correspondencefsom edgepixelsin blue to their closestgreenedgepixel,
right imageshows correspondencefsom greento blue). The main problemwith
this metricwasits sensitvity to the manuallyselectedhreshold A thresholdchosen
to detectfoldsin stiff fabricsresultsin erroneoudoldsin softerfabrics.This depen-
denceon thresholdmakesthe searchspacevery noisy andhencemakesthe metric
unreliable.
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Chapter 3

Animation by Video Editing

Creating photorealisticanimationsof such natural phenomenaas water re and
smole is animportantandchallengingproblemwith mary applicationan computer
graphics. Physics-basetechnigueshave becomea popularchoicefor simulating
uid o wswith theadwentof new algorithmsandfasterhardware. However, despite
enormousadvancesn simulationandrenderingtechniquessyntheticallygenerated
video of naturalphenomenaarely matcheshe compleity andbeautyof realworld
video footage. Video captureshe comple variationsin the motion andtexture of
real uids interactingwith their ervironment. Thusin this chapterwe explore how
to directly model the dynamicsand appearancef video and useit to createnew
animations.

Inversesimulationtechniquegrom chapter2 could potentiallybe appliedto cre-
aterealisticsimulationsof naturalphenomenasingvideodata.However, extending
theinversesimulationframeavork to naturalphenomenas dif cult becauseve need
customsimulatorsfor eachtype of phenomenakor example,modelsfor simulating
water [FFO1] vary signi cantly from modelsfor smole and gaseqFSJ01,Sta99],
which in turn differ from modelsfor re [NFJ02]. Moreover, in orderto match
with real world measurementghysical simulatorswould require precisemodels
for wind and otherexternalforces. Although certaintypesof externalforces(e.g.,
wind, vortices)canbe easilyparameterizefiTMPSO03], incorporatingtheir parame-
tersincreaseshe dimensionalityof the searchspace makingthe optimizationpro-
cessmuchharder

In this thesis,we would like to develop an generalframenork for animatinga
wide rangeof naturalphenomendrom real video footage. Given a video sequence
of arealphenomendik e awaterfall (or smolke or re), ourobjectiveis to capturethe
essencef the waterfll andcreatenew video of waterflls thathave characteristics
that we can control. Here, essenceaefersto the appearancand dynamicsof the
naturalphenomenan video. This chapterpresentsa novel solution—a o w-based
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(&) Input (b) Edited

Figure3.1: Givena video of a waterfll on the left, our objectve is to synthesizea
new waterfall with two extra channelshowvn on theright. We proposea o w-based
algorithmthatdirectly editstheinputvideoto createthe output.

videoeditingalgorithm,thatgeneratesontrollableanimationof uidic phenomena
by editingthereferencevideoclip.

To motivatethis approachgconsiderthat we have a shortreferenceootageof a
waterfall shovn in gure 3.1(a). Leveragingsuchfootagefor specialeffectsis dif-
cult, however, because naturalscenemay not matchthe director's intentions.He
mightwantawaterfall with four channelsfor example, gure 3.1(b). Modifying the
physicalsettingto achieve this effectin the realworld may be expensve or impos-
sible. Ourtechniqueallows the userto modify realworld footagewhile maintaining
its naturalappearancandcompleity. We demonstratehis capabilityby modifying
scene®f waterflls, ariver, ames, andsmole.

Our algorithmworks in two steps, rst creatingan in nite sequencdrom the
input andthenusingit to createin nite editedsequencedn the rst step,ouralgo-
rithm captureshedynamicsandtexturevariationof theparticlesalonguserspeci ed
o w linesin theinputvideo. Figure3.2(b)shavs a setof userde ned o w lines(in
blue) sketchedover the input video ( gure 3.2(a)). The algorithmgeneratesn in-
nite sequencdy continuouslygeneratingparticlesalongthe input o w lines. To
createthe editedvideo,theuserspeci esanew setof ow linesin red,shovnin g-
ure 3.2(c),andspeci esthe correspondencieetweerthe output(red) o w linesand
theinput (blue) o w lines. Ouralgorithmgeneratesheeditedvideoby continuously
generatingarticlesalongthe output o w lines( gure 3.2(d)).

Our approachworks on naturalphenomenauchas waterflls whosebehaior
canbe characterizecs motion of textured particlesalongwell-de ned o w lines.
The key to our synthesisstepis aninsightaboutthe continuity of o ws thatmakes
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(@) Input

lSketch input flowlines

(b) Specify
Input
Sketch output flowlines
and correspondence
(c) Specify
Edit
i Render
(d) Edit

Figure3.2: A visual o w chartof our synthesis/editinglgorithm.An artistsketches
theblueinput o w lines,theredoutput o w lines,andspeci esthe correspondence
betweenthe two pairsof ow lines. The algorithm automaticallysynthesizesan
in nitely long editedsequencepneframeof whichis shown.
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it extremelysimpleto createin nite loopedvideo without apparentdiscontinuities.
Oursynthesigprocedureenforcegemporalkontinuityby forcingtheparticleso com-
pletetheir pathalongthe o w lines. In contrast,simply looping a shortvideo clip

to produceanin nite sequenceroducesa jarring artifact becausall particlesare
interruptedsimultaneouslyn their pathalongthe o w line.

We havetesteduralgorithmonavarietyof sequencesuchaswaterflls, streams,
smokeand ames. Ourtechniquecanbeappliedto any phenomenshatexhibits con-
tinuous o w of pixelsalongconstanto w directions.We leveragethe userto de ne

ow lines on both the input and outputvideo. Our framework allows the userto
performsigni cant editsto the scene—changinthe terrain of a waterfll, adding
obstaclesalongthe the ow or addingwind to smoke and ames. We show that
o w lines provide anintuitive andeffective userinterfaceto edit video sequencesf
naturalphenomenon.

The restof this chapteris organizedasfollows: we begin with a discussiorof
relatedwork in creatingphotorealisticanimationsof naturalphenomenaThen,we
presenbur key insightfor generatingn nite sequencefom shortvideoclips, and
describean implementatiornusing a particle-basedalgorithm. The next sectionde-
scribesour editing framavork, wherewe presenthe algorithmdetailsandshawv the
resultson several sequencesWe thendiscussthe limitations of our currentframe-
work andshov a few interestingextensionsthat addressesomeof the limitations.
Finally, we concludewith alist of contributionsanddirectionsfor futureresearch.

3.1 RelatedWork

Creatingrealisticanimationsof uid o w is anactive areaof researchn computer
graphics.Physics-basedimulationtechniqueshave beensuccessfullyusedto sim-
ulateandcontrol uids (e.g.,[Ree83 Sta99,TMPS03]). Earlierwork in simulating
uid-lik e phenomenoifre, smolke, cloud,etc.) useddynamicparticlesystemsthat
wasintroducedinto computergraphicsby Reeres[Ree83,RB85]. Individual parti-
cleswithin a particle systemmove in three-dimensionatpace(underthe in uence
of userde ned forces)and also changeover time in color, transpareng andsize.
Particle systemsprovide a high degreeof usercontrol over the simulationand are
veryintuitiveto use.Therenderingporocessanalsobe parallelizedSim9( because
theindividual particleshave independenattributes,andhencecanbe renderedsep-
arately However, specifyingthe force elds andcolor attributesfor complex uid
motionsis very laborious.Therefore designingparticlesystemso matchrealvideo
footageis laborintensve.

In contrastmodernphysicalsimulators(e.g.,[Sta99,FSJ01FF01, LF02]) pro-
ducestunningphotorealisticuid animationsby usingsophisticateanodelsfor dy-
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namicsand light transfer Thesetechniquesnodel uid motion usingthe Navier-
Stokesequationsndintegratetheseequationvera 2D or 3D grid. Severalof these
alsoprovideindirectmethoddor controllingthe simulation,for exampleusingcolli-
sionobjects[FF01]). However, thesetechniquesre computationallyexpensve and
areusuallytailoredfor a singletype of naturalphenomenauchassmole, watet or
ame. Moreover, directly controllingthesesimulationds very harddueto thechaotic
natureof the underlyingequationsof motion. A few recentpapershave addressed
the problemof controlling uids for speci c domains.For example,Lamorletteand
Foster[LF02] presenia semi-automatiédramevork for producingcontrollablesim-
ulationsof re. Treuille etal. [ TMPS03,MTPS04]usea gradient-basedonlinear
optimizationframenork to control the simulationsof smole and water Fattal et
al. [FLO4] presenta closed-formsolutionfor controlling smoke simulationsby al-
lowing the userto specify high-level directions. Onceagain,thesetechniquesare
speci cally designedor controlling a particularsimulation(e.g.,smoke) and may
not generaliz€o othertypesof naturalphenomenaln contrastour techniqueworks
on a wide rangeof naturalphenomena&haracterizedy continuouso w alongwell
de ned directions. Our approachthat modelsvideo using particlesautomatically
achievesphotorealismyhile allowing a wide rangeof interestingeditsby manipu-
lating the particletrajectoriesn video.

Recently severalresearcherbsave attemptedo modelthe texturedmotionof u-
idic phenomenan videoandsynthesizenew (andtypically longer)imagesequences.
WangandZhu [WZ02] present generatre modelfor analysisandsynthesiof nat-
ural phenomenorirom video. Their algorithm usesa secondorder Markov chain
to automaticallymodelthe motion of texture particlesin video. They usethe EM
algorithmto infer the propertiesof the Markov chain. Doretto et al. [DCSW03
useAuto-Rayressve lters to modelandeditthe complex motionof uids in video.
Non-parametrienodelsfor texturesynthesisiave beenappliedto create3D temporal
textures(e.g.,[WLO0OQ]). Thegraphcutsalgorithmcombinessolumesof pixelsalong
minimumerrorseamso createnew sequencethatarelongerthantheoriginal video
[KSE" 03]. Anotherclassof synthesigechniquesreatedongervideosfrom short
clips by concatenatingppropriatelychosersubsequenceandallows for high level
control over moving objectsin video (e.g.,[SSSEOQ[SE02]). Most of thesetech-
niquesfocuson creatinglong video sequencefom shortclips with little or no edit-
ing capabilities In thisthesiswe areinterestedn performingsubstantiaéditsto the
video, resultingin in nitely long editedsequencesHowever, editing hasbeenwell
studiedfor imagesandtextures. ImageAnalogies[HJO" 01] usesa non-parametric
learningtechniqueto editimagesusingthe texture by numbes framework. Theim-
agequilting algorithm[EF01] andthegraphcutsalgorithmpresensereralexamples
of texture editing. Our algorithmprovidesa o w-basedechniquefor editingvideo.

Our synthesisapproachs very simpleandproducegesultsthatarecomparable
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to previousvideosynthesislgorithmson sequencewith continuouso w. Addition-
ally, our techniqueallows anartistto specifyeditsintuitively by sketchinginputand
desiredo w linesontop of animage. The next sectiondescribeghe centralideaof
the synthesisstepthatallows usto generaten nitely long sequencewith no visual
discontinuities.

3.2 Synthesizingln nite Sequences

In this sectionwe present particle-basedfamenork for modellingvideosequences
of suchnaturalphenomenomswaterflls, streamssmoke and re. This modelal-
lowsusto synthesiza&new sequencely varyingtheparametersf theparticlesystem.
Beforediscussinghedetailsof ourmodel,we rst presentshorttutorialon particle
systemsandtheir applicationan computergraphics.

3.2.1 A Brief Tutorial On Particle Systems

Particle systemshave traditionally beenusedin computergraphicsfor modelling
fuzzy objectssuchas re, clouds,smole or water[Ree83. A particle systemis
de ned asacollectionof particleswhosemotion, color andotherattributesarecon-
trolled by userscriptedrules(or forces). The particle attributes—positionsyeloci-
ties, colors,transparenciesize,age,etc.—aretypically stochastidn nature. Each
particlegoesthroughthreedistinctphasesn its life cycle: generationgdynamicsand
death.Particlesin the systemare stochasticallygeneratedrom userspeci ed emit-
ters,andaredestryed aftertheir lifetime exceedsa pre-de nedthresholdor if they
gooutof theview area.

Particle Dynamics. Themotionof particlesis governedby userspeci edvelocity
or force elds. In a rst orderparticlesystemthe userde nesavelocity eld over
a grid (workspace)ndthe particlesare adwectedthroughthe velocity eld. These
velocity elds aretypically generatedorocedurally(e.g., Flow Tiles [Che04]), or
from physics(e.g., StableFluids [Sta99]). In a secondorder particle system,the
userspeci esaforce eld ontheworkspaceandthe particlesmove in responseo
theseforces[Ree83,RB8Y. Gravity, wind and collisions are typical ingredients
of handcraftedforce elds. In somecasesthe particle dynamicscan be purely
proceduralfor example,whenparticle positiondepend®n positionsandvelocities
of otherparticles,asseenin ocking behaior [Rey87]. Additionally, the attributes
of eachof the particlesmayvary overtime. For example the color of a particlein an
explosionmaygetdarker asit getsfurtherfrom thecenterof theexplosion,indicating
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thatit is cooling off. In generaleachof the particleattributescanbe speci edby a
parametricequationwith time asthe parameter

Particle Rendering. Particlesaretypically representeas blobs, streaks clouds,
tubesor sprites. Although the speci ¢ detailsof renderingeachparticle type dif-
fers, most renderingalgorithmshave a few commonfeaturesin orderto scaleto
large number(tensof thousandsdf particles. For example,mostalgorithmsrender
eachparticleindependenthandlatercombinethe (projected)colorsin screerspace.
This simpli cation allows particlesto berenderedn parallelandeliminatesheneed
for hiddensurfaceremoval algorithms. For increasedealism,sprite-basegbarticle
renderersisetexture patchegrom realimagegPDIO1] for renderingstochastigphe-
nomendik e smolke and re, insteadof usingblobsor streaks.Thesetextures,either
handdravn or manuallychosenfrom images,are varied procedurallyasthe parti-
cle evolves. Our algorithm, in contrast,automaticallyextractsthesetime-varying
texturesfrom video.

Particle systemsarevery intuitive to useandprovide a high degreeof usercon-
trol. However, designingthe dynamicsandappearancef particlesystemgo match
with real uids is very laboriousand often impossible. Our algorithm addresses
thesdimitationsby automaticallyestimatinghe particledynamicsandits time vary-
ing texture attributesfrom video. We evaluatethe quality of our particlemodelby
creatingin nitely long simulatedsequenceandcomparingthemside by side with
thecorrespondingnputvideo.

3.2.2 Modelling Video Using Particles

Our synthesisalgorithmusesparticlesystemdo modelvideoof naturalphenomena.
Ratherthan handcrafting the dynamicsand appearancef particles,our algorithm
derivesthesaattributesfrom videousingacombinatiorof userinteractiorandmotion
estimationtechniques.

Ourtechniques ideally suitedfor modellingphenomenahathave time-varying
appearancbut roughly stationarytemporaldynamic§DCSWO03. For example,the
velocity at a single x ed point on a watergll is roughly constanover time. Conse-
quently thesephenomena&anbe describedn termsof particlesmoving along x ed

o w lines (possiblycurved) that particlesfollow from the point at which they enter
theimageto the point wherethey leave or becomeinvisible dueto occlusions.The

o w lines, which aresketchedby a user de ne the particletrajectoriesn theinput
video ( gure 3.3). The particleattributes—elocity andtexture (a rectangulapatch
of pixels, gure 3.3(b))—changeasthe particlemovesalongthe o w line.

Our video texture synthesigechniqueproducesseamlessin nite sequenceby
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(a) Flow line (b) Particles

Figure3.3: (a) A ow line sketchedon Niagarafalls. (b) Particlesmoving alongthe
ow line.

modellingthemotionandtextureof particlesalonguserspeci ed o w lines. We rst
describethe way in which the particlesmove in video, andthendescribehow they
arerenderediusingtexture patches.

Particle Dynamics. To begin, considerthe caseof asingle o w line in theimage,
asshavn in gure 3.4(a). Any particlethat begins at the startof the ow line d;

ticle's velocity alongthe o w line may be time varying; thusthe positionsd; need
not be evenly spaced. The particle's texture may vary asit movesalongthe ow
line (gure 3.4(b,c,d)).

We representhe temporalevolution of particlesalongthis o w line asfollows.
De ne asamatrixM (d;t) = (p;f ), wherep refersto aspeci c particle,andf spec-
i es theframein the input sequenceavherethat particleappearsat d. Figure3.5(a)
plotsM (d;t) for theinput sequencewherethe numberin eachcell corresponds$o
f andthe colorto p. The rst columnof this matrix shavs the particlesandtheir
positionson the o w line in frame1 of theinput (hencetheseentrieshavef = 1).
Therednumbersfor example,showv the pathof a singleparticleduringthe courseof
theinputsequence.

Whenthesequences looped thereis adiscontinuity(verticalblackline) between
frames5 and 6 becauseparticlesabruptly move to differentlocationsor disappear
altogether This discontinuityappearsimultaneouslyfor every pixel in the image
makingit avery noticeableartifact.

We canreducethis discontinuityby a simple changeto 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-basedepresentatiofor video. (a) A particlemoving alongits
o w line. (b) Particletexturemoving alongthesame o w line overtime. (c) Texture
variation of a real particle from the Niagarasequence.For clarity, we showv the
particletexture every 6th frameasit movesalongthe o w line. Theparticlevelocity
increasesisthe particlemovesdownwardaswould beexpecteddueto gravity. (d) A

Imstrip (left-right, top-bottom)shawing the particle texture for eachframeasthe
particletravels downward alongthe o w line. The texture of two adjacentcellsis
similar, which facilitatestracking. However, thetexture variessigni cantly between
thebegginningandendof the o w line.
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(b) Our algorithm

Figure3.5: (a) Plot of M (d;t) shawving the particleson a single o w line over time
in the input sequence Numbersspecify frames,and colors specify particles. Note
thatthereis a discontinuityfor eachparticlealongthe o w line betweentimet = 5
andt = 6 whentheinputsequencés looped.(b) In contrastpour synthesisalgorithm
maintainstemporalcontinuity along o w lines. Although thereis a discontinuity

alongthe diagonalsteppedine, it is lessnoticeablebecausall particlescomplete
their pathsalongthe o w line.
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Figure 3.6: Computingthe particle texture and velocity from video. (a) shavs a
particlealongthe ow line. To computeits positionin the next frame, we search
alongthe ow line to nd the mostcorrelatedblock in the next frame. The white
regionin (b) shavsthe searchwindow alongthe o w line. Thebestmatchingblock
is shavnin (c).

matrix. For example,the shadedentriesof gure 3.5(a)arerepeatedo produced
gure 3.5(b). While the modi ed matrix is composedf a subsetof the sameen-
triesasin (a), it enforcegemporalcontinuitybecauseachparticlecompletests full
pathalongthe o w line. Theverticaldiscontinuityin gure 3.5(a)is replacedwith
aladdershapedliscontinuitypatternin gure 3.5(b),with onespatialdiscontinuity
in eachcolumn,correspondingo anakutting pair of patchesn the outputsequence
that were not adjacentin the input sequence.Thesespatialdiscontinuitiesare dif-
cult to detect,however, becausehe alutting pair of patchesmove togetherin the
outputsequenceThis simpleprocedurdetsuscreatea matrix of arbitrarywidth that
preserestemporalcontinuityfor all particlesalongthe o w lines.

We implementthe proceduren gure 3.5(b)by sequentiallygeneratingparticles
atd, from a subsewf K input particles(shadedn gure 3.5(a)),andmoving them
alongthe o w line overtime. First, anartist sketchesa densesetof o w linesover
theinputvideo. Then,we computeandstorethe particlevelocitiesandtexturesalong
these o w lines. The particlevelocitiesare computedasfollows. For a given parti-
cle locationin the currentframe,we searchalongthe ow line for a corresponding
locationin the next framethat bestmatchegshe texture of the currentparticle ( g-
ure 3.6). This procedureperformsa constrainedorm of optical o w alongthe o w
line [TV98]. Therectangulapatchof pixelsaroundthebestmatd locationbecomes
the particletexture for the next frame. We repeatthis procedurego computethe at-
tributesfor particlesstartingat differentframesin theinputvideo(for all o w lines).
For example, gure 3.7 shows thetexture attributesfor four particlesthat startfrom
the top of the o w line at differentframesof the input video. All the synthesiga-
rametersincludingthenumberandspacingof o w lines,andthesizeof theparticle
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Figure 3.7: Shaving the temporalhistory of four particlesthat start at different
framesof theinputvideo. The variationof the particleattributesalongthe o w line
for all four particlesaresimilar (but notidentical). This sequencés a goodexample
of a stationaryprocess.

texture (rectangularegion) arecontrolledby the artist.

The userplaysa crucial role in the modellingstepby specifyingthe input o w
lines. These o w linescapturethe users intuition aboutthe dynamicsof particlesin
video. Suchuserinteractionenablesour algorithmto model(andsynthesizexom-
plex sequencesk e Niagarafalls. Modelling suchsequencessingexisting optical

o w algorithmsis challengingespeciallyatinterfaceg(e.g.,waterandmist).

Particle Rendering. Oncethe particle positionsalongthe o w linesin eachnewn
imagearedeterminedthesystenblendstheirtexturesto produceherenderedesult.
Recallthatwe storethe particletexture asit evolvesalongthe o w line in theinput
sequenceRenderingsimply involvesdrawing the patchof texture aroundeachpar
ticle, andusingfeatheringto blendthe overlappingregionsfrom differentpatches.
The featheringmethodassignsa weightto eachpixel in the overlappingregion that
is inverselyproportionalto its distanceo the edgeof the overlappingregion.

Generality. Ourapproactworksbestfor inputsequencethathave stationarytem-
poraldynamics.Waterglls andriversareexamplesof continuougphenomenavhere
the velocity (magnitudeand direction) at ary x ed point in the imageis roughly
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constanbvertime. Phenomenéke ames rising upward or smoke from a chimney
(withoutwind) canalsobemodelledwith asimpleextensionto our methodfor de n-
ing particledynamics.For suchinput sequencesye allow the velocity magnitudeat
each x edpointona o w line to vary overtime. Unlike gure 3.4(a),particlesthat
begin at the startof the o w line d; atdifferenttimest will passthrougha different
seriesof positionsd,(t); d>(t + 1);:::;dn(t + n 1) alongthesamerajectory This
modi ed procedureusesthe stepsfor dynamicsandrenderingdescribedn the pre-
vious paragraphshowever, particleswith differentframeindicesf may now have
differentvelocity magnitudesalongthe o w line. Althoughthis extensionis anap-
proximationto input video with non-stationarydynamics,it seemgo work well in
practicefor video of ames andsmolke wherethe overall directionof o w remains
almostconstant.

3.2.3 SynthesisResults

We usedour algorithmto synthesizdong imagesequencefor naturalphenomena
suchaswaterflls, rivers,smoke and amest. For mostof theseexampleswe create
alongtemporalsequencéom ashortclip of video (approximatelys0 frameslong).
We usedtexture patchesof 24 24 pixels for all sequencesgxcept ame, where
the patchsizewas100 100 pixels. Our renderingspeedsn Matlab (framesize
320 240 wereroughly 20 secondgerframeon a 2GHz PentiumPC with 512M
RAM.

Niagara Falls: Thissequencéasseveraldistincttextureregions,with clearwa-
ter on the top, foamy wateron the left and sprayon the bottom( gure 3.8). Each
region alsoexhibits a signi cant variationof texture alongthe o w lines. Our algo-
rithm doesnot modelthe changean transpareng of the foamrising from the bottom
right portion of theimage(where o w lines from thesetwo regionsoverlap). This
effect causessomevisual artifactsat the interface betweenwater andfoam in the
synthesizedh nite sequences.

Waterfall: We sketcha setof vertical ow linesto capturethe water moving
down andanothersetof radial o w linesto modelthe collisionsat the bottomof the
fall (gure 3.9). Theinterfacebetweerthewaterfll andthelake atthebottomcauses
interestingfoampatternswhich arecapturedn thetemporallyextendedsequences.

Stream: Here,the o w linesaremostly horizontal,exceptfor regionswherethe
waterrisesdueto collisionswith the underlyingrock bed( gure 3.10).

Smoke: This exampleshaws our algorithmappliedto a sequencehat exhibits
intermittentmotion along o w lines (gure 3.11). However, the overall direction
of the smole motionalmostremainsconstanthroughoutthe input sequenceywhich

http://graphics.cs.cmu.edu/geats/ ow/
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Figure3.8: Thesynthesisesultsfor Niagarafalls. The rst columnshavsoneframe
of theinputsequencandtheuserspeci ed o w linessuperimposedntheinput. The
lastthreerows showv nine consecutre frames(scan-lineorder)from a long synthe-
sizedsequenceTheredcircle dravn on the resultshavs the motion of the particles

in the synthesizedideo.
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Figure3.9: Synthesisesultsfor awaterfll, with theinputshovn onthe rst row and
nine consecutie framesof the outputshavn in the next threerows.
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Figure 3.10: Synthesigesultsfor a streamsequencewith the input shavn on the
rst row andnine consecutie framesof the outputshavn in the next threerows.
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Figure3.11: Synthesigesultsfor a smole sequenceTheinputis shavn onthe rst
row andnine consecutre framesof the outputareshavn in the next threerows.
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Figure3.12: Synthesigesultsfor a ame sequenceTheinputis shovn onthe rst
row andnine consecutie framesof the outputareshavn in the next threerows.
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particles = 5

particles =15

particles =25

Input Video

Figure3.13: Theeffect of varyingthe numberof particlesusedin the synthesistep.
The rst threerows shav afew framesof the synthesizedame usingdifferentnum-
ber of input particles,andthe lastrow shavs the input video. The texture patterns
in the rst row shaws very little variationover time. However, aswe increasethe
numberof particlesusedin thesynthesisthesynthesizedame beginsto capturethe
dynamicsandappearancpropertieof theinput.
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makesthe static o w line assumptiorhold. Particlesthat startat differentframes
have differentspeedg¢magnitudealongthe o w line.

Flame: We modelthe ame using particlesmoving on a single vertical ow
line (gure 3.12). Similar to the smole example,the ame directionthroughouthe
sequenceés almostconstant(vertical, in this example). However, the speed(mag-
nitude) andtexture of differentparticles(that startat differentframesof the input)
vary quite a lot for this example. This differenceresultsin interestingartifacts( g-
ure 3.13)whenwe vary the numberof particlesusedin the synthesis.For example,
usingfewer particlescausegexture repetitionalongthe o w line, becauseur syn-
thesisalgorithmusesthe (smallnumberof) particlesrepeatedlyto createthe output.
Using more particlesreduceghis effect and makesthe synthesizedesultresemble
theinput ame.

3.3 Editing

Thesynthesisalgorithmdescribedn theprevioussectioncanbe extendedo support
editingby synthesizingextureover anew setof o w lines. Our framewvork requires
theuserto performthefollowing two stepg 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 muchsparsethantheinput.

Specifycorrespondendeetweertheinputandoutput o w lines( gure 3.14(b)).
This stepspeci esthetexturealongthe output o w lines.

Thesetwo stepsallow the userto creatvely specifythe desirededit. Our algorithm

rst interpolateshesketchedo w lines(red)to createadensesetof o w lines(green
linesin gure 3.14). To generatdhe nal editedvideo, our algorithmperformsthe
following steps:

Computethe correspondendeetweertheinterpolatedo w linesandtheinput
o w lines. Thisassignmenis achiezedautomaticallyusingdynamicprogram-
ming.

Rendeoutput o w linesby warpingthesynthesizedhputtextureto theoutput.
Correspondencedor interpolated o w lines: We usedynamicprogrammingto
nd a globally optimal setof correspondencdsetweenthe interpolated o w lines

andtheinput o w lines.LetY bethedensesetof input o w linesandX bethesetof
edited o w lines. Foreverypair(x 1;x) of neighboringeditedsplines,we compute
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(a

(b)

(C)

Figure3.14: Theleft columnshavs aninputwaterfill sequencandtheright column
shows an editedwatergll createdusingour algorithm. (a) The animatordraws the
o w linesin theinputimage,shavn in blue. To specifyan edit, shedrans a sparse
setof ow linesin red. Then,shespeci escorrespondencdsetweerall edited o w
linesandtheinput o w lines(two of theseareshawvn in (b)). Thesystemgeneratea
setof interpolatedo w lines(thick greenlinesin (c)) andcomputescorrespondence
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-
inginput o w lines(y® y), thepatchoverlaperrorcomputesaleastsquaralifference
betweerthe colorsof overlappingregions,shavnin green.

thepatch overlaperror E(x  1;y% x; y) for all possiblepairs(y® y) of inputsplines
(gure 3.15). We evaluatethe overlaperrortermby synthesizinghe ow linex 1

using texture from y° and the neighboring o w line x usingtexture fromy. The
erroris de ned asthe sum-squaree@rrorin color in the overlappingregionsof the
two textures,averagedover a x ed numberof frames(30 in our experiments).To

computethe correspondencaye minimizethefollowing costfunction:

Clx;y) = min[C(x LYY+ E(x  LySxy)l (3.1)

wherex 2 X,y 2 Y andy®2 Y. Althoughthe dynamicprogrammingapproach
is anO(N ?) algorithm(andhenceslow), it producesa setof interpolatedo w lines
whosecolorsmatchwell.

Renderingthe output o w lines: We warpthetexturealongtheinput o w line to
synthesizdexture over the edited o w line, usingthe tangentinformation between
correspondingointsof thetwo curves( gure 3.16). A simpleschemefor assign-
ing correspondingpointsbetweerthetwo o w linesis to choosepointsof equalar-
clengthgfrom thestartof the o w line) alongthetwo curves.An alternatveis to add
atermto thewarpingfunctionthatscaleghearclengthof theinputto beequalto the
edited o w lines. This methodproducesditedtexturesthat are scaledandwarped
versionsof thetexturefrom theinput o w line. Theanimatorchoosedetweerthese
two schemeso createdifferenteffectsin the editedsequencé gure 3.17).
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Figure 3.16: Schematicshaving the transformationsisedto transfertexture from
aninput ow line to an edited o w line. For example,the greenandred pixelsin
the edited o w line are obtainedfrom the input particle texture using the tangent
informationat correspondingoints.

I //
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Figure 3.17: Resultof editing a smole sequencdy manipulating o w lines. Cor

respondingo w lines have the samecolor in this picture. The o w lines from the
secondandthird chimney in the editedsequencdshavn with letter S) are scaled
becauseheinputandedited o w lineshave differentlengths.
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Figure3.18: Variouseditingresultsobtainedusingour o w-basecdeditingalgorithm.
Theleft columnshawv aframeof theinputvideowith theinput o w lines,themiddle
columnshowvstheedited o w linesandtheright columnshavs aframeof the edited
videosynthesizedby our algorithm. 90



3.3.1 Editing Results

We demonstrat@ rangeof creatve editson video sequencesf waterflls, streams,
smole and re by manipulatingtheir o w linesin video. Theinput clips werethe
sameonesthatwe usedin the previoussectionto createin nite sequenceBecause
editingis a creatve processmostof theseexamplegook afew iterationsof o w line
sketchingandcorrespondencgpeci cationbeforethedesirededitwasfound. These
editsdemonstratéhe effectivenesof our o w-basednterfacefor creatingdramatic
editsto thescene.

Niagara Falls: We editedthe Niagarasequencedo changethe landscapeand
remove the foamy portion of the waterfll. The resultingeditedsequencendthe
correspondingo w linesareshavn in gure 3.18(a). We theneditedthe waterfll
to addsomeextra foam on the bottomright cornerof the waterfall ( gure 3.18(b)).
This edit simulateshe effect of changingthe terrainunderthe waterfll, asif there
wereextrarockscausingthe new foamto appearin boththe edits,we removedthe
mist (thewavy linesrising from the bottomleft) from theinputvideo.

Waterfall: In this example,we addedwo extra channelgo a watergll sequence
(gure 3.18(c)). Theterrainon the top of the waterfall wasalsoeditedto createan
effect of waterforking off to thefour channels.

Stream: Here,we editastreamsequenc#o simulatethe effect of watercolliding
againsta trunk ( gure 3.18(d)). We edit the water o w linesto curve aroundthe
trunk andusethe foamytexture (wherewatercollideswith rocksin theinputvideo)
to createthe effect of watercolliding againsthetrunk.

Flame: We modeltheinput ame videousingparticlesmoving on a singlever-
tical ow line. Figure 3.18(e)showns oneframe of an editedsequencewherewe
simulatethe effect of wind blowing to theleft by specifyinganedited o w line that
curvesleft.

Smoke: This exampleexhibits intermittentmotionalong o w linesassmole is
emittedfrom a chimney (gure 3.18(f)). We adda extra chimnegy and changethe
directionof the smole to createaneditedfootage.

3.4 Physics-Based-low Lines

The o w-basedediting algorithm presentedn this thesisallows an artist to create
photorealisticanimationsfrom video by specifyingthe input andoutput o w lines.
Althoughourframenork providestheartistwith thefreedomto sketchwhathewants,
he hasto have thejudgemento do thingsthatarephysicallyrealistic. For example,
thesmolestackn gure 3.17maynotproduceacornvincingresultbecaus¢hesmole
leavesthethreestacksan very differentdirectionsin theeditedsequence—something
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thatwould not happenin real life. In suchsituations,it is easier(and more physi-
cally accurate}o generatehe output o w lines automaticallyfrom simplephysical
simulations.Speci cally, we shav two editingexamplesthatusea 3D particlesys-
temin May& to createthe output o w lines. Varying the parametersf the particle
systemallows usto edit the input video in severalinterestingways. Note thatthe
physicsmodelusedhereis very simplebecausés mainpurposeas to de ne the ow
lines—thedetailedparticle dynamicsand texture are still obtainedfrom the input
video.

Example 1: Controlling videowith a 3D particle system In the rst example,we
createa controlledanimationof a waterjet colliding againstaninvertedbucket ( g-
ure 3.19(c)). This simpleexampleillustratesthe key stepsfor incorporatingphysics
into our o w-basedediting framewnork. The waterjet in the input video follows a
parabolicpathin theair, collidesagainsthe bucketandcurvesdownwardasit o ws
down (gure 3.19(a)). We approximatethe input water jet by manuallytuning a
3D particlesystemsuchthatthe particletrajectoryin simulationmatcheghe water
trajectoryin the input video ( gure 3.19(b)). This approximationgivesus a good
estimateof the simulation parametersuch as the faucetpressureand the bucket
collision coefcients (elasticityandfriction). Varyingthe faucetpressureor the lo-
cation/orientatiorof the bucket in simulationgeneratesien outputtrajectoriesthat
allows us to control the water jet in video ( gure 3.19(c)). Continuouslyvarying
the simulationparametersesultsin output o w linesthatchangecontinuouslyover
time. For example,the faucetpressuras continuouslyvariedto follow the moving
bucket in gure 3.19(d). To renderthis result, the video particlesare synthesized
alongthetime varyingoutput o w lines. This examplealsohighlightstheadvantage
of incorporatingohysicsbecausepecifyingtime varying o w linesmanuallyis very
hard and inaccurate. Although the correspondencbetweeninput and output o w
linesis trivial for this example,it hasto be speci ed manuallyin the generalcase
with multiple inputandoutput o w lines.

Example 2: Creatinga 3D city scene Thesecondexampleusesourframewnork to
createa y-o veranimationof a CG city with aphotorealistiavaterfll ( gure 3.20(c)).
To createhisanimationwe rst constructe@d 3D modelof thecity with alargechan-
nelin themiddlefor awatertll. Similarto the previousexample,we usea 3D parti-
cle systento generatehe output o w linesalongthewaterfll (greenlinesin gure
gure 3.20(a)).The 3D particletrajectoriesn simulationaregovernedby theinitial
velocities terraininteractionsandgravity. Theinput o w linesandparticleattributes
of the watergll areobtainedfrom avideoclip of Niagarafalls ( gure 3.20(b)). The

2http://www.alias.com
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correspondencbetweenthe input and output o w linesis speci ed manually We

generatehe y-o ver effect by animatingthe cameran simulation,which causeshe
projected(output) o w linesto vary continuouslywith time. Onceagain,we render
theresultingsimulationby synthesizing/ideoparticlesalongthe non-stationarput-

put ow lines( gure 3.20(c)). This exampleclearly demonstratethe advantage of

usinga simplephysicsbasedsimulatorin conjunctionwith our video-basedender

ing techniqueto addphotorealisticelementdo syntheticscenes.

3.5 Discussion

The secondpart of this thesispresented frameawork for creatingandediting arbi-
trarily long videosfrom shortinput clips for a variety of naturalphenomena.We
usedthis techniqueon imagesequencesf waterflls, rivers, ames, andsmole. For
thesephenomenagur synthesigesultsarecomparabléo the bestexisting videotex-
ture synthesigechniquesOur systemalsoprovidesanintuitive interfacefor editing
video.

A key contribution of this work is the simplealgorithmfor creatingin nite se-
guencesvithoutsigni cant visualdiscontinuities We achieve continuityby ensuring
thatall particlescompletetheir pathalongthe o w lineswithoutary interruption.We
have foundthatour o w-basednterfaceis intuitiveto useandis ideally suitedfor se-
guencegshatexhibit nearlystationarydynamics.The algorithmis alsoquite simple,
makingit easyto understanéndimplement.

Our algorithmhasa few limitations, someof which are speci ¢ to our current
implementatiorandothersthataremorefundamentato our 2D technique Because
our algorithmdoesnot modelpixel transparenciest canproduceblendingartifacts
at regions of the video that have multiple transparentayersinteractingwith each
other suchasthe waterfoam interfaceat the bottomportion of NiagaraFalls ( g-
ure3.21(a)§. At thisinterface waterparticlestravelling alongthevertical o w lines
are occludedby the travelling mist rising on the bottomright cornerof the video.
Extendingthe algorithmto handletransparengexplicitly usingvideo mattingtech-
niqgues[CAC* 02] might addresshis problem.

Our simpleblendingschemeperformspoorly on sequencewith discreteobjects
moving along o w lineslike carson a highway ( gure 3.21(b)). An interestingex-
tensionwould beto useseamingechniquesuchasgraphcuts[KSE* 03] insteadof
linearblendingto approximateheinterfacebetweerthetexturesof neighboringoar
ticles. Separatingheforegroundportionof the particletexture from the background
beforemeging shouldalsoimprove the quality of therenderedesult.

3http://graphics.cs.cmu.edu/geats/ ow/
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Althoughourapproachasbeensuccessfullyisedto editanumberof sequences,
it is limited to inputsequencewith nearlystationarity o w patterns Manuallyspeci-
ed ow linesmaynotbesuitablefor inputsequencesuchas re or smoke blowing
in thewind ( gure 3.22),whereour assumptiorof constanto w lines (over time)
doesnot hold. In orderto handlegeneralnon-stationaryprocessusing our frame-
work, the userhasto specifytemporallyvarying o w linesfor all particlesin video,
which is a laborioustask. Automatically computing o w lines from video is also
very hard,becausevelocity estimatefrom generalmotion analysisalgorithmslike
optical o w arenotreliablein regionsthatdo not have muchtexture. For example,
gure 3.23shavsthe ow eld obtainedfrom two consecutie imagesof Niagara
falls usingthe robustincrementalo w algorithmdevelopedby Black et al. [BA96].
Althoughwe getreasonableo w resultsfor thetop portionof thewatergll, the o w
estimategor thelower portionof the scenewith mistarenotvery reliable. Devising
robuststatisticaltechniqueshatcompute o w linesautomaticallyfor generakcenes
of uid motion[CEY02] mightaddresghis problem.

Our techniqueis primarily suitedfor 2D editing, becauseve usevideo as our
sourceof particles.Consequentlyour approachmay not performwell for editsthat
requirea large changein the view point. For example,our techniquewith 2D ow
lines cannotbe usedto renderthe top view of the horse-shodall at Niagarausing
informationfrom the sideview ( gure 3.24). A potentialsolutionis to modelthe
scenein 3D usingthe ideaspresentedn section3.4 that combineour o w-based
renderingapproactwith 3D particlesystemsTechniqueg$or combiningour particle-
basedapproacHor appearancaith generalpurposeuid simulatorsfor dynamics
might allow the us to model and edit othercomplex phenomenauchaswaves or
explosionsusingour o w basedapproach.
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Figure 3.19: Using a 3D patrticlesystemto controlvideo. (a) A particlesystemin
Maya, tted manuallyto matchtheinputvideoon theleft. Varyingthe parameters
of the particlesystemin row (b) allows usto automaticallygeneratehe output o w
lines, which are renderedusingtexture from the input asseenin row (c). (d) The
waterjet in thelastrow movescontinuouslyto follow the moving bucket.
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Figure3.20: Building a virtual city usinga 3D terrainandparticle systemin Maya.
Thetoprow shovstheMayaterrainanddesiredo w linescreatedusinga 3D patrticle
system.Theinput o w linesareobtainedrrom the Niagarafall clip. Thebottomrow
shawstwo framesof thewaterfll, renderedat differentcameraviewpointsusingour

technique.
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(@) (b)

Figure3.21: (a) The blendingartifactscreatedat the interfaceof waterandmistin
Niagara.Theinterfaceregionis zoomedo showv theblendingartifact. This artifactis
moreperceptiblan video. (b) A traf c scenewith discreteobjectswherewe expect

our featheringalgorithmto performpoorly.

http ://www .battelle.org http ://www.rrualberta.ca/Research/ Areas/fireecol/

Figure 3.22: Examplesof non stationaryphenomenavherethe constanto w line
assumptioriails.
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Figure 3.23: Optical ow resultswith two framesof the NiagaraFalls sequence
usingBlacketal. [BA96]. Thealgorithmgivesaccurateselocity estimatestthetop
portion of the fall, but performspoorly nearthe interfaceof waterand mist at the
bottom.

Figure3.24: Our 2D techniquewill not be ableto synthesizehe top view from the
sideview.
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Chapter 4

Conclusions

Thisthesisextendsthestateof theart of video-basedomputeranimationby present-
ing new algorithmsfor creatingcompellinganimationsof passive dynamicsystems
like rigid bodies,cloth and uids from video. Our rst method,inversesimula-
tion, usesvideosequencesf simpleexperimentqthrowing rigid bodiesandwaving
swatchesof cloth) capturedin a laboratorysettingto identify parameterf rigid
body andcloth simulators. The parametergstimatedrom simple experimentscan
beusedto createrealisticsimulationaundemew conditions—forinstanceto animate
adancemwearinga skirt of the samematerial.Our secondmethod, o w-basedvideo
editing, creategrealisticand controllableanimationsof uids by manipulatingand
rearrangingo w linesfrom areferencevideoclip. We testedthe o w-basedediting
framavork on severalexampleclips: water re, smoke, streamsandwaterflls. In all
theseexamplesanartistcontrolsthe globaldynamicsandappearanceharacteristics
of theresultinganimationby specifyingtheinputandoutput o w lines.

We review the contrikutionsof ourtwo video-base@nimationtechniquesn Sec-
tion 4.1. In Section4.2, we describeseveral possibleextensionsfor the two tech-
niques.Finally, in Sectior4.3,we compareandcontrastheinversesimulationframe-
work with thevideoeditingframavork, andpresenideasfor extendingvideo-based
animationtechniqueso otherdomains.

4.1 Contributions

The main contrikbution of this thesisis the design,implementationand evaluation
of two video-basedechniquesjnversesimulationand video editing, for creating
realisticanimationsof awide rangeof passve phenomena.
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InverseSimulation Framework. Theinversesimulationframevork computeghe
parametersf asimulationthatmatchreferencesideofootageof realphenomenalo
the bestof our knowledge,the inverseframenork presentedn this thesisis the rst
systematidechniquein computergraphicsfor estimatingthe staticanddynamicpa-
rametersof physicalsimulationsfrom video measurementdn orderto achieve this
goal,we designedhew algorithms(or signi cant extensionf existing methods¥or
variouscomponent®f theinversesimulationframevork. Additionally, we designed
simplelaboratoryexperimentghatexcited the importantmodesof the dynamicsys-
temfor parameterdenti cation.

We usedthe inversesimulationframework to estimatethe free ight parameters
of rigid bodies,andthe staticanddynamicparametersf cloth simulations.Enroute
to designingthis framework, we madea numberof contritutionsfor enhancinghe
realismof computersimulations:

Modelre nement.Matchingsimulationgo videoof realcloth requiredseveral
improvementgo existing cloth models. Speci cally, we extendedthe Baraf-

Witkin cloth modelto make the cloth parameterindependendf meshresolu-
tion, andusedanexplicit integratorthatproducedcaccuratdolds. Additionally,

our threeparametemodelfor air dragbetterapproximateshe non-linearbe-
havior of air-clothinteractions.

Metric design. An importantcontribution of this thesisis the designof per
ceptualmetrics, for rigid bodiesand cloth, that can be robustly and quickly
estimatedfrom video. Our resultsshav that a metric which compareswo
sequencesf 2D silhouettesuccessfullycaptureghe tumbling parametersf
rigid bodies.For cloth, we developeda novel representationyhich we called
the anglemapto measurdabricfolds in video. The anglemagpepresentation
allowed us to identify the parametersor four typesof fabricswith sufcient
accuray to producevisually distinctanimationdor eachtype of fabric.

Video Editing Framework. Thevideoeditingframevork creategealisticanima-
tionsby modellingthe o w patternsof naturalphenomenan video andrearranging
the o w linesto createeditedsequencesTheimportantcontributionsof this frame-
work aresummarizedelow:

Simpleparticle modelsfor video. We developeda new particlemodelfor cap-
turingthedynamicsandappearancef videosequencesf naturalphenomena.
Our algorithmsimpli es the analysisof stationaryphenomendik e waterflls
to onedimensionby modelling video via particlesthat move along constant
o w lines. This modelis simpleto implementandsuccessfullynodelsawide
rangeof naturalphenomenauchaswater streams,re andsmole.
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Intuitive editinginterface Anothercontribution of thisthesisis theuseof ow
lines for editing video sequencesf naturalphenomena.Flow lines capture
theusersintuition aboutthe motion of particlesin video, providing anhighly
effective mechanisnfor specifyingedits. We demonstratedhe effectiveness
of the o w-basedinterface by creatingdramaticchangego naturalscenes:
alteringtheterrainof awaterfll, addingobstaclesn streamsndchanginghe
directionof smole and re.

Contmlling video. We incorporatedphysical simulationswithin our video-
basedenderingiramewvork for automaticallygeneratinghe output o w lines.
Physicallygeneratedo w lines variednaturallyin responsdo suchanimator
controlsasemittervelocities,collisionsandexternalforces,resultingin com-
pelling animationghatarecontrollableandexhibit naturaldynamics.

4.2 FutureWork

In thissectionwe highlightafew interestingareador futureresearclhn video-based
animation,focusing rst on the inversesimulationframevork and secondon the
videoeditingframenork.

4.2.1 InverseSimulation

Extendingthe inversesimulationframavork to capturethe ner detailsof realcloth
andotherpassve dynamicsystemge.g.,deformabletissueswould requireseveral
advancesto the existing frameavork. Our discussions primarily focusedon cloth
simulations althoughmary of theideasapplyto rigid bodiesandotherphenomena
aswell.

Impr oved models. Although our currentcloth model producescompelling fold
patterngthat are similar to real fabrics,it doesnot modelthe time-varying changes
in cloth dueto agingor wrinkling ( gure 4.1). An importantdirectionfor future
work is to designcloth modelsthat handlenon-linearhysteresiseffects commonly
obseredin realfabrics.Additionally, incorporatingcomple< aerodynamic§Pes77]
andwind effects[WH91] into cloth modelswill allow usto simulatetwo way air-
clothinteractionsandbillowing effectsseenin realgarmentgtwirling skirts). These
improved cloth modelswould requiremore parameterso be identi ed from video,
which in turn will necessitatéhe designof new experimentsfor exercisingthese
additionalparameters.
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Complex Wrinkling Aging

Figure4.1: Examplesof non-linearwrinkling andagingeffectsin cloth.

Statistical metrics. Our metrics perform a frame to frame comparisonbetween
features(e.qg., folds, silhouettes)n simulationand video and are thereforeideally
suitedfor shortvideo sequencesbtainedfrom controlled experiments. However,
suchmetricsmay not be appropriatdor matchinglongersequencesr complex gar
mentslik e skirts,whereanoverallmatchin thefolding behaior acrosgheentirese-
guenceamight be desirableratherthana preciseframe-to-framematch. For instance,
aframe-to-framamatchmightrequiretheaccuratknowledgeof externalparameters
suchascollisionswith limbs, which might be very hardto estimate.An alternatve
approachwould beto modelthefold propagatiorasa statisticalprocess.Insteadof
matchingthefolds pixel by pixel, we couldmatchtheglobalcharacteristicacrosghe
sequenceFor example,we might matchthe averagelife time of afold, theaverage
numberandorientationof folds, or the averagewidth (scale sharpness)f folds.

Metric evaluation. Our metricsare only two of the mary possiblemetrics for

matchingsimulationswith video. Performingcarefullydesignediserstudiego eval-

uatethe differentmetrics(e.qg.,folds versusmarked patternsframe-by-frameversus
statistical)would provide usefulguidelinedor designingperceptuametricsfor cloth

andothersimilar phenomenaSucha studycouldbe conductedfor example,by es-
timating the simulationparametersisingseveral differentmetrics,andhaving users
rankthevisual quality of the matchwith reality.

Experimental design. Thewaving testwith swatchesof fabricswasa simpletest
thatworkedwell for identifying the stiffness dampinganddragparametersf acloth
simulation. However, estimatingdifferentcloth parameterssuchasfriction, would
requirenew experiments.For example,friction might be measuredy draggingthe
fabricoverdifferentmaterials. An importantareafor futurework is to systematically
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designexperimentsthat bestexerciseall the modesof the simulation[Kho88]. A
generakstimationframavork shouldalsoallow datafrom multiple experimentgand
multipletrials) to beoptimizedsimultaneouslyo obtainthebestparameteestimates.
Sucha framewvork would also reducethe burdenof experimentaldesignbecause
individual parametersvould be exercisedn multiple experiments.

Inversedraping. An interestingapplicationof the inversesimulationframework
is to explore the problemof inversedraping: given animageor video of a fabric
drapedon an object, estimatethe object's underlyingshapelJH97]. This analysis-
by-synthesisapproachmightleadto improvedhumantrackingalgorithmsthatcould
accuratelyidentify limb andjoint con gurationsdespiteoose- tting clothing.

Extensionsto other phenomena. The inversesimulationframewvork canbe po-
tentially appliedto otherdomainssuchasdeformabldissuesimulations.Obtaining
realisticsimulationsof tissuemodelsfrom realvideomeasurementsastremendous
potentialin medicineand sugery for training and diagnosis. In principle, inverse
simulationtechniguesould alsobe extendedto simulationsof morecomple natu-
ral phenomenauchassmole, water re, providedthatwe have accuratephysical
modelsfor eachphenomenaWe could leveragethe vastbody of researchn physi-
cal simulationsto obtainthesemodels. However, this extensionwould alsorequire
precisemodelsfor wind andotherexternalforces(potentiallytime-varying)in order
to matchwith video,which would increasehe dimensionalityof the searctspace.

User interaction. The inversesimulationframenork presentedn this thesisis a
fully automatictechniquefor estimatingsimulationparameterdérom video. How-
ever, having a userin theloop could potentiallyimprove the differentblocksof the
inversesimulationframework. For example,a usercould guidethe optimizationby
specifyinghigherweightsfor certainfeaturesover others(folds over silhouettesfor
instance) or by specifyingportionsof the video wherethe matchbetweensimula-
tion andvideois acceptableandportionswhereit is not. The optimizercouldthen
focuson thosefeaturesor regionsin subsequeniterations. The designof effective
userinterfacesfor steeringthe optimizationwill be challengingbut is essentiafor
thesuccessf thisapproach.

4.2.2 Video Editing

Flow linesarecentralto our video editing framevork. Here,we discussafew ideas
to generalizeéhe conceptof o w linesto a broaderclassof naturalphenomenaBut
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rst, we presenta few ideasfor improving the performanceof our existing particle
model.

Model Impr ovements. Ourcurrentparticlemodelusegexturefrom videowithout
segmentingtheforeground( uid) layerfrom thebackgroundwhich causedlending
artifactsat interfacesbetween uids. Segmentingvideo sequencesf naturalphe-
nomenanto foregroundlayerswith alphaandabackgroundayer might reducethis
artifact(e.g.,[CAC" 02, Yu04]). Segmentatiorwould improve the particlecolor esti-
matesrom video,andwould allow usto correctlymodelthe motionandappearance
of translucenphenomenauchasmist.

Automating the input o w lines. Theparticlesystemmodelpresentedh thisthe-
sisassumegshatthe ow linesin the input video are nearly stationary The con-
stant o w line assumptions not a fundamentalimitation; it just simpli es the user
interaction—oulalgorithmwill easilyscaleto non-stationaryphenomenaslong as
thetime-varying o w lines canbe speci edin someway. Designingalgorithmsfor
automaticallyestimating o w lines, for example,usingoptical o w gearedtowards
uid-lik e phenomen$CEY02], is aninterestingareaof futureresearch.

Extensionsfor visual effects(F/X) applications. An usefulextensionof ourtech-
niquefor F/X applicationswould be to combine o w lines from multiple input se-
guencego createan editedvideo. Sucha techniquemight be usefulfor increasing
therealismof scalemodels thatarecommonlyusedfor animatingphenomendike

waterfllsin astudio. For example themist causedalueto waterrock collisionsfrom

arealwaterfall suchasNiagarafalls couldbeusedto increasaherealismof avideo
from a smallscalemodelwheresucheffectsarehardto create.

Physics-basedo wlines. Our o w-baseceditinginterfaceallowsanartistto create
dramaticeditsto a scendoy manuallyspecifyingthe o w patternsn video. However,
to synthesizescenesvith temporallyvarying o w patternsijt might beadwantageous
to usesimplephysicsmodelsto animatethe output o w lines. For example to create
theanimationof a ame blowing in thewind, anartistmight sketchthe output o w
line in oneframe, and usea physics-baseevind modelto deformthe o w line in
subsequerframesin a controllablefashion.

Combiningphysicswith our o w-basedramework couldalsoallow usto handle
alargerclassof naturalphenomenakFor example , wavescrashingon a beachcould
be modelledusingirregularly looping o w lines, whosemagnitude(length) varies
stochasticallyto accountfor waves of differentsizes. Suchmodelscould perhaps
beobtainedrom physicalsimulations—forexample,a simplewatersimulatorbased
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on Navier-Stokes could be usedto generateghe o w lines for wavesby simulating
the basicmotion of water An interestingdirectionfor future researchwould be to
usephysicalmodelsthataremoresophisticatedhanparticlesystemdo describethe
dynamicsandusevideoto modelthe appearance.

4.3 Comparisonof video-basedanimation methods

Thetwo techniquepresentedh this thesisshareacommonthemeof usingvideofor
creatingrealisticanimations.This sectioncompareshe strengthandweaknessesf
thetwo approachesinddiscussegleadfor futureresearchhatcombinethestrengths
of thesetwo approaches.

An importantdistinction betweenthe two techniquess the compleity of the
modelrequiredto matchthereferencerideo. In inversesimulationwe usea physical
simulationto modelthe 3D dynamicsof the phenomenabseredin video,while in
0 w-basecdediting, we manuallymodelthe dynamicsandappearancef videousing
a particlesystem.This differencearisesbecausehysicalsimulationsof phenomena
like rigid bodiesandcloth aremucheasierto matchwith real videofootagein com-
parisonto naturalphenomenakFor example,waterflls (and othercomplex natural
phenomenayvould be very hardto matchwith video becausehe simulationwould
requireanaccuratderrainmodelandwind elds. A watermodelwith sufcient ac-
curag/ to modelNiagarafalls would alsolik ely have moreparametershanthe cloth
modelwe used.For suchphenomenap w-basedvideoeditingpresenta simpleand
effective alternatve to physicalsimulation.

Parameter®btainedfrom calibrationexperimentausinginversesimulationgen-
eralizeto new, morecomplex simulationconditions. For example,parametersrom
theswatchtestwereusedto createrealisticanimationf skirtsof thesamematerial.
In contrastthevideoeditingframeavork modelseachvideosequencavithout explic-
itly extractingmuchknowledgeof the underlyingphysicalphenomenonTherefore,
informationfrom onevideosequencenaynot generaliz€o new situations.

Finally, the easeof settingup and working with thesetwo techniquediffers
signi cantly. Inversesimulationrequiresa customsimulatorfor eachphenomenon.
Additionally, it requiresvideo footagefrom carefully designedexperiments. Both
stepsare dif cult to implementand require prior knowledge aboutthe physicsof
the phenomenonln contrast, 0 w-basedvideo editingis relatively simpleto setup.
However, the video editing techniques not fully automatic—itrequiresinput from
theuserto specifytheinputandedited o w lines. Therefore usersgenerallyspenta
little time trainingwith the o w-basedramework beforesuccessfullycreatingtheir
own edits.

We hopethatthetechniquepresentedh thisthesiswill inspirenew video-based
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animationalgorithmsthat combinethe strengthsof the two approaches.For ex-
ample,combining Navier-Stokes uid simulatorswith our particle framewnork for
renderingfrom video might allow us to producecontrollableanimationsof com-
plex phenomenorsuch as explosions. The designof video-basedlgorithmsfor
articulatedsystems(e.g., trees)and systemswith actve dynamics(e.g., humans,
animals) might prove fruitful. Although several video-basedechniquesfor ani-
mating humansand animalshave beenproposede.g.,video sprites[SE02], video
rewrite [BCS97), thesetechniquesarepurelydata-drvenanddo notuseary knowl-
edgeof the physicsof the system. In humananimation,we might be ableto ap-
ply inversesimulationtechniquedo improve the realismof existing humanmotion
simulatorgLP02, HWBO95]. We hopethatvideo-basednimationtechniqueswill
inspirethe designof bettersimulationmodelsfor a broadrangeof phenomenagn-
ablinga bettermatchwith reality.
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