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ABSTRACT OF THE THESIS

Dynamic TextureModeling

by

Gianfranco Doretto

Masterof Sciencein ComputerScience

Universityof California,LosAngeles,2002

ProfessorStefanoSoatto,Chair

Dynamictexturesaresequencesof imagesof moving scenesthatexhibit certainsta-

tionarity propertiesin time; theseinclude, for example,sea-waves, smoke, foliage,

whirlwind etc. This work presentsa novel characterizationof dynamictexturesthat

posestheproblemsof modeling,learning,recognizing,classifying,synthesizing,and

editingdynamictextureson a �rm analyticalfooting. By meansof systemidenti�ca-

tion tools it is possibleto capturethe “essence”of dynamictextures;this is doneby

learning(i.e. identifying)modelsthatareoptimalin thesenseof maximum-likelihood

or minimumpredictionerrorvariance.For thespecialcaseof second-orderstationary

processes,a modelcanbe identi�ed sub-optimallyin closed-form. Oncelearned,a

modelhaspredictive power andcanbeusedfor extrapolating,andediting(i.e. mod-

ifying the temporalandspatialbehavior of) syntheticsequences.It is presentedex-

perimentalevidencethat, within this framework, even low-dimensionalmodelscan

capturevery complex visual phenomena.Furthermore,it is shown the possibility to

mapthemanipulationof modelparametersinto sensiblechangesof visualappearance

in extrapolatedsequences.The uniquenessof the modelallows to posethe problem

of recognitionandclassi�cationin thespaceof models.Sincethespaceis non-linear,

a distancebetweenmodelsmustbede�ned. This work examinesthreedifferentdis-

tancesin thespaceof autoregressivemodelsandassesstheirpower.
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CHAPTER 1

Intr oduction

Considera sequenceof imagesof a moving scene.Eachimageis anarrayof positive

numbersthatdependupontheshape,poseandmotionof thesceneaswell asuponits

materialproperties(re�ectance)andon thelight distribution of theenvironment.It is

well known thatthejoint reconstructionof photometryandgeometryis anintrinsically

ill-posedproblem: from any (�nite) numberof imagesit is not possibleto uniquely

recover all unknowns (shape,motion, re�ectanceandlight distribution). Traditional

approachesto scenereconstructionrely on �xing someof the unknowns either by

virtue of assumptionor by restrictingthe experimentalconditions,while estimating

theothers.For instance,in stereoandstructurefrom motiononeassumesthat (most

of) the scenehasLambertianre�ection properties,andexploits suchan assumption

to establishcorrespondenceandestimateshape.Similarly, in shapefrom shadingone

assumesconstantalbedoandexploitschangesin irradianceto recovershape.

However, suchassumptionscannever bevalidatedfrom visualdata,sinceit is al-

wayspossibleto constructsceneswith differentphotometryandgeometrythat give

riseto thesameimages.For example,a sequenceof imagesof theseaat sunsetcould

have beenoriginatedby a very complex anddynamicshape(the surfaceof the sea)

with constantre�ection properties(homogeneousmaterial,water),but alsoby a very

simpleshape(e.g. the planeof the television monitor) with a non-homogeneousra-

diance(the televisedspatio-temporalsignal). Similarly, the appearanceof a moving

Lambertiancubecanbemimickedby asphericalmirror projectinga light distribution
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to matchthealbedoof thecube. The ill-posednessof themostgeneralvisual recon-

structionproblemandtheremarkableconsistency in thesolutionasperformedby the

humanvisualsystemrevealsthe importanceof priors for images[ZWM97]; they are

necessaryto �x the arbitrarydegreesof freedomandrenderthe problemwell-posed

[Kir96]. In general,onecanusetheextra degreesof freedomto thebene�t of theap-

plicationathand:onecan�x photometryandestimategeometry(e.g.in robotvision),

or �x geometryandestimatephotometry(e.g.in image-basedrendering),or recovera

combinationof thetwo thatsatis�essomeadditionaloptimality criterion,for instance

theminimumdescriptionlengthof thesequenceof videodata[Ris78].

Given this arbitrarinessin the reconstructionand interpretationof visual scenes,

it is clear that thereis no notion of a true interpretation,and the criterion for cor-

rectnessis somewhatarbitrary. In thecaseof humans,the interpretationthat leadsto

a correctEuclideanreconstruction(that canbe veri�ed by othersensorymodalities,

suchastouch)hasobviousappeal,but thereis no way in which thecorrectEuclidean

interpretationcanberetrievedfrom visualsignalsalone.

Therefore,this thesiswill analyzesequencesof imagesof moving scenessolely

asvisual signals. “Interpreting” and“understanding”a signalamountsto inferring a

stochasticmodelthatgeneratesit. The “goodness”of themodelcanbemeasuredin

termsof the total likelihoodof themeasurementsor in termsof its predictingpower:

amodelshouldbeableto giveaccuratepredictionsof futuresignals(akin to so-called

predictionerrormethodsin systemidenti�cation). Sucha modelwill involve a com-

binationof photometry, geometryanddynamicsandwill bedesignedfor maximum-

likelihoodor minimal predictionerror variance. Notice that it will not be required

that the reconstructedphotometryor geometrybe correct (in the Euclideansense),

for thatis intrinsically impossiblewithout involving (visually)non-veri�able prior as-

sumptions.All it is requiredis that the modelmustbe capableof predictingfuture

2



measurements.In a sense,we look for an “explanation”of the imagedatathat al-

lowsusto recreateandextrapolateit. It canthereforebethoughtof asthecompressed

versionor the“essence”of thesequenceof images.

1.1 Contrib utions of This Work

This work presentsseveral novel aspectsin the �eld of dynamic(or time-varying)

textures.On theissueof representation(Section2.1),it is presentedanovel de�nition

of dynamictexture that is general,in the sensethat even the simplestinstancecan

capturethestatisticsof asequenceof imagesf I (t)g thatareasecond-orderstationary

process1 with anarbitrarycovariancesequence,andprecise,becauseit allowsmaking

analyticalstatementsand drawing from the rich literatureon systemidenti�cation.

On learning (Section2.2), two criteria are proposed:total likelihood or prediction

error. Under the hypothesisof second-orderstationarity, a closed-formsub-optimal

solutionof the learningproblemis given(Section2.3). On synthesis, it is shown that

eventhesimplestlineardynamicalmodel(�rst-order ARMA 2 modelwith whitezero-

meanIID 3 Gaussianinput) capturesa wide rangeof dynamictextures.Thealgorithm

is simple to implement,ef�cient to learn and fast to simulate; it allows generating

in�nitely long sequencesfrom shortinput sequences.On recognition (Chapter3), the

problemof recognizingdynamictexturesin thespaceof modelsis posed.It is shown

how texturesalike tend to cluster in model space,thereforeassessingthe potential

to build a recognitionsystembasedon this framework. On editing (Chapter4), it is

consideredthe problemof manipulatingthe parametersin the simulationof a model

for thepurposeof image-basedrenderingof imagesequences.It is shown how to map

1A stochasticprocessis stationary(of orderk) if thejoint statistics(upto orderk) aretime-invariant.
For instancea processf I (t)g is second-orderstationaryif its mean �I := E [I (t)] is constantand its
covarianceE[(I (t1) � �I )( I (t2) � �I )] only dependsupont2 � t1.

2ARMA standsfor auto-regressive moving average.
3IID standsfor independentandidenticallydistributed.
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the manipulationof modelparametersinto sensiblechangesof visual appearancein

extrapolatedsequences.

Althoughin theexperimentsonly simplechoicesof inputdistributionsareconsid-

ered,moregeneralclassescanbe taken into accountby usingparticle�ltering tech-

niquesandmoregeneralclassesof �lter banks. Only linear dynamicalsystemsare

usedbecausethey capturesecond-orderstationarity. Several extensionscan be de-

vised,althoughno closed-formsolutionsareavailable. Someof theseresultsmaybe

usefulfor videocompression(Section2.4.2).

1.2 Prior RelatedWork

Statisticalinferencefor analyzingandunderstandinggeneralimageshasbeenexten-

sively usedfor thelasttwo decades[MG98]. Thestatisticalcharacterizationof textures

waspioneeredby Juleszfour decadesback[Jul62]. Following that,therehasbeenex-

tensivework in theareaof 2D textureanalysis,recognitionandsynthesis.Mostof the

approachesusestatisticalmodels[HB95, ZWM97, PP93, PS99,BV98, PL96,CJ83,

HS81] while few othersrely on deterministicstructuralmodels[EL99, WL00]. An-

otherdistinction is that somework directly on the pixel valueswhile othersproject

imageintensityontoasetof basisfunctions.MostcommonmethodsuseGabor�lters

[BB94], andsteerable�lters [FA91, SFA92, HB95]. Onecouldalsoinfer andchoose

thebest�lters aspartof thelearningprocess[ZWM97].

Therehave beenmany physically basedalgorithmswhich targetspeci�c dynamic

textures[ECP94,FR86,Pea86].Somesimulationshavebeenperformedusingparticle

systems[Ree83,Sim90]. In theseapproachesa modelof the sceneis derived from

�rst principles,thenapproximated,and�nally simulated.Suchtechniqueshave been

successfullyappliedfor synthesizingsequencesof naturalphenomenasuchassmoke,
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�re etc. (seefor instance[SF95,FF01]andreferencestherein),but alsowalking gaits

([HW98] andreferences),andmechanicalsystems([Bar92] andreferences).Themain

advantageof thesetechniquesis theextentin which thesynthesiscanbemanipulated,

resultingin greateditingpower. Whilephysicallybasedmodelsarethemostprincipled

andelegant,they have thedisadvantageof beingcomputationallyexpensive andoften

“highly” customizedfor particulartextures,thereforenot allowing automaticwaysof

inferringnew modelsfor a largeclassof dynamictextures.

An alternative to physicallybasedtechniquesareimage-basedones.In this frame-

work, new texture movies are generatedusing imageswithout building a physical

model of the processthat generatesthe scene. Among theseapproaches,one can

distinguishtwo subclasses,the so-called“procedural”techniquesthat forego the use

of a modelaltogetherandgeneratesyntheticimagesby clever concatenationor rep-

etition of imagedata,andimage-basedtechniquesthat “rely on a model,” albeit not

a physical one. As exampleof the �rst subclass,thework of Scḧodl et al. [SSS00],

addressestheproblemby �nding transitionpointsin theoriginal sequencewherethe

videocanbe loopedbackin a minimally invasive way. Theprocessinvolvesmorph-

ing techniquesto smoothout visualdiscontinuities.Anotherexampleis the work of

Levoy andWei [WL00], wherethey synthesizetemporaltexturesby generatingeach

new pixel, in the3D spatio-temporalspaceof a videosequence,by searching,in the

originalsequence,apixel neighborhoodthatbestmatchesits companionin thesynthe-

sizedoutput.Proceduraltechniquesresultin arelatively quicksolutionfor thepurpose

of synthesis.Within this framework, thesimulationis generatedwithoutexplicitly in-

ferring a model,which resultsin lack of �e xibility for otherpurposessuchasediting,

classi�cation,recognition,or compression.

Therehasbeencomparatively little work in thespeci�c areaof image-basedtech-

niquesthatrely ona model.Theproblemof modelingdynamictextureshasbeen�rst

5



addressedby NelsonandPolana[NP92], wherethey classifyregional activities of a

scenecharacterizedby complex, non-rigidmotion.

Bar-Joseph[BEL01] usesmulti-resolutionanalysis(MRA) tree merging for the

synthesisandmerging of 2D texturesandextendsthe ideato dynamictextures. For

2D texturesnew MRA treesareconstructedby mergingMRA treesobtainedfrom the

input; thealgorithmis differentfrom De Bonet's algorithm[BV98] thatoperateson a

singletexturesample.Theideais extendedto dynamictexturesby constructingMRA

treesusinga 3D wavelettransform.Impressive resultswereobtainedfor the2D case,

but only a �nite lengthsequenceis synthesizedafter computingthe combinedMRA

tree.Theapproachof this thesiscapturestheessenceof adynamictexturein theform

of a dynamicalmodel,andan in�nite lengthsequencecanbe generatedin real time

usingtheparameterscomputedoff-line and,for theparticularcaseof lineardynamic

textures,in closed-form.

Szummerand Picard's work [SP96] on temporaltexture modelingusesa simi-

lar approachtowardscapturingdynamictextures.They usethespatio-temporalauto-

regressivemodel(STAR), whichimposesaneighborhoodcausalityconstraintevenfor

thespatialdomain. This severely restrictsthe texturesthatcanbecapturedanddoes

not allow to capturerotation,accelerationandothersimplenontranslationalmotions.

It worksdirectly on thepixel intensitiesratherthana smallerdimensionalrepresenta-

tion of the image. In this thesisspatialcorrelationis incorporatedwithout imposing

causalrestrictions,aswill beclearin thecomingsections,andcancapturemorecom-

plex motions,includingoneswheretheSTAR modelis ineffective (see[SP96], from

whichweborrow someof thedataprocessedin Section2.4).
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CHAPTER 2

Modeling Dynamic Textures

2.1 Representationof Dynamic Textures

Whatis a suitablede�nition of texture?For a singleimage,onecansayit is a texture

if it is a realizationfrom a stationarystochasticprocesswith spatiallyinvariantstatis-

tics [ZWM97]. This de�nition capturestheintuitive notionof texture.For a sequence

of images(time-varying texture), individual imagesareclearlynot independentreal-

izationsfrom a stationarydistribution, for thereis a temporalcoherenceintrinsic in

the processthat needsto be captured.The underlyingassumption,therefore,is that

individual imagesarerealizationsof theoutputof adynamicalsystemdrivenby anin-

dependentandidenticallydistributed(IID) process.Wenow makethisconceptprecise

asanoperativede�nition of dynamictexture.

2.1.1 De�nition of Dynamic Texture

Let f I (t)gt=1 :::� , I (t) 2 Rm , bea sequenceof � images.Supposethatat eachinstant

of time t we canmeasurea noisy versionof the image,y(t) = I (t) + w(t), where

w(t) 2 Rm is anindependentandidenticallydistributedsequencedrawn from aknown

distribution1, pw(�), resultingin a positive measuredsequencey(t) 2 Rm ; t = 1: : : � .

1This distribution canbeinferredfrom thephysicsof theimagingdevice. For CCD sensors,for in-
stance,agoodapproximationis aPoissondistributionwith intensityrelatedto theaveragephotoncount.
Thereasonfor includingthetermw(t) in modelingdynamictexturesis becauseit is necessaryfor the
covariancesequenceof y(t) to bearbitrary. Moreover, standardresultsin stochasticrealization[Lju87]
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We saythatthesequencef I (t)g is a (linear) dynamictexture if thereexistsa setof n

spatial�lters � � : R ! Rm , � = 1: : : n anda stationarydistribution q(�) suchthat,

de�ning x(t) 2 Rn suchthatI (t) = � (x(t)) (where� (�) indicatesthecombinationof

theoutputof then �lters f � � g respectively appliedto eachof then statecomponents;

seeSection2.1.2for details)wehavex(t) =
P k

i=1 A i x(t � i )+ Bv(t), with v(t) 2 Rnv

an IID realization2 from the densityq(�), for somechoiceof matrices,A i 2 Rn� n ,

i = 1; : : : ; k, B 2 Rn� nv andinitial conditionx(0) = x0. Without lossof generality,

wecanassumek = 1 sincewecanaugmentthestateof theabove modelto be �x(t) :=

[x(t)T x(t � 1)T : : : x(t � k)T ]T . Therefore,a lineardynamictextureis associatedto

anauto-regressivemoving averageprocess(ARMA) with unknown inputdistribution

8
><

>:

x(t + 1) = Ax(t) + Bv(t)

y(t) = � (x(t)) + w(t)
(2.1)

with x(0) = x0, v(t) I I D� q(�) unknown, w(t) I I D� pw(�) given, suchthat I (t) =

� (x(t)) . To thebestof ourknowledge,thecharacterizationof adynamictextureasthe

outputof anARMA modelis novel.

We want to make it clearthat this de�nition explainswhat we meanby dynamic

textures.It couldbearguedthatthis de�nition doesnot capturetheintuitive notionof

adynamictexture,andthatis indeedpossible.As showedin Section2.4,however, we

have found that the model(2.1) captureseverythingthat our intuition calls dynamic

textures,anddecentlycapturealsovisual dynamicalphenomenathat arebeyond the

purposeof this modelingframework. Furthermore,onecaneasilygeneralizethede�-

nition to anarbitrarynon-linearmodelof theform x(t + 1) = f (x(t); v(t)) , leadingto

statethat,undersomeadditionalhypotheses(seeSection2.3),second-orderstationaryprocessescanbe
representedastheoutputof modelsof thetype(2.1),which includetheoutputnoisetermw(t).

2In our experimentswe have m = 320� 220for thecolor sequences,andm = 170� 110for the
graylevel sequences,while n rangesfrom 10 to 50,andnv rangesfrom 10 to n.
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theconceptof anon-lineardynamictexture.

2.1.2 Filters and Dimensionality Reduction

The de�nition of dynamictexture above entailsa choiceof �lters � � ; � = 1: : : n.

These�lters arealsoinferredaspartof the learningprocessfor a givendynamictex-

ture.

Thereareseveralcriteriafor choosinga suitableclassof �lters, rangingfrom bio-

logical motivationsto computationalef�ciency. In thesimplestcase,we cantake � to

betheidentity, andthereforelook at thedynamicsof individual pixelsx(t) = I (t) in

(2.1). We view thechoiceof �lters asa dimensionalityreductionstep,andseekfor a

decompositionof theimagein thesimple(linear)form

I (t) =
nX

i =1

x i (t)� i
:= Cx(t) ; (2.2)

whereC = [� 1; : : : ; � n ] 2 Rm� n andf � i g canbeanorthonormalbasisof L 2, a setof

principalcomponents,or awavelet�lter bank.

An alternativenon-linearchoiceof �lters canbeobtainedby processingtheimage

with a �lter bank,and representingit as the collectionof positionsof the maximal

responsein passband[Mal89]. In this thesiswe will restrictour attentionto linear

�lters.

2.2 Learning Dynamic Textures

Givena sequenceof noisyimagesf y(t)gt=1 :::� , learningthedynamictextureamounts

to identifying the modelparametersA; B ; C andthe distribution of the input q(�) in

themodel(2.1).This is aform of systemidenti�cation problem[LP79], whereonehas

9



to infer adynamicalmodelfrom atimeseries.However, in theliteratureof dynamical

systems,it is commonlyassumedthat the distribution of the input is known. In the

context of dynamictextures,we have the additionalcomplicationof having to infer

thedistribution of theinput alongwith thedynamicalmodel.Thelearning,or system

identi�cation, problemcanthenbeposedasfollows.

2.2.1 Maximum Lik elihoodLearning

Themaximum-likelihoodformulationof thedynamictexturelearningproblemcanbe

posedasfollows:

giveny(1); : : : ; y(� ); �nd

Â; B̂ ; Ĉ; q̂(�) = arg max
A;B ;C;q

logp(y(1); : : : ; y(� )) (2.3)

subject to (2:1) and v(t) I I D� q:

The inferencemethoddependscrucially uponwhat typeof representationwe choose

for q. Note that theabove inferenceprobleminvolvesthehiddenvariablesx(t) mul-

tiplying theunknown parameterA andrealizationsv(t) multiplying theunknown pa-

rameterB , and is thereforeintrinsically non-lineareven if the original statespace

modelis linear. In general,onecoulduseiterative techniquesthatalternatebetween

estimating(suf�cient statisticsof) the conditionaldensityof the stateandmaximiz-

ing the likelihood with respectto the unknown parameters,in a fashionsimilar to

the expectation-maximization(EM) algorithm[DLR77]. In order for suchiterative

techniquesto converge to a uniqueminimum, canonicalmodelrealizationsneedto

be considered,correspondingto particularforms for the matricesA andB. We dis-

cusssuchrealizationsin Section2.3,wherewealsopresentaclosed-formsub-optimal

solutionfor awideclassof dynamictextures.
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2.2.2 Prediction Err or

As analternative to maximum-likelihood,onecanconsiderestimatingthemodelthat

resultsin the leastpredictionerror, for instancein the senseof meansquare. Let

x̂(t + 1jt) := E[x(t + 1)jy(1); : : : ; y(t)] be the bestone-steppredictorthat depends

upontheunknown parametersA; B ; C; q. Onecanthenposetheproblemas

Â; B̂ ; Ĉ; q̂ := lim
t !1

argmin Eky(t + 1) � Cx̂(t + 1jt)k (2.4)

subject to (2:1):

Unfortunately, explicit forms of the one-steppredictorsareavailableonly underre-

strictedassumptions,for instancelinearmodelsdrivenby whiteGaussiannoisewhich

weconsiderin Section2.3.For detailsthereaderis referredto [Lju87].

2.2.3 Representationof the Dri ving Distrib ution

Sofar we have managedto deferaddressingthe fact that theunknown driving distri-

butionbelongs,in principle,to anin�nite-dimensionalspace,andthereforesomething

needsto besaidabouthow this issueis dealtwith algorithmically.

We considerthreewaysto approachthis problem. Oneis to transformthis into

a �nite-dimensional inferenceproblemby choosinga parametricclassof densities.

This is donein thenext section,wherewe postulatethattheunknown driving density

belongsto a �nite-dimensionalparameterizationof a classof exponentialdensities,

andthereforethe inferenceproblemis reducedto a �nite-dimensionaloptimization.

The exponentialclassis quite rich andit includes,in particular, multi-modalaswell

asskeweddensities,althoughwith experimentswe show thatevena singleGaussian

modelallows achieving goodresults. Whenthe dynamictexture is representedby a

second-orderstationaryprocesswe show thata closed-formsub-optimalsolutioncan

11



beobtained.

Thesecondalternative is to representthedensityq via a �nite numberof fair sam-

plesdrawn from it; themodel(2.1)canbeusedto representtheevolution of thecon-

ditional densityof the stategiven the measurements,and the densityis evolved by

updatingthesamplessothatthey remainafair realizationof theconditionaldensityas

time evolves.Algorithmsof this sortarecalled“particle �lters” [LCL00], andin par-

ticular theCONDENSATION �lter [BI98] is thebestknown instancein theComputer

Visioncommunity.

Thethird alternativeis to treat(2.3)asasemi-parametricstatisticalproblem,where

oneof the “parameters”(q) lives in the in�nite-dimensionalmanifold of probability

densitiesthatsatisfycertainregularityconditions,endowedwith a Riemannianmetric

(correspondingto theFisher's informationmatrix), andto designgradientdescental-

gorithmswith respectto thenaturalconnection,asit hasbeendonein thecontext of

independentcomponentanalysis(ICA) by Amari andCardoso[AC97]. This avenue

is considerablymorelaboriousandwearethereforenotconsideringit in thisstudy.

2.3 A Closed-form Solution for Learning Second-orderStationary

Processes

It is well known thata stationarysecond-orderprocesswith arbitrarycovariancecan

be modeledas the outputof a linear dynamicalsystemdriven by white, zero-mean

Gaussiannoise[Lju87]. In ourcase,wewill thereforeassumethatthereexist apositive

integern, a processf x(t)g, x(t) 2 Rn , with initial conditionx0 2 Rn andsymmetric
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positive-de�nite matricesQ 2 Rn� n andR 2 Rm� m suchthat

8
><

>:

x(t + 1) = Ax(t) + v(t) v(t) � N (0; Q); x(0) = x0

y(t) = Cx(t) + w(t) w(t) � N (0; R)
(2.5)

for somematricesA 2 Rn� n and C 2 Rm� n . The problemof systemidenti�ca-

tion consistsin estimatingthe modelparametersA; C; Q; R from the measurements

y(1); : : : ; y(� ). NotethatB andv(t) in themodel(2.1)aresuchthatBB T = Q, and

v(t) � N (0; I nv ) whereI nv is theidentitymatrixof dimensionsnv � nv.

2.3.1 Uniquenessand CanonicalModel Realizations

The�rst observationconcerningthemodel(2.5) is thatthechoiceof matricesA; C; Q

is not unique,in the sensethat therearein�nitely many suchmatricesthat give rise

to exactly thesamesamplepathsy(t) startingfrom suitableinitial conditions.This is

immediatelyseenby substitutingA with TAT � 1, C with CT � 1 andQ with TQTT ,

andchoosingtheinitial conditionTx0, whereT 2 GL(n) is any invertiblen � n ma-

trix. In otherwords,thebasisof thestate-spaceis arbitrary, andany givenprocesshas

not a uniquemodel,but anequivalenceclassof modelsR := f [A] = TAT � 1; [C] =

CT � 1; [Q] = TQTT ; j T 2 GL(n)g. In orderto beableto identify a uniquemodel

of the type(2.5) from a samplepathy(t), it is thereforenecessaryto choosea repre-

sentative of eachequivalenceclass:sucha representative is calleda canonicalmodel

realization, in thesensethatit doesnotdependonthechoiceof basisof thestatespace

(becauseit hasbeen�x ed).

While therearemany possiblechoicesof canonicalmodels(seefor instance[Kai80]),

we are interestedin onethat is “tailored” to the data,in the senseexplainedbelow.

Sincewe areinterestedin datadimensionalityreduction,we will make thefollowing
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assumptionsaboutthemodel(2.5):

m >> n; rank(C) = n ; (2.6)

andchoosethecanonicalmodelthatmakesthecolumnsof C orthonormal:

CT C = I n ; (2.7)

whereI n is the identity matrix of dimensionn � n. Therefore,the matrix C hasto

be an elementsin the Stiefel manifold V(m; n), the setof n orthonormalvectorsin

Rm . As we will seeshortly, this assumptionresultsin a uniquemodelthat is tailored

to the datain the senseof de�ning a basisof the statespacesuchthat its covariance

P := lim t !1 E[x(t)xT (t)] is asymptoticallydiagonal(seeequation(2.12)).

Theproblemwesetout to solvecanthenbeformulatedasfollows: givenmeasure-

mentsof a samplepathof theprocess:y(1); : : : ; y(� ); � >> n, estimateÂ; Ĉ; Q̂; R̂,

a canonicalmodel of the processf y(t)g. Ideally, we would want the maximum-

likelihoodsolution:

Â(� ); Ĉ(� ); Q̂(� ); R̂(� ) = arg max
A;C ;Q;R

p(y(1) : : : y(� )) : (2.8)

Asymptoticallyoptimalsolutionof thisproblem,in themaximum-likelihoodsense,do

exist in theliteratureof systemidenti�cation theory[Lju87], andis givenby thesub-

spaceidenti�cation algorithm(theso-calledN4SID, for which a detaileddescription

of theimplementationcanbefoundin [OM94]). Themainreasonwhy in Section2.3.2

weproposeasub-optimalsolutionof theproblemis because,giventhedimensionality

of our framework, theN4SIDalgorithmrequiresamemorystoragefarbeyondtheca-

pabilitiesof thecurrentstateof theartworkstations.Theresultderivedin Section2.3.2

is a closed-formsub-optimalsolutionin thesenseof Frobeniusthat takes30 seconds
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to run in acommonPCwhenm = 170� 110and� = 140.

Beforepresentingthesolutionof the learningproblem(2.8), we point out anun-

spokenhypothesisthathasbeenmadesofar in thethesis,i.e. thefact theframework

weproposeentailsthe�ltering in spaceandtimeto beseparable,whichmeansthatwe

perform�ltering in spaceandtime in two separatestages.Thereasonfor this choice

is nothingelsethancomputationalsimplicity of theresultingalgorithm.

2.3.2 Closed-form Solution

Let Y �
1

:= [y(1); : : : ; y(� )] 2 Rm� � with � > n, andsimilarly for X �
1

:= [x(1); : : : ;

x(� )] 2 Rn� � andW �
1

:= [w(1); : : : ; w(� )] 2 Rm� � , andnoticethat

Y �
1 = CX �

1 + W �
1 ; C 2 Rm� n ; CT C = I ; (2.9)

by our assumptions(2.6) and(2.7). Now let Y �
1 = U� V T ; U 2 Rm� n ; UT U = I ;

V 2 R� � n , V T V = I bethesingularvaluedecomposition(SVD) [GV89] with � =

diagf � 1; : : : ; � ng, andf � i g bethesingularvalues,andconsidertheproblemof �nding

thebestestimateof C in thesenseof Frobenius:Ĉ(� ); X̂ (� ) = argminC;X �
1

kW �
1 kF

subjectto (2.9). It follows immediatelyfrom the�x edrankapproximationpropertyof

theSVD [GV89] thattheuniquesolutionis givenby

Ĉ(� ) = U X̂ (� ) = � V T (2.10)

Â canbedetermineduniquely, again in thesenseof Frobenius,by solvingthefollow-

ing linear problem: Â(� ) = argminA kX �
1 � AX � � 1

0 kF , whereX � � 1
0

:= [x(0); : : : ;

x(� � 1)] 2 Rn� � which is trivially donein closed-formusingthestateestimatedfrom

(2.10):

Â(� ) = � V T D1V(V T D2V)� 1� � 1 (2.11)
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whereD1 =

2

4
0 0

I � � 1 0

3

5 and D2 =

2

4
I � � 1 0

0 0

3

5. Notice that Ĉ(� ) is uniquely

determinedup to achangeof signof thecomponentsof C andx. Also notethat

E[x̂(t)x̂T (t)] � lim
� !1

1
�

�X

k=1

x̂(t + k)x̂T (t + k) = � V T V� = � 2 ; (2.12)

which is diagonalasmentionedin Section2.3.1. Finally, thesampleinput noiseco-

varianceQ canbeestimatedfrom

Q̂(� ) =
1
�

�X

i =1

v̂(i )v̂T (i ) (2.13)

where v̂(t) := x̂(t + 1) � Â(� )x̂(t). ShouldQ̂ not be full rank, its dimensional-

ity can be further reducedby computingthe SVD Q̂ = UQ � QUT
Q where � Q =

diagf � Q(1); : : : ; � Q(nv)g with nv � n, andletting B̂ besuchthatB̂ B̂ T = Q̂.

In thealgorithmabove we have assumedthat theorderof themodeln wasgiven.

In practice,this needsto beinferredfrom thedata.Following [AK90], we proposeto

determinethemodelorderempiricallyfrom thesingularvalues� 1; � 2; : : : , by choos-

ing n asthecutoff wherethesingularvaluesdropbelow a threshold.A thresholdcan

alsobeimposedon thedifferencebetweenadjacentsingularvalues.

Noticethat themodelwe describein this thesiscanalsobeusedto performmax-

imum-likelihooddenoisingof the original sequence.It is immediateto seethat the

denoisedsequenceis givenby

Î (t) := Ĉx̂(t) ; (2.14)

whereĈ is themaximum-likelihoodestimateof C andx̂(t) is obtainedfrom x̂(t+ 1) =

Âx̂(t) + B̂ v̂(t).
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2.4 Experiments

We codedthe algorithmdescribedin Section2.3 usingMatlab: learninga graylevel

sequenceof 140 frameswith m = 170� 110 takesabout30 secondson a desktop

PC (1GHz), while it takes about5 minutesfor 150 color framesand m = 320�

220. Synthesiscanbe performedat framerate. The Matlab routinesimplementing

thelearningandsynthesisalgorithmsarereportedin Figure2.1.Thedimensionof the

staten andinput nv is given asan input argument. In our implementation,we have

used� between50and150,n between10and50andnv between10and30.

2.4.1 Synthesis

Figure2.2 shows that an “in�nite length” texture sequencecanbe synthesizedfrom

a typically “short” input sequenceby just drawing IID samplesv(t) from a Gaussian

distribution. The framesbelongto the spiraling-water sequence.From a 120

frame-longtrainingsequencea300framessynthesizedsequence3 of dimensions85�

65 pixelshasbeengeneratedusingn = 20 principalcomponents.This sequencehas

beenshown in [SP96]asan examplewherethe STAR modelfails in capturingnon-

translationalmotion. Our model,on theotherhand,hasno dif�culty in capturingthe

spatio-temporalstatisticsof theinputsequence,asshown in Figure2.2.

Figures2.3 to 2.7 show the behavior of the algorithmon a representative setof

experiments(the training sequencesof Figures2.3 to 2.6 have beenborrowed from

the MIT TemporalTexture database4). In eachcase,on the �rst row we show a few

imagesfrom theoriginaldataset,onthesecondrow weshow theircompressedversion

(seeSection2.4.2),andon the third row we show a few extrapolatedsamples.On

the last row we show the overall compressionerror as a function of the dimension

3Moviesavailableonlineathttp://www.cs.ucla.edu/� doretto/projects/dynamic-textures.html.
4ftp://whitechapel.media.mit.edu/pub/szummer/temporal-texture/

17



function [x0,Ymean,Ahat,Bhat,Chat] = dytex(Y,n,nv)

% Suboptimal Learning of Dynamic Textures;
% (c) UCLA, March 2001.

tau = size(Y,2); Ymean = mean(Y,2);
[U,S,V] = svd(Y-Ymean*ones(1,tau),0);
Chat=U(:,1:n); Xhat = S(1:n,1:n)*V(:,1:n)';
x0=Xhat(:,1);
Ahat = Xhat(:,2:tau)*pinv(Xhat(:,1:(tau-1)));
Vhat = Xhat(:,2:tau)-Ahat*Xhat(:,1:(tau-1));
[Uv,Sv,Vv] = svd(Vhat,0);
Bhat = Uv(:,1:nv)*Sv(1:nv,1:nv);

function [I] = synth(x0,Ymean,Ahat,Bhat,Chat,tau)

% Synthesis of Dynamic Textures;
% (c) UCLA, March 2001.

[n,nv] = size(Bhat);
X(:,1) = x0;
for t = 1:tau,

X(:,t+1) = Ahat*X(:,t)+Bhat*randn(k,1);
I(:,t) = Chat*X(:,t)+Ymean;

end;

Figure2.1: Matlabcodeimplementationof theclosed-formsub-optimallearningal-
gorithmproposedin Section2.3 (functiondytex ), andthesynthesisstage(function
synth ). In orderto performstablesimulations,thesynthesisfunctionassumesthat
thepolesof thelinearsystem(i.e. theeigenvaluesof Ahat ) arewithin theunit circle.
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.. the original source

input texture sequence

The synthesized image
frames Starting Image

Infinite sequence

The finite spiraling-water

I(0)

Figure 2.2: Spiraling-water. The �gure shows how an “in�nite length” texture se-
quenceis synthesizedfrom a typically “short” input texture sequenceby just draw-
ing samplesfrom v(t). The dataset usedcomesfrom the MIT TemporalTexture
database. Theparticularstructureof thissequence(spiraling-water synthesized
usingn = 20principalcomponents,� = 120, m = 85� 65), is amongsttheonesthat
cannotbecapturedby theSTAR model[SP96].

of the statespace(left) aswell asthe predictionerror asa function of the lengthof

the learningset (right). For very regular sequences,the predictionerror decreases

monotonically;however, for highly complex scenes(e.g.talking-face , smoke),

it is not monotonic. In thesesimulationsx0 was set to x̂(1), which explains why

the �rst 100 framesof the 300 synthesizedframesresemblethe onesof the training
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sequence.Noticethattheexampleof thetalkingface(Figure2.7)hasbeenincludedto

show theoutputof theproposedtechniquewhentheunderlyinghypothesisof theinput

sequencebeingarealizationof asecond-orderstationaryprocessis violated.Of course

the modelfails to capturethe non-stationarynatureof the sequence,giving rise to a

synthesizedsequencethatshows someartifacts.This is, therefore,anexamplewhere

our techniquefails. Nevertheless,it is surprisingto notethatsucha simplemodelcan

bepushedsofar in modelingcomplex visualphenomena.

As explainedin Section2.3,wechoosethemodelordern andlearntheparameters

of themodel.A crucialquestionis how long shouldtheinput sequencebein orderto

capturethetemporaldynamicsof theprocess?To answerthisquestionexperimentally

we plot thepredictionerrorat thebottomright of theFigures2.3 to 2.7asa function

of the length,� , of the input (training)sequence.This meansthat for eachlength,� ,

we predict the frame� + 1 (not part of the training set)andcomputethe prediction

errorperpixel in graylevels.Wedosomany timesin orderto infer thestatisticsof the

predictionerror, i.e. meanandvarianceat each� . Figure2.8 shows anerror-barplot

includingmeanandstandarddeviationof thepredictionerrorperpixel for thesteam

sequence.The averageerror decreasesand becomesstableafter approximately80

frames.Noticethattheplot of Figure2.8hasalsothemeaningof modelveri�cation in

thesensethatthisplot of thepredictionerrorvalidatesa-posteriorithemodelinferred

with a maximum-likelihoodsub-optimalsolution,andis informative for challenging

themodel.

Another importantparameterto comparevarioustexture synthesismodelsis the

time it takesto synthesizethem. It is well establishedthatmodelsusingGibbssam-

pling [ZWM97] andothersamplingmethodsto draw samplesfrom complex distribu-

tionsarecomputationallyintensive. Moreover, thereis alwaysuncertaintyonwhether

the sampleshave converged. Deterministicmethodsto extend and extrapolatese-
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Figure2.3: River. Fromtop to bottom:samplesof theoriginal sequence,correspond-
ing samplesof thecompressedsequence(compressionratio: 2:53), samplesof extrap-
olatedsequence(usingn = 50 components,� = 120, m = 170� 115), compression
errorasa functionof thedimensionof thestatespacen, andextrapolationerrorasa
function of the lengthof the training set � . The datasetusedcomesfrom the MIT
TemporalTexturedatabase.

quenceshave to go backandquerythe input texture in oneway or anotherto obtain

informationthatgeneratesthenext frame[EL99, WL00] 5. In our model,learningis

performedin closed-form(30 secondsfor 100graylevel samples),andsynthesisis in-

stantaneous(frame-rate),evenin our Matlabimplementation.Moreover, we caneven

control the sizeof parametersto obtaina particularsynthesisspeed,andchangethe

5In [WL00] for eachnew pixel a searchis conductedfor a similar neighborhoodpatternin the
original texture.
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Figure 2.4: Smoke. From top to bottom: samplesof the original sequence,corre-
spondingsamplesof thecompressedsequence(compressionratio: 2:53), samplesof
extrapolatedsequence(usingn = 30 components,� = 150, m = 170� 120), com-
pressionerror asa function of the dimensionof the statespacen, andextrapolation
errorasa functionof thelengthof thetrainingset� . Thedatasetusedcomesfrom the
MIT TemporalTexturedatabase.

modelparameters(e.g.theeigenvaluesof Â) to manipulatetheoriginaldynamics(see

Chapter4). Notice that, in certaincasescorrespondingto certainnaturalphenomena

(e.g the sequenceof smoke-far ) it may be possible,andactuallycorrect,for the

learningprocessto returnamarginally stablesystem,capturingthe“explosive” nature

of the input sequence.In fact, the systemcapturesthe exact natureof the ongoing

processof thetrainingsetandgeneralizesit in timeduringasynthesissimulation.An-

alytically, thepolesof thetrainingsequencescanbevery closeto theunit circle, and
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Figure 2.5: Steam. From top to bottom: samplesof the original sequence,corre-
spondingsamplesof thecompressedsequence(compressionratio: 2:53), samplesof
extrapolatedsequence(usingn = 30components,� = 120, m = 176� 96), compres-
sionerrorasa functionof thedimensionof thestatespacen, andextrapolationerror
asa functionof thelengthof thetrainingset� . Thedatasetusedcomesfrom the MIT
TemporalTexturedatabase.

for thecaseof “unstable”dynamictextures,in orderto make stablesynthesissimula-

tions,we just relocatetheunstablesystempoleswithin theunit circle. To accomplish

this taskwe found thatby simply reducingto 0.99thedistanceof theunstablepoles

from theorigin (while maintainingtheirphaseconstant),weobtainstablesynthesized

sequencesthatverywell resembletheoriginal trainingset.

Finally, Figure2.9 andFigure2.10show somemoreresultson synthesis.Here,
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Figure2.6: Toilet. Fromtop to bottom:samplesof theoriginal sequence,correspond-
ing samplesof thecompressedsequence(compressionratio: 2:53), samplesof extrap-
olatedsequence(usingn = 30 components,� = 120, m = 170� 115), compression
errorasa functionof thedimensionof thestatespacen, andextrapolationerrorasa
function of the lengthof the training set � . The datasetusedcomesfrom the MIT
TemporalTexturedatabase.

thedimensionof thestatehasbeensetto n = 50, andx0 hasbeendrawn from azero-

meanGaussiandistribution with covarianceinferredfrom the estimatedstateX̂ (� ).

For the experimentsin Figure2.9, the training sequenceshasbeenborrowed again

from theMIT TemporalTexturedatabase,the lengthof thesesequencesrangesfrom

� = 100to � = 150frames,andthesynthesizedsequencesare300frameslong. For

the experimentsin Figure2.10, the training setsarecolor sequencesthat have been

capturedby the authorsexceptfor the fire sequencethat comesfrom the Artbeats
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Digital Film Library6. Thelengthof thesequencesis � = 150frames,theframesare

320� 220pixels,andthesynthesizedsequencesare300frameslong. Theextension

of the learningalgorithm to the caseof color imagescan be donein several ways.

Theonewe usedfor ourexperimentsimpliesthatthecolumnvectory(t), at time t, in

equation(2.5),containsthethreeunfoldedRGB channelsorderedoneaftertheother.

Representationof color in a moresuitablespace[Hun96] mayleadto a moreef�cient

useof ourmodelin termsof ability to captureinformationfrom thetrainingsequence.

2.4.2 Compression

In this sectionwe presenta preliminary comparisonbetweenstoragerequirements

for the estimatedparametersrelative to the original spacerequirementof the texture

sequences,to getanestimateof thesequencecompressioncapabilitiesof our model.

A thoroughassessmentof the compressioncapabilitiesof this model is a research

programin its own right. Our intention,here,is to pointout thepotentialof themodel

for compression,asa furthermotivationfor themodel.

The storagerequirementof the original datasetis O(m� ), while the components

of the model that are necessaryto re-createan approximationof the sequenceare

A; C; Q andtheinput sequencev(t). Therefore,onewould needn2 numbers(for Â),

m � n � n(n � 1)=2 (for Ĉ, countingtheorthogonalityconstraints),n � nv numbers

for Q̂ and, �nally , nv � � numbersfor the input sequencêv(t). Thus, the storage

requirementof our modelis O(mn + n2 + nnv + nv � ), wheren << m, � > n, and

nv is theeffective rankof Q̂. If we considerthefactthattypical valuesfor acceptable

“lossy” couldben = 30 andnv = 20, it is immediateto convinceourselvesthat the

effectively compressionpowercomesespeciallywhenlongsequencesareconsidered,

i.e. when� >> n, sincethematrix C is responsiblefor thehigherstorageoccupancy

6http://www.artbeats.com
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while theothercomponentsarenegligible (it is enoughto noticethatthesequencehas

to be15000frameslong to havenv � = mn, whenm = 100� 100).

Of course,amoresystematicevaluationof thepotentialof thismodelfor compres-

sionis due.Wewould like to pointout thatouralgorithmprovidescompressionbased

on the temporal characteristics,andthereforeit operateson top of MPEG encoding

andprovidesfurthercompression.For very long sequences(large � ) , the algorithm

presentedabove canbemodi�ed in orderto avoid computingtheSVD of a very large

matrix. In particular, themodelcanbeidenti�ed from ashortersubsequence,andthen

the identi�ed modelcanbe usedto computethe input (in innovation form [OM93])

usinga simple linear Kalman�lter . For real-timetransmissionor broadcasting,the

innovationcanbeestimatedin real-timeusinga Kalman�lter andtransmittedin lieu

of the sequenceof images,after the initial modelis identi�ed andtransmittedto the

receiver. Thiswouldensurereal-timecodinganddecoding– afteraninitial batch– for

applicationssuchasteleconferencingor remotevideobroadcasting.
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Figure2.7: Talking-face.Fromtop to bottom: samplesof theoriginal sequence,cor-
respondingsamplesof thecompressedsequence(compressionratio: 2:53), samplesof
extrapolatedsequence(usingn = 40 components,� = 125, m = 105� 170), com-
pressionerror asa function of the dimensionof the statespacen, andextrapolation
errorasa functionof thelengthof thetrainingset� . Thissequencehasbeenproposed
to show asynthesizedsequencelearnedfrom atrainingsetthatviolatesthehypothesis
of beinga realizationof a second-orderstationaryprocess.The result shows some
artifacts,meaningthat not all the informationhasbeencapturedfrom the proposed
model.
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Figure2.8: Model veri�cation: to verify the quality of the model learned,we have
useda�x ednumberof principalcomponentsin therepresentation(20)andconsidered
sub-sequencesof theoriginaldatasetof lengthvaryingfrom 10to 120. We have used
suchsub-sequencesto learntheparametersof themodelin theMaximum-Likelihood
sense,and then usedthe model to predict the next image. Using one criterion for
learning(ML) andanotheronefor validation(predictionerror)is informative for chal-
lengingthe model. The averagepredictionerror per pixel is shown asa function of
thelengthof thetrainingsequence(for thesteam sequence),expressedin graylevels
within arangeof 256levels.Theaverageerrorperpixel decreasesandbecomesstable
after about80 frames. Meanandstandarddeviation for 100 trials areshown asan
error-barplot.
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(a)

(b)

(c)

(d)

Figure 2.9: Fountain, Plastic, River-far, Smoke-far. (a) fountain sequence
(� = 100, m = 150� 90), (b) plastic sequence(� = 119, m = 190� 148),
(c) river-far sequence(� = 120, m = 170� 115), (d) smoke-far sequence
(� = 150, m = 170 � 115). For eachof them the top row are samplesof the
original sequence(borrowed from the MIT TemporalTexture database),the bottom
row shows samplesof theextrapolatedsequence.All thedataareavailableon-lineat
http://www.cs.ucla.edu/� doretto/projects/dynamic-textures.html.
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(a)

(b)

(c)

(d)

Figure 2.10: Fire, Color-fountain, Ocean, Water [COLOR]. (a) fire sequence
(� = 150, m = 360 � 243), (b) color-fountain sequence(� = 150,
m = 320� 220), (c) ocean sequence(� = 150, m = 320� 220), (d) water sequence
(� = 150, m = 320� 220). For eachof themthetop row aresamplesof theoriginal
sequence,thebottomrow showssamplesof theextrapolatedsequence.All thedataare
availableon-lineathttp://www.cs.ucla.edu/� doretto/projects/dynamic-textures.html.
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CHAPTER 3

Dynamic TextureRecognition

Recognitionof objectsbasedon their imagesis oneof thecentralproblemsin modern

ComputerVision. We considerobjectsasbeingdescribedby their geometric,pho-

tometricanddynamicproperties.While a vastliteratureexists on recognitionbased

on geometryandphotometry, lesshasbeensaidaboutrecognizingscenesbasedupon

their dynamics. In this chapterwe considerthe problemof recognizinga sequence

of imagesbasedupona joint photometric-dynamicmodel. This allows us to recog-

nize not just steamfrom foliage,but fastturbulent steamfrom haze,or to detectthe

presenceof strongwindsby lookingat trees.

Recognitionof complex motionpatternsin imagesis anactive areaof researchin

ComputerVision. Extensive work hasbeenconductedfor thecaseof humanmotion

andin particularfacialexpressions,for instance[Bla99, IB00, BOP97,WB99,PB98].

Somemethodsarebasedonoptical�o w. For eachframethe�o w canbeapproximated

with a small-dimensionalvectorin a suitablebasis,asin [HL00], andtherecognition

is donewith hiddenMarkov models(HMMs), or, as in [Bla99], a spatio-temporal

representationof theoptical�o w canbebuilt. Otherslook atdifferentspatio-temporal

features[Niy94].

Herea differentapproachis taken: we do not chooselocal features,nor do we

computeoptical �o w. Instead,given an imagesequence,our framework allows us

to uniquelyidentify a statisticalmodel,andrecognitionis performedin the spaceof

models.In thiswaywesetoutto classifyandrecognizenot individualrealizations,but
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statisticalmodelsthatgeneratethem.Thisentailschoosingadistancebetweenmodels.

This problemhasbeen�rst addressedby Martin in [Mar00], wherea distancefor

single-input,single-output(SISO)linearGaussianprocesseshasbeenintroduced.We

proposeandanalyzethreedistances.The �rst usesprincipalanglesbetweenspeci�c

subspacesderived from AR1 models. The secondis the extensionof the distance

proposedby Martin. Both draw on recentresultsof De CockandDe Moor [DD00].

Finally, wealsolook at thegeodesicdistance.

3.1 From ImageSequencesto Dynamical Models

Theproblemof goingfrom datato modelscanbeformulatedasfollows: givenmea-

surementsof asamplepathof theprocess:y(1); : : : ; y(� ); � >> n, estimateÂ; Ĉ; Q̂,

a canonicalrealizationof the processf y(t)g. As describedin the previous sections,

thechoiceof C 2 V(m; n) resultsin a canonicalrealization.Ideally, we would want

themaximum-likelihoodsolutionfrom the�nite sample,thatis theargumentof

max
A;C ;Q

p(y(1); : : : ; y(� )jA; C; Q) : (3.1)

Noticethatwedonotmodelthecovarianceof themeasurementnoisesincethatcarries

no informationon theunderlyingprocess.In practice,aswe saidbefore,for reasons

of computationalef�ciency, wesettlefor thesuboptimalsolutiondescribedin Section

2.3. Fromthis point on, therefore,we will assumethatwe have available– for each

samplesequence– amodelin theform f A; C; Qg. For thepurposeof recognition,we

considerprocesseswith differentinput noisecovarianceasequivalent.Therefore,the

problemof recognizingdynamictexturescanbeposedastheproblemof recognizing

pairsf A; Cg estimatedfrom data.

1AR standsfor auto-regressive.
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3.1.1 GeometricStructur eof the Spaceof Models

Models,learnedfrom dataasdescribedin theprevioussection,do not live in a linear

space. While the matrix A is only constrainedto be stable(eigenvalueswithin the

unit circle), thematrix C hasnon-trivial geometricstructurefor its columnsform an

orthogonalset. Let C 2 V(m; n), m � n be a point on the Stiefel manifold of n-

framesin Rm , CT C = I n , endowedwith theEuclideanmetricge(X ; Y) := tr( X T Y)

whereX ; Y 2 TV(m; n), the tangentplaneto the Stiefel manifold. It is shown in

[EAS99] thatgeodesictrajectoriesin V(m; n) have thegeneralform

R exp(X t)I m;n where I m;n =

2

4
I n

0

3

5 2 Rm� n (3.2)

andR 2 O(m); X is askew-symmetricmatrixhaving blocks

X :=

2

4
F � GT

G 0

3

5 : (3.3)

Note that X belongsto a linear spacethat is isomorphicto Rmn � n(n+1) =2, andcould

thereforebe usedas a local coordinatizationof the Stiefel manifold V(m; n). We

will use the structureof the geodesicin order to de�ne a distancein V(m; n) as

follows: considertwo pointsC1; C2 2 V(m; n) andthe geodesicconnectingthem:

C(t) j C(0) = [C1 U] exp(0)I m;n = C1 andC(t) = [C1 U] exp(X t)I n;m = C2 for

a particularvalueof X , t andfor any U, an orthogonalcompletionof C1. Thenwe

de�ne

d : V(m; n) � V(m; n) � ! R; (C1; C2) 7! kX tkF (3.4)

wherethesubscriptF indicatestheFrobeniusnorm.
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3.1.2 Probability Distrib utions on StiefelManif olds

In orderto provide a simplestatisticaldescriptionon thespaceof models,we assume

thatA andC areindependent,sothattheirstatisticaldescriptioncanbeaddressedsep-

arately. While specifyinga probability densityin the spaceof transitionmatricesA

is straightforward(indeed,we will adopta Gaussiandensity),doingsofor theoutput

matricesC is not trivial since,aswe have just seen,the spacehasa non-trivial cur-

vature. In this paragraphwe introducea classof probability densitieson the Stiefel

manifoldthatcanbeusedto modelthestatisticsof C. Considerthefollowing function

p : V(m; n) � ! R

p(C) :=
1
Z

exp(tr (� � T C)) (3.5)

where� 2 V(m; n), � = � T � 0 andZ =
R

dP(C) wheredP(C) = p(C)d� (C)

with d� the base(Haar)measureon V(m; n). We call this function a Langevin (or

Gibbs)densityon V(m; n), owing to its similarity to Langevin distributionson the

sphere.� playsthe role of the modeof the density, and� playsthe role of the dis-

persion. It is easyto verify that theabove densityhasa uniquemaximumfor C = � .

Thefunctionalexpressionof p canbeusedto computelikelihoodratiosfor recognition

oncetheparameters� , � , havebeeninferred.

In orderto estimatethesuf�cient statisticsfrom samples,let Ci , i = 1: : : N bea

fair samplefrom thedensityp(C). It follows from thelaw of largenumbersthat

m̂ :=
1
N

NX

i =1

Ci � !
Z

CdP(C) := m(�; �) : (3.6)

Having a closed-formexpressionof the integral m(�; �) , onecould usesamplesto

computem̂ andusethe equationabove to computestatistics. However, we do not

pursuethat avenuefurther here. Instead,we considerthe maximumlikelihood es-

timation of the suf�cient statisticsby consideringthe joint densityof a fair sample
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p(C1; : : : ; CN j�; �) , whichcanbewrittenas

NY

i =1

p(Ci ) =
1

Q
Z i

exp(
NX

i =1

trace(� � T Ci )) (3.7)

For example,for thecase� = I wecanlook for �̂ thatsolvesthefollowing problem

max
� 2 V (m;n )

p(C1; : : : ; CN j� ) = maxtrace(�
NX

i =1

Ci ):

Letting 1
N

P N
i=1 Ci = U� S� V T

� beasingularvaluedecomposition,then

�̂ = U� V T
� :

Thisalsoclari�es therelationshipbetweenthesamplemeanm̂ andthesamplemedian

�̂ : thelatterconsistsof theorthogonalfactorsof theformer, or in otherwordsit is the

orthogonalprojectionof m̂ ontoV(m; n).

3.2 RecognizingDynamical Models

As we have articulatedin the previous section,a dynamictexture is describedby a

lineardynamicalsystemandrepresentedby thematricesA, andC. This spacehasa

non-trivial curvaturestructurethatmustbetakeninto accountwhendoingstatisticsor

comparisonsbetweenmodels.

In thissectionweconsiderthreeapproachesto recognition.Oneinvolvescomput-

ing likelihoodratios,with anexplicit form for theprobabilitydensityof themodels.

Thesecondinvolvescomputinganglesbetweensubspacesof themeasurementspan.

Thethird only involvescomputingdistancesbetweenmodels.

Supposethattwo groupsof pointson V(m; n) aregiven: U1; : : : ; Uk , fair samples
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from aLangevin distributionwith mean� U anddispersion� U , andV1; : : : ; Vl samples

from a distribution with mean� V anddispersion� V . Givena new point C, we want

to decideto which “group” it belongs.From a decision-theoreticpoint of view, the

goal is to constructa densitycorrespondingto eachhypothesis,p(CjU), p(CjV), and

to computethelikelihoodratio

� (C) =
p(CjU)
p(CjV)

(3.8)

wherethe parameters� U and � U in p(CjU) are computedfrom the samplesUi as

above,andsofor � V and� V . A decisioncanthenbemadebasedonwhethertheratio

is larger or smallerthanone. This settingcanbe generalizedto decisionsamonga

numberof hypothesesin astraightforwardfashion[Van92].

While includedin thediscussion,likelihoodratioswerenotpartof ourexperimen-

tal scheme.In our experimentswe focusedmainly on subspaceanglesanddistances

betweenmodels.

LetA 2 Rm� p andB 2 Rm� p betwomatriceswith full columnrank.Theprincipal

angles� k 2
�
0; �

2

�
betweenrange(A) andrange(B) arede�ned as

cos(� k) = max
x2 Rp

y2 Rq

�
�xT AT By

�
�

kAxk
2
kByk

2

; for k = 1; 2; :::;min(p;q)

Subspaceanglesarethe largestof theseangles.A closedform solutionis presented

in [DD00]. We usesubspaceanglesbetweendynamic texture modelsto compute

distances.

For thesake of simplicity in our implementationswe assumedto bedealingwith

AR models. So, we discussandcomputeprincipal anglesandMartin distancesbe-

tweenAR modelsde�ned by f A; Cg pairs. While this assumptionmayseemrestric-
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tive, theresultsarenonethelessencouraging(seeSection3.3).

Now, let M 1
:= (A1; C1) andM 2

:= (A2; C2) representtwo AR modelswith cep-

strumcoef�cients2 c1(n) andc2(n) for n = 0, � 1; � 2. TheMartin distanceis de�ned

for SISOsystemsas

d(M 1; M 2) =

r X 1

n=0
n jc1(n) � c2(n)j2: (3.9)

As shown in [DD00] this distanceis relatedto the principal anglesbetweenspeci�c

subspacesderived from theAR model,namelythe rangeof (extended)observability

spaces.The extendedobservability matrix for systemM i is denotedby O1 (M i )
:=

h
CT

i AT
i CT

i : : : (AT
i )nCT

i : : :
i T

. The distancede�ned by Martin can be ex-

presseddirectlyin termsof theprincipalanglesbetweenthecolumnspacesof [O1 (M 1)]

and[O1 (M 2)]. If we denoteby � i the i th principal anglebetweenthesespaces,the

distancede�ned by Martin is givenby

dM (M 1; M 2)2 = ln
nY

i =1

1
cos2� i

: (3.10)

The proof canbe found in [DD00]. While this distanceis given for scalarAR pro-

cesses,onecanmeasurethedistancebetweenmultivariateAR modelsusingthesame

concept.

In our implementationwe approximatetheextendedobservability matrix directly

with theobservability matrix andcomputeprincipalangles,� i , betweenobservability

spaces,On (M 1) andOn (M 2).

2The cepstrumof a discrete-timeprocessis the inverseFourier transformof the logarithm of the
powerspectrumof thediscrete-timeprocess.
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Ocean Waves 1 Ocean Waves 2 Smoke Flowers 1

Flowers 2 Plant 1 Plant 3 Waterfalls

Figure3.1: Samplesfrom thedynamictexturedatabase.We have collecteda total of
morethan250sequences,consistingof moving scenesof foliage,water, oceanwaves,
smokeetc.Eachsequenceis 150frameslongand220� 320pixels. In ourexperiments
eachsequencehasbeendividedinto two subsequencesof 75framesfor atotalof more
than500sequences.Fromthesesequences,200sampleswereselectedat randomto
build thedatasetweusedto runourexperiments.

3.3 Experiments

We built a comprehensive databaseof dynamictextures;sequencescapturingnatural

phenomenasuchasoceanwaves,steam,andplants.Includedin thedatabasearesim-

ilar sequenceswith differentdynamics.For example,we have waterstreamsrecorded

from differentangles,thusmoving at differentorientationsandspeeds.Thedatabase

includes76differentcategoriesof dynamictextures,eachof which is representedwith

4 sequencesof 150color framesof 220� 320pixels.Figure3.1showsa few samples

of theoriginaldataset.

In our experiments,we selectedat random50 dynamictexture categories,each

of which representedby four subsequencesof 75 framesobtainedfrom the original

companionsequences.In order to reducecomputationalcomplexity, we �rst trans-

formedcolor datato 256gray levels,andthen�ltered andsubsampledthesequences
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GeodesicDist. Subsp.Angles Martin Dist.
PCA 5.5% 24.5% 89.5%
ICA 2% 35% 71%

Table3.1: A summaryof therecognitionratepercentages.Wecomputetheprobability
of correctrecognitionsasthepercentageof thenumberof correctnearestneighborhits.

to 110� 160 pixels. Subsequently, we chosea reducedpatchsizeof 48 � 48 pix-

els by carefully cropping,from eachsequence,regionsto includekey statisticaland

dynamicalfeatures(e.g.the�ame of acandlelight).

To performthelearningprocessweusedtheclosed-formsolutionproposedin Sec-

tion 2.3. In themodel(2.5) we allow thematrix C to bea setof principalaswell as

independentcomponents.Each75 frame sequencewas representedusing n = 20

componentsfor both ICA andPCA. TheICA representationwasobtainedusingBell

andSejnowski's infomaxalgorithm[BS95]. Oncethesystemparameterswereiden-

ti�ed, we computeddistancesbetweenmodelsusingthegeodesicdistance,subspace

angles,andMartin's distancegeneralizedto multi-input, multi-output(MIMO) mod-

els. We thencalculatedtherecognitionratesfor eachdistanceandmodelrepresenta-

tion (ICA/PCA), seeTable3.1. A correctdetectionfor a given dynamictexture was

de�ned ashaving oneof thethreeotherdynamictexturesin its category asits closest

neighbor.

Simulationresultssuggestsigni�cant separationamongsimilar categoriesof dy-

namic texturesusing PCA as basisand Martin's distance,leadingto a recognition

rateof 89.5%(with ICA andMartin's distancewe reached71%). The resultswere

not encouragingwith thegeodesicdistance.While subspaceangleswerebetterthan

thegeodesicdistance,therecognitionrateof 24.5%(35%for ICA) provedthemstill

ineffective.
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(a) (b)

Figure3.2:Figure(a)ontheleft is theresultof anexperimentalrunonasmallsubsetof
thedatabase(40 dynamictextures),usingMartin's distanceandPCA basis.Moving
alongthe vertical axis, we mark the �rst (o) andsecond(x) nearestneighbors.For
example,theclosestdynamictextureto Smoke1, alongtheverticalaxis, is Smoke2
alongthe horizontalaxis. Similarly, the secondclosestdynamictexture to Smoke1
is Water Fall b1. Althoughthis subsampleddatasetis small, thediscrimination
power of Martin's distanceis alreadyvisible. Figure(b) on theright displaysanother
runonthesamesubsetof thedata.Herethedistancebetweenmodelswasthegeodesic
distance.Thepoorrecognitionratefor thegeodesicdistanceis visible from thelarge
numberof nearestneighbors(o) falling outsideof the “samefamily” grid lines. It
shouldbe notedthat the recognitionratesreportedin Table3.1 wereobtainedusing
200dynamictextures.
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boiling-b-near-2-A boiling-b-near-3-B boiling-b-near-2-B wfalls-c-near-1-A boiling-b-near-3-A

fire-3-A fire-3-B smoke-b-4-A smoke-b-4-B wfalls-b-near-2-A

plant-m-mid-2-A plant-m-mid-1-B plant-m-mid-2-B plant-m-mid-1-A wfalls-c-near-2-B

see-a-mid-2-A see-e-near-3-A see-a-mid-1-B see-e-near-4-B see-e-near-3-B

see-i-far-2-B see-i-far-3-A see-i-far-2-A see-a-mid-1-B see-e-near-4-A

wfalls-b-near-2-B wfalls-b-near-1-B wfalls-b-near-1-A fire-3-A smoke-b-4-B

flowers-c-mid-3-A flowers-c-mid-3-B flowers-c-mid-2-A flowers-c-mid-2-B boiling-c-mid-1-A

plant-d-near-1-A plant-d-near-1-B plant-d-near-2-A see-a-mid-2-B fountain-b-near-1-B

original 1st closest 2nd closest 3rd closest 4th closest

Figure3.3: Resultsof thenearestneighborcomputationusingsubspaceangles.The
�rst columnshowsasamplefrom oneof theoriginalsubsequences.Thedistancefrom
themodelof this subsequenceto every othersubsequenceis computed,anda sample
of thesequence“closest”to thetestis shown in thesecondcolumn.Thethird column
shows thesecondclosestsequenceandsoon.
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CHAPTER 4

Dynamic TextureEditing

One of our goals is to designalgorithmsfor synthesizingand editing realistic se-

quencesof imagesof dynamicscenesthatexhibit someform of temporalstationarity.

In Chapter2 wemadethisconceptpreciseby giving thede�nition of dynamictexture,

and we solved the synthesisproblem. Here we focuson the issueof manipulating

theparametersin thesimulationof a model,andwe show how to mapthemanipula-

tion of modelparametersinto sensiblechangesof visual appearancein extrapolated

sequences.

Thegoalthusdescribedis traditionallyapproachedeitherby physics-based(PHB)

techniquesor by image-based(IMB) techniques.The main advantageof PHB tech-

niquesis theextentin whichthesynthesiscanbemanipulated,resultingin greatediting

power (seee.g. [PSE00]). While conceptuallyPHB modelsarethe mostprincipled

andelegant, they have the disadvantageof beingcomputationallyexpensive, andof

not takinginto accounttheultimatebene�ciaryof thesimulation:theviewer. In fact,

physical detailsin the modelcanbe perceptuallyirrelevant, whereassomesimpli�-

cationsof thephysicalmodelcandrasticallyalter the�nal perceivedprocessto great

detrimentof realism. Indeed,sincethe complexity of the physical world greatlyex-

ceedsthecomplexity of thevisual signal(which is theultimateproductof thesimu-

lation), greatefforts in building a physically realisticmodelmay go to wasteduring

visualizationandhumanperception.

IMB techniquesaddressthis issuesby generatingsyntheticsequencesof images

42



without building a physicalmodelof theprocessthatgeneratethescene.In this per-

spective, the synthesisof dynamictexturescanbe viewed asan IMB techniquethat

rely onamodel(asopposedto theproceduraltechniquesdiscussedin Section1.2),al-

beitnotaphysicalone.In particular, adynamictextureis notamodelof thescene, but

a modelof thevisualsignal, i.e. theimagesequenceitself. We call this sub-category

of IMB techniquesvideo-basedmodeling.

A commonshortcomingof all IMB techniquesis their lackof �e xibility. While the

outcomeof proceduralalgorithmsor thesimulationof video-basedmodelsproduces

in generalveryrealisticresults,theprocedureis extremelyhardto modify in waysthat

producerealisticor evenmeaningfulresults.Most IMB techniquesmerelyallow the

editor to extendthe original sequencein spaceandtime. Even the seeminglytrivial

taskof speedingupor slowing down a �re, or awalkinggait, is achallengewithin the

IMB framework, becauseof thelackof physicalparametersthatcanbemanipulated.

4.1 SystemOverview

Referringto Figure4.1, the overall systemdescribedin this chaptertakestwo types

of input andproducesoneoutput. The inputsare(a) a �nite videoclip of a dynamic

textureand(b) a certainsetof valuesfor a presetnumberof editingparameters.The

outputof thesystemis anin�nite videoof adynamictexturesimilarto theoriginalone,

thatcanbe interactively modi�ed by actingon theeditingparameters(b). In Section

4.3 we describethe interactive modi�cation of thespeedof thesimulation(including

positiveandnegativespeeds),thespatialscalesandthe“intensity” of thesimulation.

Theoverall systemis composedof several “modules.” The �rst module(“Learn-

ing”) takesasinput theoriginalvideoclip andproducesa representationof adynamic

texturein theform of aparametricdynamicalmodelasdescribedin Chapter2.
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Finite Input Video Clip Learning Editing Synthesis Infinite Output Video Clip
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Figure4.1: Systemdiagram. A �nite length input video clip is fed to the Learning
modulewhichperformsaclosed-formsuboptimalestimationof themodelparameters.
Thesearerepresentedasa point on themodelspacemanifold. Themodelparameters
arethenfed to the Editing modulewhich allows manipulatinggroupsof parameters
while enforcingcausality, stability, minimum-phaseandotherconstraintsthatarenec-
essaryto yield a realisticperceptualoutcome.Theparametersarethenfed on-lineto
theSynthesismodulethatinteractively synthesizeslivevideo.

Thenovel contentof this chapteris in thesecondmodule,“Editing.” This module

allows theeditorto (1) simulateanovel sequencethathasthesametemporalstatistics

asthe input videoclip, andto (2) interactively modify thetemporalcharacteristicsof

thesimulationin orderto achieve thedesiredperceptualeffect.

To thebestof ourknowledge,thiswork representsthe�rst attemptto interactively

modify thetemporalstatisticsof avideo-basedmodelof adynamictexture.

4.2 Editing Dynamic Textures

Thelearningmoduledescribedin Section2.3producesmatricesÂ; Ĉ; Q̂ thatthesyn-

thesismoduleusesto generatethesyntheticsequencef Î (t)g. In principle,any mod-

i�cation of the systemparameters,for instance ~A; ~C; ~Q, resultsin a novel synthetic

sequencef ~I (t)g whosespatio-temporalstatisticsis alteredwith respectto theoriginal

sequence.Unfortunately, casualmanipulationof themodelparametersrarely results

in sequencesf ~I (t)g that have any resemblancewith realisticphenomena.First, the

parametersin themodel(2.5) cannotbechosenarbitrarily. In fact, ~A mustbestable

(eigenvalueswithin thecomplex unit circle), ~C musthave orthogonalcolumns(in or-
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der to obtaina canonicalrealization), ~Q mustbesymmetricandpositive-de�nite. In

this sectionwe describehow to manipulatethe modelparametersso that the result-

ing simulationis admissible(i.e. stable),andhow to “map” modelparametersonto

phenomenologicalchangesin thesynthesizedsequence.

NoticethatthematrixR is associatedwith themeasurementnoiseandis therefore

meaninglessin thesynthesisprocess(unlesssomeonewantsto purposefullygenerate

noisyimages).Therefore,in thefollowing subsectionswediscardR anddescribehow

to changeor invert the speedof a movie by manipulatingA, or how to changethe

“intensity” of apatternby actingonQ, or how to createvisualeffectsby changingthe

spatialfrequenciesencodedin C.

4.2.1 Visual Componentsand Spatial Scales

The learningproceduredescribedin Section2.3 producesa matrix Ĉ that hasasits

columnsthe �rst n principal componentsof the dataset(the singularvectorsof the

covariance).Thesecomponentsareby constructionanorthonormalbasisthatspansa

subspacein Rm� n . Therefore,an in�nitely long synthesizeddynamictexturecanbe

viewedasa partialspanof thesubspacegeneratedby thecolumnsof Ĉ. In practice,

thestatex(t) assumesvaluesin aboundedsubsetof Rn centeredin 0.

Theprincipalcomponentsarealsosortedfrom the�rst to thelastcolumnof C in

suchawaythatthespatialfrequency they representincreases.Therefore,the�rst com-

ponents(�rst columnsof C) representthecoarsespatialscalesof the texturepattern

andthelastcomponents(lastcolumnsof C) representthe�nest scales.

Theseconsiderationsleadto the�rst typeof manipulation,thatis thespatialscale

of thesimulation.Onecandeformtheactualsubspacespannedby theprincipalcom-

ponentsby re-weightingeachcomponent. This is simply doneby substitutingthe

matrix Ĉ with the matrix ~C := ĈW, whereW 2 Rn� n is a diagonalmatrix with
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thenon-negative realnumbersw1; : : : ; wn asits diagonalentries.The lastpartof the

synthesisalgorithmis thereforesubstitutedby

Î (t) = ĈWx̂(t): (4.1)

4.2.2 Altering Speed

In this sectionwe addressthe problemof “speedingup” or “slowing down” a syn-

theticprocess.Notethatdoublingthespeedof amovie doesnotmerelymeanrunning

the dynamicalsystemat a doubleframe rate but, rather, to let the systemproduce

half asmany framesandgive the visual perceptionthat the speedhasbeendoubled.

This, however, hasto bedonewhile preservingthedynamicconstraintsof themodel

(2.5),andcannotbeachievedby merelyskippingframesor subsamplingtheoriginal

sequence.

Let us considerthe decompositionÂ = V� V � 1, where� is the diagonalma-

trix of eigenvaluesandV is a matrix whosecolumnsarethecorrespondingeigenvec-

tors. If we write theeigenvaluesin polarcoordinatesasfj � i j exp(j  i )gi =1 :::n , where

j is the imaginaryunit, the normalizedfrequenciesof the systemarerepresentedby

f  i gi = k1 :::kh , if h is the numberof complex conjugatepolesof the system. In order

to changethespeedof themovie onehasto replaceeachfrequency  i with 
  i , i.e.

multiply thefrequenciesby theconstantfactor
 :

~ i
:= 
  i : (4.2)

Sincewe dealwith discrete-timelineardynamicalmodels,thereis a limit for thenor-

malizedfrequencies,that cannotexceed� . In principle, this imposesa limit on the

maximumachievablespeed.In fact,thecomplex conjugatepolesat higherfrequency,
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say K , imposetheconstraint
 � � = K . In practice,it is possibleto achieve higher

speedsby justeliminatingthepolesathigherfrequency (i.e. setthemequalto 0) once

they reachthe limit. Of course,thehigherthespeed,thehigherthenumberof poles

annihilated,thehigheris thepossibilityof having a degradedquality of the resulting

movie.

So far we have not mentionedtherole of thevaluesfj � i jgi =1 :::n , i.e. thedistance

of thepolesfrom 0. Theseparametersaffect thedurationof themodesof thesystem

oncethey havebeenexcited.Thelower they are,theshorterthedurationof themodes

andvice-versa.As mentionedabove,all poleshave to beinsidetheunit circle for the

simulationto be stable. Intuitively, this meansthat modeswith lower durationhave

to beheavily excited to bepresentif comparedto modeswith higherduration(poles

closerto theunit circle). In practice,wehavefoundthatthedynamictextureswedealt

with did have the complex conjugatepolesvery closeto the unit circle, andvarying

their distancedid not produceany worthwhile visual effect that is not achievableby

playingwith thevisualcomponents.

4.2.3 ReversingTime

In order to reversethe time axis, so as to invert the visual �o w of a given dynamic

texture,onemaybetemptedto simulatethemodel(2.5)“backwards”by startingfrom

a givenx(t) andobtainingx(t � 1) from x(t) = Ax(t � 1) via x(t � 1) := A � 1x(t).

Unfortunately, this doesnot work sincethe resultingmodel hasunstabledynamics

(eigenvaluesoutsidethecomplex unit circle). In practice,thesimulationgoesto over-

�o w aftera few iterations.

In order to gain someintuition on how to reversethe movie, considera system

with only a pair of complex conjugatepoles� 1;2 = j� j exp(� j  ), andeigenvectorsof

thematrix Â givenby v1 = v2
� , where� denotesthecomplex conjugate.It is straight-
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forward to show that the free evolution of the system(i.e. for ~Q = 0) is equalto

x(t) = V� tV � 1x(0) = j� j t (ej  tv1~v1 + e� j  tv�
1~v�

1), where~v1 is the �rst row of V � 1.

Sincewe arenot interestedin alteringthemagnitudeof themodes,we consideronly

theharmonicpartof thestate,i.e. �x(t) := ej  tv1~v1 + e� j  tv�
1~v�

1 andobserve that,if we

changeV with V � , weobtainthequantity�x0(t) := ej  tv�
1~v�

1 + e� j  tv1~v1 = �x(� t).

The above discussioncan be extendedto an arbitrarynumberof poles,and the

readershouldeasily convince herself that, in order to reversethe time axis while

maintainingthe sametemporaldynamics(speed),all we needto do is to substitute

Â = V� V � 1 with

~A := V � � V � � 1: (4.3)

4.2.4 Intensity

In the absenceof driving noise1 v(t), the output of the model (2.5) convergesto a

constanty(t) ! �y thatcantake oneof threeequallyuninterestingvalues:zeroif A is

stable,in�nity if it is unstable2, andaconstantthatdependsontheinitial conditionif A

is critically stable(someof theeigenvaluesareon thecomplex unit circle). Therefore,

for thesyntheticsequenceto have any practicalinterest,we mustconsidertherole of

f v(t)g, which is awhite,zero-meanGaussianIID processwith covarianceQ.

The covarianceQ controlsthe intensity of the noisethat drives the simulation.

WhenQ is non-zero,theinputv(t) excitesthemodesof thestatex(t) andcausesit to

evolveasadiscrete-timeBrownianmotion.The“size” of theeigenvaluesof Q, i.e. the

intensityof thedriving noise,determineshow far away from the initial conditionthe

Brownianmotiontravels. In particular, sincetheestimatedQ̂ is symmetricandpositive

1Recallthatin thesynthesisphasewealreadyhave w(t) = 0.
2This is trueonly if themodelis minimal, i.e. observableandcontrollable.Thede�nition of these

conceptsis beyond the scopeof this thesis.Suf�ces hereto saythat the modelslearnedfrom dataas
explainedin Section2.3areminimalby construction.
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de�nite, thereexists an orthonormalmatrix3 U anda diagonalmatrix with positive

values� U suchthat Q̂ = U� UUT . Theeigenvaluesof Q canbealteredby changing

theelementsof � U , which changesthe intensityof the individual componentsof the

driving noise.

In Section4.3 we show someexperimentswherewe simply re-scaleall the ele-

mentsof � by apositiveconstant� , thusincreasing(� > 1) or decreasing(� < 1) the

intensityof eachcomponentof the driving noiseby the samefactor. In practice,we

run thesimulationaftersubstituting~Q to Q̂, wheresimply

~Q := � Q̂: (4.4)

Finally, themodi�ed syntheticsequencecanjust begeneratedby calling thefunction

synth (seeFigure2.1),with parameters~A; ~C; ~Q insteadof Â; Ĉ; Q̂.

4.3 Experiments

This sectiondescribesa set of representative experimentsthat illustrate the editing

procedurewehaveproposed.Theresultsarebestseenin themovie youcandownload

at http://www.cs.ucla.edu/� doretto/projects/dynamic-textures.html,sincepaperis not

a suitablemediumto displaydynamicimages.This sectioncanbeusedasa guideto

walk throughthemovie. Noticethatthemovie hasbeencompressedusingMPEG,and

thereforeon certaindisplaysit mayappearspatially“blocky.” This hasnothingto do

with thealgorithmpresentedin this thesis,andis merelya consequenceof theMPEG

encoding.Blockinessis not presentin theuncompressedversionof themovie, anda

high-qualitydisplayis recommended.

The�rst partof themovie (“Dynamic TextureSynthesis”)illustratessomeresults

3UUT = UT U = I .
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Figure 4.2: Smoke. Top: a frame of the simulation(left) with the original set of
parameters(right). Secondfrom top: “turbulentsmoke” (left), “hazy smoke” (right).
Bottom: “patchy smoke” (right). Thecorrespondingchoiceof parametersis shown on
theright. Thesmokecanbespedup,sloweddown andreversed.

of Chapter2, wherea shortinput clip is usedto learna modelÂ; Q̂; Ĉ, which is then

usedto synthesizea longerversionof theoriginalsequenceby justsamplingarandom

Gaussianvectorv̂(t) ateachinstantof time.

Thesecondpartof themovie (“Editing DynamicTextures”)describesthecontent

of this chapter, wherethe parameters
 , V , � , andw1; : : : ; wn areusedto generate
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Figure4.3: Oceanwaves[COLOR].Top: “neutral” view, correspondingto theoriginal
parameters(left), “roughsea”(right). Bottom: “lakeeffect” (left), “rain” (right).

Figure4.4: Fountain[COLOR]. Differentchoicesof intensityandscaleparameters
producechangesthat appearto correspondto differentnozzles,from a “spray-like”
fountain(topright), to a“frothy” fountain(bottomleft), to a“spurty” fountain(bottom
right).

modi�ed (andyet admissible)parameters~A; ~Q; ~C to modify the simulation. In our

experimentswe have usedsomeB/W movies(takenfrom theMIT TemporalTexture
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Figure4.5: Fire[COLOR].Differentchoicesof parametersproducechangesin theap-
parentnatureof the�ame (differentcombustioncharacteristics).Non-realisticeffects
canalsobeachievedby alteringthedynamicsof eachcolorcomponentindependently.

database4), andsomecolor movies of 320� 220pixels. In all the experiments,the

statedimensionn hasbeensetto 50.

Figures4.2–4.5show on the left a depictionof the scene,and on the right the

correspondingvaluesof theparameters
 (speed),thatrangesfrom 0 to 3 or from � 3

and0 dependingon thevalueof V, � (intensity)from 0 to 3. Theweightsw1; : : : ; wn

4ftp://whitechapel.media.mit.edu/pub/szummer/temporal-texture
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(visualcomponentsat differentscales)have beendividedin threegroupsw1 = � � � =

w5 (coarsescale),w6 = � � � = w15 (mediumscale),w16 = � � � = w50 (�ne scale);their

valuesrangesfrom 0 to 2.

Figure4.2 (“Smoke”) shows, from top to bottomandfrom left to right, a frame

from the syntheticmovie obtainedwith neutralvaluesfor the parameters(i.e. ~A =

Â; ~C = Ĉ etc.),a framewherethe intensityof thedriving input hasbeenincreased,

which resultsin anapparentlymore“turbulent” smoke,a framewherethecoarsefre-

quency componenthasbeenampli�ed, which resultsin a thinner “hazy” smoke, a

framewherethe intermediatefrequency hasbeenampli�ed, andonewherethe high

frequency hasbeenampli�ed, resultingin a grainy, “patchy” smoke. In addition,the

movie showschangesin speedwherethesmokeis spedup,thensloweddown to astop

andreversed.

Figure4.3 (“Ocean”) shows, from top to bottomandfrom left to right, a frame

from the“neutral” syntheticmovie, aframewheretheintensityandthecoarseand�ne

scaleshave beenampli�ed, which resultsin a “rougher” seamovementwith larger

waves. Thebottomleft imageshows whatwe call the“lake effect,” wherethewaves

appearmoregentleandsmooth. Finally, increasingthe intensityandthe �ne scale,

while decreasingthecoarseandmiddlescaleresultsin a “rain effect” (bottomright),

like rainpouringonapond.

Figure4.4(“Fountain”)showshow playingwith theintensityandscaleparameters

resultsin interestingeffectsthatappearto betheresultsof changingthenozzleof the

fountain,from a “spurty” fountain,to a “spray-like” fountain. Also, the fountaincan

besloweddown andbroughtto acompletestop.

Finally, Figure4.5 (“Fire”) shows the effectsof alteringa dynamictexture of a

�ame, includingchangingthespatialscales,speed,directionetc.
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CHAPTER 5

Conclusions

5.1 Summary

In this thesiswe introduceda novel representationof dynamictexturesandassociated

algorithmsto performlearningandsynthesisof sequencesfrom trainingdata.Wealso

posedthe problemof dynamictexture recognitionandproposeda solutionbasedon

thecomparisonof differentsequencesin thespaceof models.Finally, we presenteda

methodto edit thetemporalstatisticsof asequenceof second-orderstationaryimages.

Givenaninput videosequencewe learnin closed-formtheparametersof a linear

Gaussianmodel and we usethem to give a compactrepresentationof the data,or

extrapolatenew syntecticsequenceswith thesamestatisticalpropertiesof thetraining

one. It is alsopossibleto tell to which category a certaindynamictexturebelongsto,

by comparingits modelparameterswith a databaseof dynamictexture parameters.

Finally, we know how to edit the spatialfrequency contentof a simulatedsequence,

modify or reversethespeedof thesimulation,andchangetheintensityof thedriving

noise.

The major contribution of this work is the part on modeling. Having a model

thatrepresentsdatais goodin generalbecauseprovidesits compactrepresentationand

manipulation(via modelparameters).WeuseanARMA modelwhichis onemodeling

techniqueoutof others.Importantadvantagesin usingthismodelareitssimplicity, and

the fact that its propertieshave beenwell studiedandunderstood.Actually, we have
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beensurprisedto discover thateventhesimplestchoiceof a �rst-order ARMA model

drivenby whitezero-meanGaussiannoisecancapturecomplex visualphenomena,but

becauseof thischoiceof modelingtechnique,wedevelopedalgorithmsthataresimple

to implement,numericallyrobust,computationallyef�cient (for learning),andfastto

simulate(for editingandsynthesis).

Besidesthemodelingpartof thethesis,suitablefor classi�cationandrecognition

tasks,thealgorithmspresentedhereareusefulfor applicationsin the�eld of computer

graphics.Althoughwe showed thata wide varietyof differentdynamictexturescan

be obtained,this remainsan image-basedmodel,andthereforethe editing power is

far from that of physics-basedmodels. Nevertheless,image-basedmodelsarecon-

ceptuallyandcomputationallysimple,andwe believe thatbeingableto edit themis

important. The hopeis that, when coupledwith spatialediting techniquessuchas

warping,segmentationandmapping,they will addto therepertoireof toolsavailable

to gamedesignersandspecialeffecteditors.

5.2 Futur eWork

The methodsdescribedin this thesisare just the �rst steptoward modelingvisual

dynamicphenomenafor purposesthatrangefrom videocompression,denoising,clas-

si�cation, andrecognition,to image-basedrendering,synthesis,andeditingof image

sequences.This work presentsresultsfor thesimplestform of dynamictextures,that

is linear ones.Thereareanumberof directionsin whichtheseresultscanbeextended.

Theassumptionof linearity lies at theheartof theARMA models.It reducesthe

complexity of theproblemaswell as,unfortunately, whatthemodelcanrepresent.Re-

moving this assumptionby usingnon-linearmodelswould certainlybe bene�cial in

orderto representa widerclassof dynamictextures.Non-lineardynamictexturescan
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bemodeledwith thestatethatevolvesaccordingto x(t + 1) = f (x(t); v(t)) andthe

outputis obtainedby anon-linearmapy(t) = h(x(t); w(t)) . Moreover, non-Gaussian

driving distributionscanbe explored. Anotherdirectiononecould investigateis the

useof thesemodelsonadifferentrepresentationof thevisualdata,suchastheoptical

�ow , or a suitabledatadecompositionusingmulti-resolutiontransformsor stochastic

processes.Furthermore,oneneedsnotberestrictedto dynamictexturesin two dimen-

sions:theoutputy(t) canbea (vectorizedversionof a) tensorof any rank.Therefore,

onecanconsiderthree-dimensionaldynamictextures, for instancehair or cloth. In

addition,thespatialcomponentof thedynamictextureneedsnot live in a linearspace.

Onecanconsiderdirectsynthesisover manifolds, for instancesurfacesrepresentedin

triangulatedor implicit form. It shouldalsobepossibleto extendthesetechniquesto

dynamictexture mixing in which the outputstatisticsis a mixture of moredynamic

texturestatistics.

In a completesystemfor automaticgenerationof specialeffectsit would bedesir-

abletheintegrationof soundandpicture. Many ideasof thismodelingframework are

applicableto soundtexturesynthesisandthe�nal goalwouldbeto automaticallysyn-

chronizethesynthesisof videoandsound.Concerningcolor, in Section4.3 we have

shown resultswhereall thechannelswerealteredin thesameway. For greaterrealism,

oneshouldtransformthe color imagesto an appropriatecolor space,for exampleto

decorrelatethe color channels,or to usea moreperceptualcolor space,whereasfor

greatercreative power onemay considerediting the dynamicsof eachcolor channel

independently.

The algorithmswe have describedrely on modifying the global dynamicsof the

image. This severely limits their applicability. Ultimately, oneshouldexplore inte-

gratingspatio-temporalsegmentationwith our techniques,in order to alter different

portionsor “layers” of the scenein different ways, and in order to overlay various
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visualphenomenaontoexistingscenes.
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