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ABSTRACT OF THE THESIS

Dynamic Texture Modeling

by

Gianfranco Doretto
Masterof Sciencan ComputerScience
University of California,Los Angeles, 2002

ProfessoiSteinoSoatto,Chair

Dynamictexturesare sequencesf imagesof moving sceneghat exhibit certainsta-
tionarity propertiesin time; theseinclude, for example, sea-vaves, smole, foliage,
whirlwind etc. This work presentsa novel characterizatiorof dynamictexturesthat
poseghe problemsof modeling,learning,recognizingclassifying,synthesizingand
editingdynamictexturesona rm analyticalfooting. By meansof systemidenti ca-
tion toolsit is possibleto capturethe “essence’of dynamictextures;this is doneby
learning(i.e. identifying) modelsthatareoptimalin the senseof maximum-likelihood
or minimum predictionerrorvariance.For the specialcaseof second-ordestationary
processesa modelcanbe identi ed sub-optimallyin closed-form. Oncelearned,a
modelhaspredictive power andcanbe usedfor extrapolating,andediting (i.e. mod-
ifying the temporaland spatialbehaior of) syntheticsequencesilt is presentedx-
perimentalevidencethat, within this framework, even low-dimensionalmodelscan
capturevery comple visual phenomenaFurthermorejt is shavn the possibility to
mapthemanipulationof modelparametergto sensiblechange®f visualappearance
in extrapolatedsequencesThe uniquenes®f the modelallows to posethe problem
of recognitionandclassi cationin the spaceof models.Sincethe spaces non-lineay
a distancebetweemtmodelsmustbe de ned. This work examinesthreedifferentdis-

tancesn the spaceof autorgressve modelsandassessheir power.
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CHAPTER 1

Intr oduction

Considerasequencef imagesof amoving scene Eachimageis anarrayof positve
numberghatdependuponthe shapeposeandmotionof the sceneaswell asuponits
materialpropertieqre ectance)andon thelight distribution of the ervironment.lt is
well known thatthejoint reconstructiorof photometryandgeometryis anintrinsically
ill-posedproblem: from ary ( nite) numberof imagesit is not possibleto uniquely
recover all unknavns (shape motion, re ectanceandlight distribution). Traditional
approacheso scenereconstructiorrely on xing someof the unknawvns either by
virtue of assumptioror by restrictingthe experimentalconditions,while estimating
the others. For instancejn sterecandstructurefrom motion oneassumeshat (most
of) the scenehasLambertianre ection properties,and exploits suchan assumption
to establishcorrespondencendestimateshape Similarly, in shaperom shadingone

assumesonstantalbedoandexploits changesn irradianceto recover shape.

However, suchassumptiongannever be validatedfrom visualdata,sinceit is al-
ways possibleto constructsceneswith differentphotometryand geometrythat give
riseto the sameimages.For example,a sequencef imagesof the seaat sunsetould
have beenoriginatedby a very complex anddynamicshape(the surfaceof the sea)
with constantre ection propertieghomogeneoumaterial,water),but alsoby a very
simpleshape(e.g. the planeof the television monitor) with a non-homogeneous-
diance(the televised spatio-temporasignal). Similarly, the appearancef a moving

Lambertiancubecanbe mimicked by a sphericamirror projectinga light distribution



to matchthe albedoof the cube. Theill-posednes®f the mostgeneralvisual recon-
structionproblemandthe remarkableconsisteng in the solutionasperformedby the
humanvisual systemrevealsthe importanceof priorsfor imagesZWM97]; they are
necessaryo x thearbitrarydegreesof freedomandrenderthe problemwell-posed
[Kir96]. In generalponecanusethe extra degreesof freedomto the bene t of the ap-
plicationathand:onecan x photometryandestimategeometry(e.g.in robotvision),
or x geometryandestimatephotometry(e.g.in image-basedendering)or reco/era
combinationof thetwo thatsatis essomeadditionaloptimality criterion,for instance

theminimumdescriptionengthof the sequencef videodata[Ris7§.

Given this arbitrarinessn the reconstructiorand interpretationof visual scenes,
it is clearthatthereis no notion of a true interpretation,and the criterion for cor-
rectnesss someavhatarbitrary In the caseof humanstheinterpretatiorthatleadsto
a correctEuclideanreconstructior(that canbe veri ed by othersensorymodalities,
suchastouch)hasobviousappeal but thereis no way in which the correctEuclidean

interpretatiorcanberetrievedfrom visualsignalsalone.

Therefore this thesiswill analyzesequencesf imagesof moving scenessolely
asvisual signals. “Interpreting” and “understanding’a signalamountso inferring a
stochastianodelthatgeneratest. The “goodness’of the modelcanbe measuredn
termsof the total likelihood of the measurementsr in termsof its predictingpower:
amodelshouldbeableto give accurategredictionsof future signals(akinto so-called
predictionerror methodsn systemidenti cation). Sucha modelwill involve a com-
binationof photometry geometryanddynamicsandwill be designedor maximum-
likelihood or minimal predictionerror variance. Notice that it will not be required
that the reconstructeghotometryor geometrybe correct (in the Euclideansense),
for thatis intrinsically impossiblewithout involving (visually) non-eri able prior as-

sumptions.All it is requiredis that the model mustbe capableof predictingfuture



measurementsin a sensewe look for an “explanation” of the imagedatathat al-
lows usto recreateandextrapolateit. It canthereforebethoughtof asthecompressed

versionor the“essence’df thesequencef images.

1.1 Contributions of This Work

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

textures.Ontheissueof representatior(Section2.1),it is presentec novel de nition

of dynamictexture thatis general,in the sensethat even the simplestinstancecan
capturethe statisticsof a sequencef imaged | (t)g thatarea second-ordestationary
proces$with anarbitrarycovariancesequenceandprecise becausét allows making
analytical statementsand draving from the rich literature on systemidenti cation.

On learning (Section?2.2), two criteria are proposed:total likelihood or prediction
error. Underthe hypothesisof second-ordestationarity a closed-formsub-optimal
solutionof thelearningproblemis given (Section2.3). On synthesisit is shavn that
eventhe simplestineardynamicalmodel( rst-order ARMA 2 modelwith white zero-
meanlID 3 Gaussiarinput) capturesa wide rangeof dynamictextures. The algorithm
is simple to implement,efcient to learnandfastto simulate;it allows generating
in nitely long sequencefom shortinput sequencesOn recaynition (Chapter3), the
problemof recognizingdynamictexturesin the spaceof modelsis posed.It is shavn

how texturesalike tendto clusterin model space thereforeassessinghe potential
to build a recognitionsystembasedon this frameavork. On editing (Chapterd), it is

consideredhe problemof manipulatingthe parametersn the simulationof a model

for thepurposeof image-basedenderingof imagesequencedt is shavn how to map

1A stochastiprocesss stationary(of orderk) if thejoint statisticupto orderk) aretime-invariant.
For instancea procesd | (t)g is second-ordestationaryif its meanl = E[I (t)] is constantandits
covarianceE[(I (t1) 1)(1(t2) 1)] onlydependsipont, t;.

2ARMA standdor auto-rgressve moving average.

311D standgfor independenandidenticallydistributed.



the manipulationof model parametersnto sensiblechangesof visual appearancen

extrapolatedsequences.

Althoughin theexperimentonly simplechoicesof inputdistributionsareconsid-
ered,moregeneralclassesanbe takeninto accountby usingparticle Itering tech-
niquesand more generalclasseof Iter banks. Only linear dynamicalsystemsare
usedbecausehey capturesecond-ordestationarity Several extensionscan be de-
vised,althoughno closed-formsolutionsareavailable. Someof theseresultsmay be

usefulfor videocompressioriSection2.4.2).

1.2 Prior RelatedWork

Statisticalinferencefor analyzingandunderstandingeneralimageshasbeenexten-
sively usedfor thelasttwo decadefMG98]. Thestatisticalcharacterizatioof textures
waspioneeredy JuleszZour decadedack[Jul6Z. Following that,therehasbeenex-
tensve work in theareaof 2D textureanalysisrecognitionandsynthesisMost of the
approachesisestatisticalmodels[HB95, ZWM97, PP93 PS99,BV98, PL96,CJ83,
HS81] while few othersrely on deterministicstructuralmodels[EL99, WL0O0]. An-
otherdistinctionis that somework directly on the pixel valueswhile othersproject
imageintensityontoa setof basisfunctions.Most commonmethodsuseGabor Iters
[BB94], andsteerablelters [FA91, SFA92, HB95]. Onecouldalsoinfer andchoose
thebest Iters aspartof thelearningproces§ZWM97].

Therehave beenmary physically basedalgorithmswhich targetspeci ¢ dynamic
textures|[ECP94,FR86,Pea86].Somesimulationshave beenperformedusingparticle
systemgRee83,Sim9(J. In theseapproachesa modelof the sceneis derived from

rst principles,thenapproximatedand nally simulated.Suchtechniquedave been

successfullyappliedfor synthesizingsequencesf naturalphenomenguchassmole,



re etc. (seefor instancg SF95,FF01]andreferencesherein),but alsowalking gaits
([HW98] andreferences)andmechanicasystemg[Bar92 andreferences)Themain
advantageof thesetechniguess the extentin which the synthesicanbe manipulated,
resultingin greateditingpower. While physicallybasednodelsarethemostprincipled
andelegant,they have thedisadwantageof beingcomputationallyexpensve andoften
“highly” customizedor particulartextures,thereforenot allowing automaticwvaysof

inferring nev modelsfor alarge classof dynamictextures.

An alternatve to physically basedechniquesreimage-basednes.In thisframe-
work, new texture movies are generatedusing imageswithout building a physical
model of the processthat generategshe scene. Among theseapproachespne can
distinguishtwo subclasseghe so-called‘procedural’techniqueghat forego the use
of a modelaltogetherand generatesyntheticimagesby clever concatenatioror rep-
etition of imagedata,andimage-basedechniqueghat “rely on a model; albeit not
a physicalone. As exampleof the rst subclassthe work of Schodl etal. [SSSO0Q,
addressethe problemby nding transitionpointsin the original sequencevherethe
video canbeloopedbackin a minimally invasve way. The processnvolvesmorph-
ing techniguego smoothout visual discontinuities.Anotherexampleis the work of
Levoy andWei [WLO0O], wherethey synthesizéemporaltexturesby generatingeach
new pixel, in the 3D spatio-temporaspaceof a video sequencehy searchingjn the
original sequencea pixel neighborhoodhatbestmatchests companionn thesynthe-
sizedoutput.Proceduratechniquesesultin arelatively quick solutionfor thepurpose
of synthesisWithin this framework, the simulationis generatedvithout explicitly in-
ferringamodel,whichresultsin lack of e xibility for otherpurposesuchasediting,

classi cation,recognition,or compression.

Therehasbeencomparattely little work in the speci ¢ areaof image-basetech-

niguesthatrely onamodel. The problemof modelingdynamictextureshasbeen rst



addressedby Nelsonand Polana|[NP92], wherethey classify regional actities of a

scenecharacterizethy comple, non-rigidmotion.

Bar-JosephBELO1] usesmulti-resolutionanalysis(MRA) tree merging for the
synthesisand meging of 2D texturesand extendsthe ideato dynamictextures For
2D texturesnew MRA treesareconstructedy meiging MRA treesobtainedfrom the
input; the algorithmis differentfrom De Bonet's algorithm[BV98] thatoperate®n a
singletexturesample.Theideais extendedo dynamictexturesby constructingViIRA
treesusinga 3D wavelettransform.Impressve resultswereobtainedfor the 2D case,
but only a nite lengthsequences synthesizedfter computingthe combinedMRA
tree. Theapproactof thisthesiscaptureghe essencef adynamictexturein theform
of a dynamicalmodel,andanin nite lengthsequence&anbe generatedn realtime
usingthe parametersomputedoff-line and,for the particularcaseof lineardynamic

textures,in closed-form.

Szummerand Picards work [SP96] on temporaltexture modelingusesa simi-
lar approachowardscapturingdynamictextures. They usethe spatio-temporahuto-
regressve model(STAR), whichimposesaneighborhoodausalityconstrainevenfor
the spatialdomain. This severely restrictsthe texturesthat canbe capturedanddoes
notallow to capturerotation,acceleratiorandothersimplenontranslationamotions.
It worksdirectly on the pixel intensitiesratherthana smallerdimensionatepresenta-
tion of theimage. In this thesisspatialcorrelationis incorporatedvithout imposing
causarestrictionsaswill beclearin thecomingsectionsandcancapturemorecom-
plex motions,including oneswherethe STAR modelis ineffective (see[SP94, from

which we borrov someof thedataprocesseth Section2.4).



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 arealizationfrom a stationarystochastigrocesswith spatiallyinvariantstatis-
tics [ZWM97]. Thisde nition capturegheintuitive notionof texture. For a sequence
of images(time-varying texture), individual imagesare clearly not independenteal-
izationsfrom a stationarydistribution, for thereis a temporalcoherencentrinsic in
the procesghat needsto be captured. The underlyingassumptiontherefore,is that
individualimagesarerealization®f the outputof adynamicalsystemdrivenby anin-
dependenandidenticallydistributed(lID) processWe now malke thisconcepfprecise

asanoperatve de nition of dynamictexture.

2.1.1 De nition of Dynamic Texture

Letfl(t)gi=1.: ,1(t) 2 R™, beasequencef images.Supposedhatateachinstant
of time t we canmeasurea noisy versionof theimage,y(t) = I (t) + w(t), where
w(t) 2 R™ isanindependenandidenticallydistributedsequencdravn from aknown

distributiont, py( ), resultingin a positive measuregequencg(t) 2 R™; t = 1:::

1This distribution canbeinferredfrom the physicsof theimagingdevice. For CCD sensorsfor in-
stanceagoodapproximationis a Poissordistribution with intensityrelatedto theaveragephotoncount.
Thereasorfor includingthetermw(t) in modelingdynamictexturesis becausét is necessaryor the
covariancesequencef y(t) to bearbitrary Moreover, standardesultsin stochasticealization[Lju87]



We saythatthe sequencél (t)g is a (linear) dynamictexture if thereexistsa setof n
spatial lters :R! R™, = 1:::n andastationarydistribution g( ) suchthat,
de ning x(t) 2 R" suchthatl (t) = (x(t)) (where () indicateshe combinationof
theoutputof then Iters f g respectrely appliedto eachof then statecomponents;
seeSectior2.1.2for details)we have x(t) = i K AX(t i)+ By(t), withv(t) 2 R™
anlID realizatiort from the densityq( ), for somechoiceof matrices,A; 2 R" ",
i =1;:::;k, B 2 R" ™ andinitial conditionx(0) = xo. Withoutlossof generality
we canassume = 1 sincewe canaugmenthe stateof theabove modelto be x(t) =
[X()T x(t 21)T:::x(t k)T]". Thereforealineardynamictextureis associatedio
anauto-rgressve moving averageprocesfARMA) with unknavn inputdistribution

8

2x(t+ 1) = Ax(t) + Bv(t)

N (2.1)
Syt = (x(1) + w(t)

"o g( ) unknawvn, w(t) ' pw( ) given, suchthatl (t) =

with x(0) = Xq, V(t)
(x(t)). Tothebestof ourknowledge thecharacterizatioonf adynamictextureasthe

outputof anARMA modelis novel.

We wantto malke it clearthatthis de nition explainswhatwe meanby dynamic
textures.It couldbearguedthatthis de nition doesnot capturethe intuitive notion of
adynamictexture,andthatis indeedpossible As shavedin Section2.4,however, we
have found that the model (2.1) captureseverythingthat our intuition calls dynamic
textures,and decentlycapturealsovisual dynamicalphenomenahat are beyond the
purposeof this modelingframework. Furthermorepnecaneasilygeneralizeéhede -

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

statethat,undersomeadditionalhypotheseg¢seeSection2.3),second-ordestationaryprocessesanbe
representedsthe outputof modelsof thetype (2.1), which includethe outputnoisetermw(t).

2In our experimentsve havem = 320 220for the color sequencesasndm = 170 110for the
graylevel sequencesyhile n rangesrom 10to 50, andn, rangesrom 10to n.



theconcepibf anon-lineardynamictexture.

2.1.2 Filters and Dimensionality Reduction

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

Theselters arealsoinferredaspartof thelearningprocesdor a givendynamictex-

ture.

Thereareseveralcriteriafor choosinga suitableclassof Iters, rangingfrom bio-
logical motivationsto computationakf ciency. In thesimplestcasewe cantake to
be theidentity, andthereforelook at the dynamicsof individual pixelsx(t) = I (t) in
(2.1). We view thechoiceof lters asadimensionalityreductionstep,andseekfor a

decompositiorof theimagein thesimple(linear)form

X :
[(t) = Xi(t) ; = Cx(t) ; (2.2)

i=1

principalcomponentsor awavelet Iter bank.

An alternatve non-linearchoiceof Iters canbeobtainedoy processingheimage
with a Iter bank,andrepresentingt asthe collection of positionsof the maximal
responsen passbandMal89]. In this thesiswe will restrictour attentionto linear

lters.

2.2 Learning Dynamic Textures

Givenasequencef noisyimages y(t)g:-1 - , learningthe dynamictextureamounts
to identifying the modelparameterg\; B ; C andthe distribution of theinputq( ) in

themodel(2.1). Thisis aform of systemdenti cation problem[LP79], whereonehas



to infer adynamicalmodelfrom atime series.However, in theliteratureof dynamical
systemsjt is commonlyassumedhat the distribution of the inputis known. In the
context of dynamictextures,we have the additionalcomplicationof having to infer
thedistribution of the input alongwith the dynamicalmodel. Thelearning,or system

identi cation, problemcanthenbe posedasfollows.

2.2.1 Maximum Lik elihood Learning

Themaximume-likelihoodformulationof the dynamictexture learningproblemcanbe

posedasfollows:

AB;C )= arg, max logp(y(1);:::5y( ) (2.3)

subject to (2:1) and v(t) P q:
Theinferencemethoddependsrucially uponwhattype of representatiomve choose
for g. Notethatthe above inferenceprobleminvolvesthe hiddenvariablesx(t) mul-
tiplying the unknavn parameteA andrealizationsy(t) multiplying the unknovn pa-
rameterB, andis thereforeintrinsically non-lineareven if the original statespace
modelis linear. In general,one could useiterative techniqueghat alternatebetween
estimating(sufcient statisticsof) the conditionaldensityof the stateand maximiz-
ing the likelihood with respectto the unknavn parametersin a fashionsimilar to
the expectation-maximizatioEM) algorithm [DLR77]. In orderfor suchiteratve
techniquedo corverge to a uniqueminimum, canonicalmodelrealizationsneedto
be consideredcorrespondingo particularforms for the matricesA andB. We dis-
cusssuchrealizationsn Section2.3,wherewe alsopresent closed-fornmsub-optimal

solutionfor awide classof dynamictextures.
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2.2.2 Prediction Err or

As analternatve to maximume-likelihood,onecanconsiderestimatingthe modelthat

resultsin the leastpredictionerror, for instancein the senseof meansquare. Let

upontheunknovn parameter#\; B ; C; g. Onecanthenposethe problemas

A é;é;qé tI'ilm argminEky(t+ 1) C (t + 1jt)k (2.4)

subject to (2:1):

Unfortunately explicit forms of the one-steppredictorsare available only underre-
strictedassumptiondor instancdinearmodelsdrivenby white Gaussiamoisewhich

we considelin Section2.3. For detailsthereaderis referredto [Lju87].

2.2.3 Representationof the Driving Distrib ution

Sofarwe have managedo deferaddressinghe factthatthe unknavn driving distri-
bution belongsjn principle,to anin nite-dimensionalspaceandthereforesomething

needdo besaidabouthow thisissueis dealtwith algorithmically

We considerthreewaysto approactthis problem. Oneis to transformthis into
a nite-dimensionalinferenceproblemby choosinga parametricclassof densities.
Thisis donein the next section,wherewe postulatethatthe unknavn driving density
belongsto a nite-dimensional parameterizatiomf a classof exponentialdensities,
andthereforethe inferenceproblemis reducedto a nite-dimensionaloptimization.
The exponentialclassis quite rich andit includes,in particular multi-modalaswell
asskewed densitiesalthoughwith experimentswe shav thateven a single Gaussian
modelallows achieving goodresults. Whenthe dynamictexture is representedby a

second-ordestationaryprocesswve shav thata closed-formsub-optimalsolutioncan

11



beobtained.

Thesecondalternatve is to representhedensityq via a nite numberof fair sam-
plesdravn from it; the model(2.1) canbe usedto representhe evolution of the con-
ditional density of the stategiven the measurementsgnd the densityis evolved by
updatingthesamplesothatthey remainafair realizationof the conditionaldensityas
time evolves. Algorithmsof this sortarecalled“particle Iters” [LCLOO], andin par
ticularthe CONDENSATION lIter [B198] is thebestknown instancan the Computer

Vision community

Thethird alternatveis to treat(2.3) asa semi-parametristatisticalproblem where
one of the “parameters’(q) livesin the in nite-dimensionalmanifold of probability
densitieghatsatisfycertainregularity conditions .endavedwith a Riemanniarmetric
(correspondingo the Fishers informationmatrix), andto designgradientdescentl-
gorithmswith respecto the naturalconnectionasit hasbeendonein the context of
independentomponentnalysis(ICA) by Amari and CardosgAC97). This avenue

is considerablymorelaboriousandwe arethereforenot consideringt in this study

2.3 A Closed-brm Solution for Learning Second-orderStationary

Processes

It is well known thata stationarysecond-ordeprocesswith arbitrarycovariancecan
be modeledasthe outputof a linear dynamicalsystemdriven by white, zero-mean
Gaussiamoise[Lju87]. In ourcasewewill thereforeassumehatthereexistapositive

integern, aprocesd x(t)g, x(t) 2 R", with initial conditionx, 2 R" andsymmetric

12



positive-de nite matricesQ 2 R" " andR 2 R™ ™ suchthat

8

Ix(t+ 1= AX(®)+v(t) V() N©;Q) x(0)= Xg 25
Ty = cx®+wt)  wt) N(R) |

for somematricesA 2 R" " andC 2 R™ ". The problemof systemidenti ca-

tion consistsin estimatingthe model parameterg\; C; Q; R from the measurements
v(t) N (O;l,,) wherel,, istheidentity matrix of dimensions, n,.

2.3.1 Uniquenessand Canonical Model Realizations

The rst obsenationconcerninghemodel(2.5)is thatthe choiceof matricesA; C; Q
is not unique,in the sensehattherearein nitely mary suchmatricesthatgive rise
to exactly the samesamplepathsy(t) startingfrom suitableinitial conditions.Thisis
immediatelyseenby substitutingA with TAT 1, C with CT ! andQ with TQTT,
andchoosingtheinitial conditionT xq, whereT 2 GL(n) is ary invertiblen n ma-
trix. In otherwords,the basisof the state-spaces arbitrary andary givenprocesdas
not a uniguemodel, but anequivalenceclassof modelsR = f[A] = TAT %[C] =

CT L[Q]=TQTT; jT 2 GL(n)g. In orderto be ableto identify a uniquemodel
of thetype (2.5) from a samplepathy(t), it is thereforenecessaryo choosea repre-
sentatve of eachequialenceclass:sucharepresentatk is calleda canonicalmodel
realization in thesensehatit doesnotdependnthechoiceof basisof thestatespace

(becauset hasbeen x ed).

While therearemary possiblechoicesof canonicamodelqseefor instancgKai80]),
we areinterestedn onethatis “tailored” to the data,in the senseexplainedbelow.

Sincewe areinterestedn datadimensionalityreduction,we will make the following

13



assumptionsboutthe model(2.5):
m >> n; rank(C) = n; (2.6)
andchoosehe canonicaimodelthatmakesthe columnsof C orthonormal:
C'C=l,; (2.7)

wherel , is the identity matrix of dimensionn  n. Therefore the matrix C hasto
be an elementdan the Stiefel manifold VV (m; n), the setof n orthonormalvectorsin
R™. As we will seeshortly, thisassumptionresultsin a uniqguemodelthatis tailored
to the datain the senseof de ning a basisof the statespacesuchthatits covariance
p = limys  E[x(t)xT (t)] is asymptoticallydiagonal(seeequation(2.12)).
Theproblemwe setoutto solve canthenbeformulatedasfollows: givenmeasure-
mentsof a samplepathof theprocessy(1);:::;y( ); >> n, estimatef; €; Q; R,
a canonicalmodel of the processfy(t)g. Ideally, we would want the maximum-

likelihoodsolution:

AC)C);QC);R( ) = arg max p(y(1):::y( )): (2.8)

Asymptoticallyoptimalsolutionof this problem,in themaximum-likelihoodsensego
exist in theliteratureof systemidenti cation theory[Lju87], andis givenby the sub-
spacedenti cation algorithm (the so-calledN4SID, for which a detaileddescription
of theimplementatiorcanbefoundin [OM94]). Themainreasorwhy in Section2.3.2
we proposea sub-optimakolutionof the problemis becausegiventhedimensionality
of our framework, the N4SID algorithmrequiresa memorystoragear beyondthe ca-
pabilitiesof thecurrentstateof theartworkstations Theresultderivedin Section2.3.2

is a closed-formsub-optimalsolutionin the senseof Frobeniughattakes30 seconds

14



torunin acommonPCwhenm = 170 110and = 14Q

Before presentinghe solutionof the learningproblem(2.8), we point out an un-
spolen hypothesighathasbeenmadesofar in thethesis,i.e. thefactthe framewvork
we proposeentailsthe Itering in spaceandtimeto beseparablewhich meanghatwe
perform ltering in spaceandtime in two separatestages.Thereasorfor this choice

is nothingelsethancomputationasimplicity of theresultingalgorithm.

2.3.2 Closed-brm Solution

Y, =CX;+W,; C2R™ ", C'C=1; (2.9)

by our assumptiong2.6) and(2.7). Now letY, = U VT; U2 R™ "; UTU = I;
V2R ", VTV = | bethesingularvaluedecompositio(SVD) [GV89] with =

the bestestimateof C in the senseof Frobenius:C( ); X ( ) = arg minc.x, KW, ke
subjectto (2.9). It followsimmediatelyfrom the x edrankapproximatiorpropertyof

the SVD [GV89] thatthe uniquesolutionis givenby

C()=uU| [X()= VT (2.10)

A canbedeterminediniquely again in the sensef Frobeniuspy solvingthe follow-
ing linear problem: A( ) = argmina kX, AX, *ke, whereX, * = [x(0);:::;
x( 1)]2 R" whichistrivially donein closed-formusingthe stateestimatedrom
(2.10):

A()= VDV(VTDyv) * ! (2.11)
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2 3 2 3

0O O I 0
whereD, = 4 5andD, = 4 ' 5. Noticethat &( ) is uniquely

l ;1 O 0 O
determinedup to a changeof signof thecomponent®f C andx. Also notethat

X
ER(DRT(1)] |!i1m1 Rt+ K)RT(t+ k)= V'V = 2; (2.12)
k=1

which is diagonalasmentionedn Section2.3.1. Finally, the sampleinput noiseco-

varianceQ canbeestimatedrom

X
a)=1" ey (2.13)

i=1

whered(t) = R(t + 1) A()R(t). Should® not be full rank, its dimensional-
ity can be further reducedby computingthe SVD Q = Ug ng where o =
diagf o(1);:::; o(ny)gwithn, n,andlettingB besuchthatBBT = Q.

In the algorithmabove we have assumedhatthe orderof the modeln wasgiven.
In practice this needgo beinferredfrom the data. Following [AK90], we propos&o
determineghe modelorderempirically from the singularvalues ; »;:::, by choos-
ing n asthe cutoff wherethe singularvaluesdrop below athreshold.A thresholdcan

alsobeimposedon thedifferencebetweeradjacensingularvalues.

Notice thatthe modelwe describen this thesiscanalsobe usedto performmax-
imum-likelihood denoisingof the original sequence.lt is immediateto seethat the
denoisedsequences givenby

) = ER(1) ; (2.14)

whereC is themaximum-likelihoodestimateof C and®(t) is obtainedrom R(t+ 1) =

AR(t) + BO(t).
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2.4 Experiments

We codedthe algorithmdescribedn Section2.3 usingMatlab: learninga graylevel
sequencef 140 frameswith m = 170 110takesabout30 secondson a desktop
PC (1GHz), while it takes about5 minutesfor 150 color framesandm = 320
220 Synthesiscanbe performedat framerate. The Matlab routinesimplementing
thelearningandsynthesislgorithmsarereportedn Figure2.1. Thedimensionof the
staten andinput n, is givenasaninput algument. In our implementationywe have

used betweerb0and150,n betweenlO0and50andn, betweenl0and30.

2.4.1 Synthesis

Figure 2.2 shavs thatan “in nite length” texture sequencean be synthesizedrom
atypically “short” input sequencdy justdrawving IID samples/(t) from a Gaussian
distribution. The framesbelongto the spiraling-water sequenceFroma 120
frame-longtrainingsequencea 300framessynthesizedequencéof dimensions5
65 pixels hasbeengeneratedisingn = 20 principal componentsThis sequencéas
beenshavn in [SP96]asan examplewherethe STAR modelfails in capturingnon-
translationaimotion. Our model,on the otherhand,hasno dif culty in capturingthe

spatio-temporastatisticsof theinput sequenceasshavn in Figure2.2.

Figures2.3 to 2.7 shav the behaior of the algorithm on a representate set of
experiments(the training sequencesf Figures2.3 to 2.6 have beenborraved from
the MIT TemporalTexture databasy. In eachcase,onthe rst row we shav a few
imagedrom theoriginal datasetpnthesecondow we shawv theircompressedgersion
(seeSection2.4.2),and on the third row we shav a few extrapolatedsamples.On

the last row we shav the overall compressiorerror as a function of the dimension

3Moviesavailableonline at http://www.cs.ucla.edu/ doretto/projects/dynamicsteures.html.
4ftp://whitechapel.media.mit.edu/pub/szummer/temporelite/

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 [l = 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);
1(:,0) = Chat*X(;,t)+Ymean;

end;

Figure2.1: Matlab codeimplementatiorof the closed-formsub-optimallearningal-
gorithmproposedn Section2.3 (functiondytex ), andthe synthesisstage(function
synth ). In orderto performstablesimulationsthe synthesidunction assumeshat
thepolesof thelinearsysten(i.e. the eigervaluesof Ahat ) arewithin the unit circle.
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Figure 2.2: Spiraling-vater The gure shavs how an “in nite length” texture se-
quenceis synthesizedrom a typically “short” input texture sequencey just drawv-
ing samplesfrom v(t). The datasetusedcomesfrom the MIT TemporalTexture
databaseTheparticularstructureof this sequencéspiraling-water synthesized
usingn = 20 principalcomponents, = 120 m = 85 65), is amongsthe onesthat
cannotbe capturedby the STAR model[SP96].

of the statespace(left) aswell asthe predictionerror asa function of the length of
the learningset (right). For very regular sequencesthe predictionerror decreases
monotonically;however, for highly complex scenege.g.talking-face , Smoke),
it is not monotonic. In thesesimulationsx, was setto (1), which explains why

the rst 100 framesof the 300 synthesizedramesresemblehe onesof the training
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sequencelNoticethatthe exampleof thetalking face(Figure2.7) hasbeenincludedto
shav theoutputof the proposedechniquevhentheunderlyinghypothesiof theinput
sequencéeingarealizationof asecond-ordestationaryprocesss violated. Of course
the modelfails to capturethe non-stationarynatureof the sequencegiving rise to a
synthesizedequence¢hatshavs someartifacts. Thisis, therefore an examplewhere
ourtechniqudails. Neverthelessit is surprisingto notethatsucha simplemodelcan

be pushedsofarin modelingcomple visualphenomena.

As explainedin Section2.3,we choosdhemodelordern andlearntheparameters
of themodel. A crucialquestionis how long shouldthe input sequencdein orderto
captureghetemporaldynamicsof the process?o answelthis questiorexperimentally
we plot the predictionerror at the bottomright of the Figures2.3to 2.7 asa function
of thelength, , of theinput (training) sequenceThis meanghatfor eachlength, ,
we predicttheframe + 1 (not partof the training set) and computethe prediction
errorperpixel in graylevels. We do somary timesin orderto infer the statisticsof the
predictionerror, i.e. meanandvarianceateach . Figure2.8 shavs anerrorbar plot
includingmeanandstandardieviation of the predictionerrorper pixel for the steam
sequence.The averageerror decreasesnd becomesstableafter approximately80
frames.Noticethattheplot of Figure2.8hasalsothemeaningof modelveri cation in
thesensedhatthis plot of the predictionerrorvalidatesa-posteriorithe modelinferred
with a maximum-likelihood sub-optimalsolution,andis informatwve for challenging

themodel.

Anotherimportantparameteto comparevarioustexture synthesisnodelsis the
time it takesto synthesizehem. It is well establishedhat modelsusing Gibbssam-
pling [ZWM97] andothersamplingmethodgo drav sampledrom complex distribu-
tionsarecomputationallyintensve. Moreover, thereis alwaysuncertaintyon whether

the sampleshave corverged. Deterministicmethodsto extend and extrapolatese-
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Figure2.3: River. Fromtop to bottom: samplef the original sequencegorrespond-
ing sampleof the compressedequencécompressiomatio: 2:53), samplef extrap-
olatedsequencégusingn = 50 components, = 120 m = 170 115, compression
errorasa function of the dimensionof the statespacen, andextrapolationerrorasa
function of the length of the training set . The datasetusedcomesfrom the MIT
TemporalTexture database

guencesave to go backandquerytheinput texturein oneway or anotherto obtain
informationthat generateshe next frame[EL99, WLOQ] °. In our model,learningis
performedn closed-form(30 seconddor 100graylesel samples)andsynthesiss in-
stantaneougframe-rate)gvenin our MatlabimplementationMoreover, we caneven

controlthe size of parameterso obtaina particularsynthesisspeedand changethe

SIn [WLO0O] for eachnew pixel a searchis conductedfor a similar neighborhoodpatternin the
originaltexture.
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Figure 2.4: Smole. From top to bottom: samplesof the original sequencecorre-
spondingsamplesf the compresseg@equencgcompressionatio: 2:53), samplesof
extrapolatedsequencéusingn = 30 components, = 150 m = 170 120), com-
pressionerror asa function of the dimensionof the statespacen, and extrapolation
errorasa functionof thelengthof thetrainingset . Thedatasetusedcomesrom the
MIT TemporalTexturedatabase

modelparameterge.g.theeigevaluesof A) to manipulatetheoriginal dynamicgsee
Chapterd). Noticethat,in certaincasescorrespondingo certainnaturalphenomena
(e.gthe sequenceof smoke-far ) it may be possible,andactually correct,for the
learningprocesgo returnamamginally stablesystem capturingthe“explosive” nature
of the input sequence.In fact, the systemcaptureshe exact natureof the ongoing
proces®f thetrainingsetandgeneralized in time duringa synthesisimulation.An-

alytically, the polesof the training sequencesanbe very closeto the unit circle, and
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Figure 2.5: Steam. From top to bottom: samplesof the original sequencegcorre-
spondingsamplef the compresseg@equencgcompressionatio: 2:53), samplesof
extrapolatedsequencéusingn = 30components, = 120 m = 176 96), compres-
sionerrorasa function of the dimensionof the statespacen, andextrapolationerror
asafunctionof thelengthof thetrainingset . Thedatasetusedcomesfrom the MIT
TemporalTexture database

for the caseof “unstable”dynamictextures,in orderto make stablesynthesisimula-
tions,we just relocatethe unstablesystempoleswithin the unit circle. To accomplish
this taskwe found that by simply reducingto 0.99the distanceof the unstablepoles
from the origin (while maintainingtheir phaseconstant)we obtainstablesynthesized

sequencethatvery well resembldahe original training set.

Finally, Figure2.9 andFigure 2.10 shav somemoreresultson synthesis.Here,
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Figure2.6: Toilet. Fromtop to bottom: sampleof the original sequencegorrespond-
ing sampleof the compressedequencécompressiomatio: 2:53), samplef extrap-
olatedsequencégusingn = 30 components, = 120 m = 170 115, compression
errorasa function of the dimensionof the statespacen, andextrapolationerrorasa
function of the length of the training set . The datasetusedcomesfrom the MIT
TemporalTexture database

thedimensionof the statehasbeensetto n = 50, andxy hasbeendravn from a zero-
meanGaussiardistribution with covarianceinferred from the estimatedstateX ( ).
For the experimentsin Figure 2.9, the training sequence$fiasbeenborraved again
from the MIT TemporalTexture databasethe lengthof thesesequencesangesrom

= 100to = 150frames,andthe synthesizedequenceare300frameslong. For
the experimentsin Figure 2.10, the training setsare color sequenceshat have been

capturedoy the authorsexceptfor thefire sequencehatcomesfrom the Artbeats
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Digital Film Library®. Thelengthof thesequences = 150framestheframesare
320 220pixels,andthe synthesizedequenceare300frameslong. The extension
of the learningalgorithmto the caseof color imagescanbe donein several ways.
The onewe usedfor our experimentampliesthatthe columnvectory(t), attimet, in
equation(2.5), containsthe threeunfoldedRGB channelorderedoneafterthe other
Representatioof colorin amoresuitablespacdHun96 mayleadto a moreef cient

useof our modelin termsof ability to captureinformationfrom thetrainingsequence.

2.4.2 Compression

In this sectionwe presenta preliminary comparisonbetweenstoragerequirements
for the estimatedparameterselative to the original spacerequiremenbf the texture
sequencedp getan estimateof the sequenceompressiorcapabilitiesof our model.
A thoroughassessmertf the compressiorcapabilitiesof this modelis a research
programin its own right. Ourintention,here,is to point out the potentialof the model

for compressionasafurthermotivationfor the model.

The storagerequiremenbf the original dataseis O(m ), while the components
of the modelthat are necessaryo re-createan approximationof the sequencere
A; C; Q andtheinput sequence(t). Therefore onewould needn? numbergfor A),
m n n(n 1)=2(for €, countingthe orthogonalityconstraints)n  n, numbers
for @ and, nally, n, numbersfor the input sequenceéX(t). Thus, the storage
requiremendf our modelis O(mn + n?+ nny + n, ), wheren << m, > n,and
n, is the effective rankof Q. If we considerthe factthattypical valuesfor acceptable
“lossy” couldben = 30andn, = 20, it isimmediateto corvince ourselhesthatthe
effectively compressiompower comesespeciallywhenlong sequenceareconsidered,

i.e. when >> n, sincethematrix C is responsibldor the higherstorageoccupanyg

Shttp://wwwartbeats.com
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while theothercomponentarenegligible (it is enoughto noticethatthesequencéas

to be15000frameslongto havten, = mn, whenm = 100 100.

Of courseamoresystemati@valuationof the potentialof this modelfor compres-
sionis due.We wouldlik e to point outthatour algorithmprovidescompressiotrased
on the tempoal characteristicsandthereforeit operateson top of MPEG encoding
andprovidesfurther compressionFor very long sequenceflarge ) , the algorithm
presentecébore canbe modi ed in orderto avoid computingthe SVD of averylarge
matrix. In particular themodelcanbeidenti ed from ashortersubsequencandthen
theidenti ed modelcanbe usedto computethe input (in innovation form [OM93])
usinga simplelinear Kalman Iter. For real-timetransmissioror broadcastingthe
innovation canbe estimatedn real-timeusinga Kalman lter andtransmittedn lieu
of the sequencef images aftertheinitial modelis identi ed andtransmittecto the
recever. Thiswould ensureeal-timecodinganddecoding- afteraninitial batch—for

applicationssuchasteleconferencingr remotevideobroadcasting.
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Figure2.7: Talking-face. Fromtop to bottom: sampleof the original sequencegor-
respondingscamplef the compressedequencécompressiomatio: 2:53), sampleof
extrapolatedsequencéusingn = 40 components, = 125 m = 105 170), com-
pressionerror asa function of the dimensionof the statespacen, and extrapolation
errorasa functionof thelengthof thetrainingset . This sequencéasbeenproposed
to shav a synthesizedequencéearnedrom atrainingsetthatviolatesthe hypothesis
of being a realizationof a second-ordestationaryprocess. The result shavs some
artifacts, meaningthat not all the information hasbeencapturedfrom the proposed
model.
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Figure 2.8: Model veri cation: to verify the quality of the modellearned,we have
useaa x ednumberof principalcomponents therepresentatio(20) andconsidered
sub-sequenceas theoriginal datasetof lengthvaryingfrom 10 to 120 We have used
suchsub-sequencéds learnthe parametersf the modelin the Maximum-Likelihood
sense,and then usedthe modelto predictthe next image. Using one criterion for
learning(ML) andanothermonefor validation(predictionerror)is informatie for chal-
lengingthe model. The averagepredictionerror per pixel is shavn as a function of
thelengthof thetrainingsequencéfor thesteam sequence)xpressedn graylevels
within arangeof 256 levels. Theaverageerrorperpixel decreaseandbecomestable
after about80 frames. Mean and standarddeviation for 100 trials are shavn asan
errorbarplot.
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Figure 2.9: Fountain, Plastic, River-far, Smole-far.  (a) fountain sequence
( = 100 m = 150 90), (b) plastic  sequencg = 119 m = 190 149,

(c) river-far sequencg = 120 m = 170 115, (d) smoke-far sequence
( = 150 m = 170 115. For eachof them the top row are samplesof the

original sequencéborraved from the MIT TemporalTexture database)the bottom
row shavs samplef the extrapolatedsequenceAll the dataareavailableon-line at

http.//wwwics.ucla.edu/ doretto/projects/dynamicteures.htmi.
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Figure 2.10: Fire, Colorfountain, Ocean, Water [COLOR|. (a) fire = sequence
( = 150 m = 360 243, (b) color-fountain sequence( = 150
m = 320 220), (c)ocean sequencé = 150 m = 320 220), (d)water sequence
( = 150 m = 320 220). Foreachof themthetop row aresamplef the original
sequencdhebottomrow shavs sampleof theextrapolatedsequenceAll thedataare
availableon-lineat http://www.cs.ucla.edu/ doretto/projects/dynamicteures. html.
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CHAPTER 3
Dynamic Texture Recognition

Recognitionof objectsbaseddn theirimagess oneof the centralproblemsn modern
ComputerVision. We considerobjectsas being describedby their geometric,pho-
tometricanddynamicproperties.While a vastliteratureexists on recognitionbased
on geometryandphotometrylesshasbeensaidaboutrecognizingscenedasedupon
their dynamics. In this chapterwe considerthe problemof recognizinga sequence
of imagesbasedupona joint photometric-dynamienodel. This allows usto recog-
nize not just steamfrom foliage, but fastturbulent steamfrom haze,or to detectthe

presencef strongwindsby looking attrees.

Recognitionof complex motion patterndgn imagesis anactie areaof researchn
ComputerVision. Extensve work hasbeenconductedor the caseof humanmotion
andin particularfacialexpressionsfor instancgBla99, IBOO, BOP97,WB99, PB9].
Somemethodsarebasednoptical o w. For eachframethe o w canbeapproximated
with a small-dimensionabectorin a suitablebasis,asin [HLOO], andtherecognition
is donewith hiddenMarkov models(HMMs), or, asin [Bla99], a spatio-temporal
representationf theoptical o w canbebuilt. Otherslook at differentspatio-temporal

featuredNiy94].

Here a differentapproachis taken: we do not chooselocal features,nor do we
computeoptical ow. Instead,given animagesequencepur framework allows us
to uniquelyidentify a statisticalmodel,andrecognitionis performedin the spaceof

models.In thisway we setoutto classifyandrecognizenotindividual realizationsput
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statisticamodelsthatgenerateéhem. This entailschoosingadistancebetweermodels.
This problemhasbeen rst addressedby Martin in [Mar00], wherea distancefor
single-inputsingle-outpu(SISO)linear Gaussiamprocesselasbeenintroduced.We
proposeandanalyzethreedistances.The rst usesprincipalanglesbetweenspeci c
subspaceslerived from AR! models. The secondis the extensionof the distance
proposeddy Martin. Both drav on recentresultsof De Cock andDe Moor [DDOQ].

Finally, we alsolook atthegeodesidistance.

3.1 FromImage Sequenceso Dynamical Models

The problemof going from datato modelscanbe formulatedasfollows: givenmea-
surement®sf asamplepathof theprocessy(1);:::;y( ); >> n, estimatef; €; 9,
a canonicalrealizationof the process y(t)g. As describedn the previous sections,
thechoiceof C 2 V(m; n) resultsin a canonicalrealization.ldeally, we would want
the maximume-likelihoodsolutionfrom the nite samplethatis theargumentof

max p(y(1);:::;y( )iA; C; Q) : (3.1)

AC.Q

Noticethatwe do notmodelthe covarianceof themeasuremenmntoisesincethatcarries
no informationon the underlyingprocess.In practice,aswe saidbefore,for reasons
of computationagf ciency, we settlefor the suboptimalolutiondescribedn Section
2.3. Fromthis point on, therefore we will assumehatwe have available— for each
samplesequence- amodelin theform f A; C; Qg. For the purposeof recognitionwe

considerprocessewith differentinput noisecovarianceasequwalent. Therefore the

problemof recognizingdynamictexturescanbe posedasthe problemof recognizing

pairsf A; Cg estimatedrom data.

1AR standdor auto-rgressie.
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3.1.1 Geometric Structur e of the Spaceof Models

Models,learnedfrom dataasdescribedn the previous section,do notlive in alinear
space. While the matrix A is only constrainedo be stable(eigervalueswithin the
unit circle), the matrix 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 R™, CTC = |,,, endavedwith the Euclideanmetricg.(X;Y) = tr(XTY)
whereX;Y 2 TV(m;n), the tangentplaneto the Stiefel manifold. It is shavn in
[EAS99]thatgeodesidrajectoriesn V (m; n) have thegeneraform
2 3

Rexp(Xt)lmn where Iy, =4 IC? S2RMN (3.2)

andR 2 O(m); X is askew-symmetricmatrix having blocks
2 3
F GT

x::4G . 5. (3.3)

Notethat X belongsto a linear spacethatis isomorphicto R™ "("*1 =2 andcould
thereforebe usedas a local coordinatizationof the Stiefel manifold V(m; n). We
will usethe structureof the geodesicin orderto de ne a distancein V(m;n) as
follows: considertwo pointsCy; C, 2 V(m;n) andthe geodesiacconnectingthem:
C(t) j C(0) = [Cy U]lexp(0)l my = Cp andC(t) = [Cy Ulexp(Xt)lnm = C, for
a particularvalueof X, t andfor ary U, an orthogonalcompletionof C;. Thenwe
de ne

d:V(m;n) V(@m;n) ! R; (Cy;Cy) 7! kX tke (3.4)

wherethe subscript- indicateshe Frobeniushorm.
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3.1.2 Probability Distrib utions on Stiefel Manif olds

In orderto provide a simplestatisticaldescriptionon the spaceof models,we assume
thatA andC areindependentsothattheir statisticaldescriptioncanbeaddressedep-
arately While specifyinga probability densityin the spaceof transitionmatricesA
is straightforvard (indeed,we will adopta Gaussiardensity),doingsofor the output
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. Consideithefollowing function
p:V(m;n) ! R

p(C) £ 2 expltr( "C) (35)

where 2 V(m;n), = T OandZ = RdP(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. playstherole of the modeof the density and playstherole of the dis-
persion It is easyto verify thatthe above densityhasa uniqguemaximumfor C =
Thefunctionalexpressiorof p canbeusedtio computdik elihoodratiosfor recognition

oncetheparameters, , have beeninferred.

In orderto estimatethe sufcient statisticsfrom samplesletCi,i = 1:::N bea
fair samplefrom the densityp(C). It follows from thelaw of large numberghat
SN z .
M = N G ! CdP(C)=m(; ) : (3.6)

i=1

Having a closed-formexpressionof the integral m(; ) , onecould usesamplesto
computerh and usethe equationabove to computestatistics. However, we do not
pursuethat avenuefurther here. Instead,we considerthe maximumlikelihood es-

timation of the sufcient statisticsby consideringthe joint densityof a fair sample
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W X

1
p(C) = Q-exp(  trace( 'Cy) (3.7)
i=1 : i=1
For example for thecase = | wecanlook for * thatsolvesthefollowing problem
X
max pP(Cy;:::;Cnj ) = maxtrace( GCi):
2V (m;n) )

P
LettingNi :\':1 Ci = U S VT beasingularvaluedecompositionthen

N=U VT:

Thisalsoclari es therelationshipbetweerthe samplemean andthesamplemedian
A thelatter consistof the orthogonafactorsof theformer, or in otherwordsit is the

orthogonalprojectionof rh ontoV (m; n).

3.2 RecognizingDynamical Models

As we have articulatedin the previous section,a dynamictexture is describedoy a
lineardynamicalsystemandrepresentedby the matricesA, andC. This spacehasa
non-trivial curvaturestructurethatmustbetakeninto accountwhendoingstatisticsor

comparisonbetweermodels.

In this sectionwe considertthreeapproacheto recognition.Oneinvolvescomput-
ing likelihoodratios,with an explicit form for the probability densityof the models.
The secondnvolvescomputinganglesbetweensubspacesf the measuremergpan.

Thethird only involvescomputingdistancedbetweemmodels.
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from a distribution with mean \, anddispersion . Givenanew point C, we want
to decideto which “group” it belongs. From a decision-theoretipoint of view, the
goalis to constructa densitycorrespondingo eachhypothesisp(CjU), p(CjV), and

to computethelikelihoodratio

_ p(CjV)
P(CIV)

(C) (3.8)

wherethe parameters y and  in p(CjU) are computedfrom the samplesU; as
abore,andsofor  and . A decisioncanthenbe madebasednwhethertheratio
is larger or smallerthanone. This settingcanbe generalizedo decisionsamonga

numberof hypothesesn astraightforvardfashion[Van92].

While includedin thediscussionlik elihoodratioswerenot partof our experimen-
tal scheme.In our experimentswe focusedmainly on subspacenglesanddistances

betweermodels.

LetA 2 R™ PandB 2 R™ P betwo matriceswith full columnrank. Theprincipal

angles 2 0;5 betweerrangef) andrange@) arede ned as

xTATBy o
COi k) = szgg(m, fork = 1;2;::; mln(p,q)
y2Ra 2 2

Subspaceanglesarethe largestof theseangles. A closedform solutionis presented
in [DD0O0]. We use subspacenglesbetweendynamictexture modelsto compute

distances.

For the sale of simplicity in ourimplementationsve assumedo be dealingwith
AR models. So, we discussand computeprincipal anglesand Martin distancede-

tweenAR modelsde ned by f A; Cg pairs. While this assumptiormay seemrestric-
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tive, theresultsarenonethelessncouragingseeSection3.3).

Now, let M1 = (A1;Cy) andM, = (Az; Cy) representwo AR modelswith cep-
strumcoefcients? ¢;(n) andc,(n) forn = 0, 1; 2. TheMartin distances de ned

for SISOsystemsas

A
dMiM2) = nja(n)  c(n)i (3.9)

As shawvn in [DDOQ] this distanceis relatedto the principal anglesbetweenspeci c
subspacesderived from the AR model,namelythe rangeof (extended)obsenability
ﬁpaces.The extendedobser\abiliql/Tmatrix for systemM; is denotedby O; (M;) =
cl ATC' ::: (ANH"C' ::: . Thedistancede ned by Martin can be ex-
pressediirectlyin termsof theprincipalanglesetweerthecolumnspace®f[O; (M1)]
and[O; (M5)]. If we denoteby ; thei'" principal anglebetweenthesespacesthe

distancede ned by Martin is givenby

LA |
dy (M1;M5)%2 = In . (3.10)
- cog ;

The proof canbe foundin [DDO00]. While this distanceis given for scalarAR pro-
cessespnecanmeasurahedistancebetweermultivariateAR modelsusingthe same

concept.

In our implementatiorwe approximatehe extendedobsenrability matrix directly
with the obsenrability matrix andcomputeprincipalangles, i, betweenobsenrability

spacesP, (M) andO,(M>,).

2The cepstrumof a discrete-timeprocessis the inverseFourier transformof the logarithm of the
power spectrunmof thediscrete-timegprocess.
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Flowers 2 Plant 1 Plant 3 Waterfalls

Figure3.1: Samplesrom the dynamictexture databaseWe have collecteda total of

morethan250sequences;onsistingof moving scene®f foliage, water ocearwaves,

smole etc. Eachsequencés 150frameslongand220 320pixels. In ourexperiments
eachsequencéasbeendividedinto two subsequences 75 framesfor atotal of more
than500 sequencesFrom thesesequences200 samplesvere selectecat randomto

build the datasetwe usedto run our experiments.

3.3 Experiments

We built a comprehense databas®f dynamictextures;sequencesapturingnatural
phenomenauchasoceanwaves,steamandplants.Includedin the databasaresim-
ilar sequencewith differentdynamics.For example,we have waterstreamgecorded
from differentangles thusmoving at differentorientationsandspeeds.The database
includes76 differentcategoriesof dynamictextures,eachof whichis representedith
4 sequencesf 150color framesof 220 320pixels. Figure3.1shavs afew samples

of theoriginal dataset.

In our experiments,we selectedat random50 dynamictexture catejories,each
of which representedby four subsequencesf 75 framesobtainedfrom the original
companionsequencesin orderto reducecomputationacomplexity, we rst trans-

formedcolor datato 256 gray levels,andthen ltered andsubsampledhe sequences
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| Geodesidist. | Subsp.Angles | Martin Dist.
PCA H 5.5% ‘ 24.5% 89.5%

ICA 2% 35% 71%

Table3.1: A summaryof therecognitionratepercentagediVe computethe probability
of correctrecognitionsasthepercentagef thenumberof correctnearesheighborhits.

to 110 160 pixels. Subsequentlywe chosea reducedpatchsize of 48 48 pix-
els by carefully cropping,from eachsequenceregionsto includekey statisticaland

dynamicalfeatureqe.g.the ame of acandlelight).

To performthelearningprocesave usedtheclosed-fornmsolutionproposedn Sec-
tion 2.3. In the model(2.5) we allow the matrix C to be a setof principalaswell as
independentomponents.Each 75 frame sequencavas representedisingn = 20
componentdor both ICA andPCA. TheICA representatiomasobtainedusingBell
and Sejnavski's infomax algorithm[BS95]. Oncethe systemparametersvereiden-
ti ed, we computeddistancedetweenmodelsusingthe geodesidistance subspace
angles,andMartin's distancegeneralizedo multi-input, multi-output(MIMO) mod-
els. We thencalculatedhe recognitionratesfor eachdistanceandmodelrepresenta-
tion (ICA/PCA), seeTable3.1. A correctdetectionfor a given dynamictexture was
de ned ashaving oneof the threeotherdynamictexturesin its catgyory asits closest

neighbor

Simulationresultssuggessigni cant separatioramongsimilar cateyoriesof dy-
namic textures using PCA as basisand Matrtin's distance,leadingto a recognition
rate of 89.5% (with ICA and Martin's distancewe reached71%). The resultswere
not encouragingvith the geodesiaistance.While subspacangleswere betterthan
the geodesidistancetherecognitionrate of 24.5%(35% for ICA) proved themstill

ineffective.
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Figure3.2: Figure(a)ontheleft is theresultof anexperimentatunonasmallsubsebf
the database(40 dynamictextures),usingMartin’s distanceand PCA basis. Moving
alongthe vertical axis, we mark the rst (0) andsecond(x) nearesmneighbors. For
example,the closestdynamictexture to Smokel, alongthe vertical axis, is Smoke2
alongthe horizontalaxis. Similarly, the secondclosestdynamictexture to Smokel
isWater Fall bl. Althoughthis subsamplediatasets small, the discrimination
power of Martin's distances alreadyvisible. Figure(b) on theright displaysanother
runonthesamesubsebf thedata.Herethedistancebetweermodelswasthegeodesic
distance.The poorrecognitionratefor the geodesidistances visible from the large
numberof nearesieighbors(o) falling outsideof the “samefamily” grid lines. It
shouldbe notedthat the recognitionratesreportedin Table 3.1 were obtainedusing
200dynamictextures.
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Figure 3.3: Resultsof the nearesheighborcomputationusing subspacengles. The
rst columnshavs asamplefrom oneof theoriginal subsequence3hedistancdrom
the modelof this subsequenct every othersubsequencis computedanda sample
of thesequencéclosest’to thetestis shavn in the seconacolumn. Thethird column

shavs the seconctlosestsequencandsoon.
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CHAPTER 4
Dynamic Texture Editing

One of our goalsis to designalgorithmsfor synthesizingand editing realistic se-
guence®f imagesof dynamicsceneshatexhibit someform of temporalstationarity
In Chapter2 we madethis concepfpreciseby giving thede nition of dynamictexture,
and we solved the synthesisproblem. Here we focus on the issueof manipulating
the parameter#n the simulationof a model,andwe shav how to mapthe manipula-
tion of modelparametersnto sensiblechangesf visual appearancen extrapolated

sequences.

Thegoalthusdescribeds traditionallyapproacheeitherby physics-base(PHB)
techniquesor by image-basedIMB) techniques.The main advantageof PHB tech-
niquess theextentin whichthesynthesicanbemanipulatedtesultingin greatediting
power (seee.qg. [PSE00]). While conceptuallyPHB modelsarethe mostprincipled
andelggant, they have the disadwantageof being computationallyexpensve, and of
nottakinginto accountthe ultimatebene ciary of the simulation:theviewer. In fact,
physical detailsin the model can be perceptuallyirrelevant, whereassomesimpli -
cationsof the physicalmodelcandrasticallyalterthe nal percevedprocesdo great
detrimentof realism. Indeed,sincethe complity of the physical world greatly ex-
ceedshe complity of the visual signal (which is the ultimate productof the simu-
lation), greatefforts in building a physically realistic modelmay go to wasteduring

visualizationandhumanperception.

IMB techniquesaddresghis issuesby generatingsyntheticsequencesf images
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without building a physical modelof the procesghat generatehe scene.In this per
spectve, the synthesisof dynamictexturescanbe viewed asan IMB techniquethat
rely onamodel(asopposedo the proceduratechniquesliscussedh Sectionl.2),al-
beitnotaphysicalone.In particular adynamictextureis notamodelof thescenebut
amodelof thevisualsignal i.e. theimagesequencéself. We call this sub-catgory

of IMB techniquewideo-basednodeling

A commonshortcomingpf all IMB techniquess theirlackof e xibility. While the
outcomeof proceduraklgorithmsor the simulationof video-basednodelsproduces
in generaleryrealisticresults the proceduras extremelyhardto modify in waysthat
producerealisticor even meaningfulresults. Most IMB techniquesnerelyallow the
editorto extendthe original sequencén spaceandtime. Eventhe seeminglytrivial
taskof speedingup or sloving down a re, or awalkinggait, is achallengewithin the

IMB framework, becaus@f thelack of physicalparametershatcanbe manipulated.

4.1 SystemOverview

Referringto Figure4.1, the overall systemdescribedn this chaptertakestwo types
of inputandproducesoneoutput. Theinputsare(a) a nite videoclip of a dynamic
texture and(b) a certainsetof valuesfor a presetnumberof editing parametersThe
outputof thesystems anin nite videoof adynamictexturesimilarto theoriginalone,
thatcanbe interactvely modi ed by actingon the editing parametergb). In Section
4.3 we describethe interactve modi cation of the speedof the simulation(including

positive andnegative speeds)the spatialscalesandthe “intensity” of the simulation.

The overall systemis composedf several“modules. The rst module(“Learn-
ing”) takesasinputtheoriginal videoclip andproducesarepresentationf adynamic

texturein theform of a parametricdynamicalmodelasdescribedn Chapter2.
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Figure4.1: Systemdiagram. A nite lengthinput video clip is fed to the Learning
modulewhich performsa closed-formsuboptimakstimatiorof themodelparameters.
Thesearerepresentedsa point on the modelspacaemnanifold. The modelparameters
arethenfed to the Editing module which allows manipulatinggroupsof parameters
while enforcingcausality stability, minimum-phas@ndotherconstraintghatarenec-
essarnyto yield a realisticperceptuabutcome.The parameterarethenfed on-line to
the Synthesisnodulethatinteractively synthesizes ve video.

Thenovel contentof this chaptelis in the secondmodule,“Editing.” This module
allowstheeditorto (1) simulatea novel sequencéhathasthe sametemporalstatistics
astheinputvideoclip, andto (2) interactvely modify the temporalcharacteristicef

thesimulationin orderto achieve the desiredperceptuakffect.

To thebestof our knowledge,thiswork representghe rst attemptto interactvely

modify thetemporalstatisticsof avideo-basednodelof a dynamictexture.

4.2 Editing Dynamic Textures

Thelearningmoduledescribedn Section2.3 producesnatricesA; €; O thatthe syn-
thesismoduleusesto generatehe syntheticsequencé ('(t)g. In principle, any mod-
i cation of the systemparametersfor instanceA; C; Q, resultsin a novel synthetic
sequencéIt)g whosespatio-temporastatisticas alteredwith respecto theoriginal
sequencelUnfortunately casualmanipulationof the modelparametersarely results
in sequences$It)g that have any resemblancavith realisticphenomenaFirst, the
parametersn the model(2.5) cannotbe choserarbitrarily. In fact, A mustbe stable

(eigervalueswithin the comple unit circle), C musthave orthogonalcolumns(in or-
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derto obtaina canonicalrealization),@ mustbe symmetricand positive-de nite. In
this sectionwe describehow to manipulatethe model parameterso that the result-
ing simulationis admissible(i.e. stable),andhow to “map” modelparameter®nto

phenomenologicathangesn the synthesizedequence.

Noticethatthematrix R is associatedavith the measurementoiseandis therefore
meaninglesi the synthesigrocesgunlesssomeonavantsto purposefullygenerate
noisyimages).Thereforejn thefollowing subsectionsve discardR anddescribehow
to changeor invert the speedof a maovie by manipulatingA, or how to changethe
“intensity” of apatternby actingon Q, or how to createvisualeffectsby changingthe

spatialfrequencieencodedn C.

4.2.1 Visual Componentsand Spatial Scales

The learningproceduredescribedn Section2.3 producesa matrix € thathasasits
columnsthe rst n principal componentf the dataset(the singularvectorsof the
covariance).Thesecomponentsreby constructioran orthonormabasisthatspansa
subspacén R™ ". Thereforeanin nitely long synthesizedlynamictexture canbe
viewed asa partial spanof the subspaceeneratedy the columnsof €. In practice,

thestatex(t) assumesaluesin aboundedsubsebf R" centeredn O.

The principalcomponentsrealsosortedfrom the rst to thelastcolumnof C in
suchawaythatthespatialfrequeng they represenincreasesThereforethe rst com-
ponenty rst columnsof C) representhe coarsespatialscalesof the texture pattern

andthelastcomponentglastcolumnsof C) representhe nest scales.

Theseconsiderationgeadto the rst typeof manipulationthatis the spatialscale
of thesimulation.Onecandeformthe actualsubspacspannedy the principalcom-
ponentsby re-weightingeachcomponent. This is simply done by substitutingthe

matrix € with the matrix C = CW, whereW 2 R" " is a diagonalmatrix with

45



synthesisalgorithmis thereforesubstitutedy

(t) = CWR(1): (4.1)

4.2.2 Altering Speed

In this sectionwe addresghe problemof “speedingup” or “slowing down” a syn-
theticprocessNotethatdoublingthe speedf a movie doesnot merelymeanrunning
the dynamicalsystemat a double frame rate but, rather to let the systemproduce
half asmary framesandgive the visual perceptionthat the speedhasbeendoubled.
This, however, hasto be donewhile preservinghe dynamicconstraintsof the model
(2.5),andcannotbe achiaved by merelyskippingframesor subsamplinghe original

sequence.

Let us considerthe decompositiord = V V ! where is the diagonalma-
trix of eigervaluesandV is a matrix whosecolumnsarethe correspondingigervec-
tors. If we write the eigervaluesin polar coordinatesasfj ijexp( i)di=1::n, Where
] Is theimaginaryunit, the normalizedfrequencief the systemarerepresentedhy
f 0=k, -k, » If h is the numberof complex conjugate polesof the system. In order
to changethe speedof the movie onehasto replaceeachfrequeny ; with  §, i.e.

multiply thefrequenciedy the constanfactor

= i (4.2)

Sincewe dealwith discrete-timdineardynamicalmodels thereis alimit for the nor-
malizedfrequenciesthat cannotexceed . In principle, this imposesa limit on the

maximumachievablespeedn fact,the complex conjugatepolesat higherfrequeng,
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say g, imposetheconstraint = k. In practice,it is possibleto achiese higher
speeddy justeliminatingthe polesat higherfrequeng (i.e. setthemequalto 0) once
they reachthe limit. Of course the higherthe speedthe higherthe numberof poles
annihilatedthe higheris the possibility of having a degradedquality of the resulting

movie.

Sofar we have not mentionedherole of thevaluesfj ijgi-1:-n, i.€. thedistance
of the polesfrom 0. Theseparametergaffect the durationof the modesof the system
oncethey have beenexcited. Thelower they are,theshorterthedurationof themodes
andvice-wversa.As mentionedaborve, all poleshave to beinsidetheunit circle for the
simulationto be stable. Intuitively, this meansthat modeswith lower durationhave
to be heavily excitedto be presenif comparedo modeswith higherduration(poles
closerto theunit circle). In practice we have foundthatthe dynamictextureswe dealt
with did have the complex conjucate polesvery closeto the unit circle, andvarying
their distancedid not produceary worthwhile visual effect thatis not achievable by

playingwith thevisualcomponents.

4.2.3 ReversingTime

In orderto reversethe time axis, so asto invert the visual o w of a given dynamic
texture,onemaybetemptedo simulatethemodel(2.5) “backwards”by startingfrom
agivenx(t) andobtainingx(t 1) fromx(t) = Ax(t 1)viax(t 1) = A Ix(t).
Unfortunately this doesnot work sincethe resultingmodel hasunstabledynamics
(eigervaluesoutsidethe complex unit circle). In practice the simulationgoesto over-

o w afterafew iterations.

In orderto gain someintuition on how to reversethe movie, considera system
with only a pair of complex conjugatepoles 1, = j jexp( j ), andeigervectorsof

thematrix A givenby v, = v, , where denoteghecomples conjugate. It is straight-
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forward to shawv that the free evolution of the system(i.e. for Q = 0) is equalto
x(t) =V 'V x(0) = j j'(€ 'viwy + € ) 'v 1%), wherew is the rst row of V 1.
Sincewe arenot interestedn alteringthe magnitudeof the modes,we consideronly
theharmonicpartof thestate.e. x(t) = @ 'viwy + e | 'v 1w andobserethat,if we
changeV with V , we obtainthe quantityx{(t) = & tv v+ e ) typw = x(t).
The above discussioncan be extendedto an arbitrary numberof poles,andthe
readershould easily corvince herselfthat, in orderto reversethe time axis while
maintainingthe sametemporaldynamics(speed),all we needto do is to substitute
A=V V twith
A=V Vv & (4.3)

4.2.4 Intensity

In the absenceof driving noise v(t), the outputof the model (2.5) corvergesto a
constany/(t) ! y thatcantake oneof threeequallyuninterestingralues:zeroif A is
stablejn nity if it is unstablé, andaconstanthatdepend®ntheinitial conditionif A
is critically stable(someof the eigervaluesareonthecomplec unit circle). Therefore,
for the syntheticsequencéo have ary practicalinterestwe mustconsiderthe role of

fv(t)g, whichis awhite, zero-mearGaussianlD processwith covarianceQ.

The covarianceQ controlsthe intensity of the noisethat drives the simulation.
WhenQ is non-zerotheinputv(t) excitesthe modesof the statex(t) andcausest to
evolve asadiscrete-timéBrownianmotion. The“size” of theeigervaluesof Q, i.e. the
intensityof the driving noise,determineshow far away from the initial conditionthe

Brownianmotiontravels. In particular sincetheestimated) is symmetricandpositive

1Recallthatin the synthesiphasewe alreadyhave w(t) = 0.

2This is true only if the modelis minimal, i.e. obsenableandcontrollable. The de nition of these
conceptss beyond the scopeof this thesis. Sufces hereto saythatthe modelslearnedfrom dataas
explainedin Section2.3areminimal by construction.
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de nite, thereexists an orthonormalmatrix* U and a diagonalmatrix with positive
values  suchthat® = U yUT. Theeigemaluesof Q canbealteredby changing
theelementof , which changeghe intensityof the individual component®f the
driving noise.

In Section4.3 we shav someexperimentswherewe simply re-scaleall the ele-
mentsof by apositve constant , thusincreasing > 1) ordecreasing < 1) the
intensity of eachcomponenbf the driving noiseby the samefactor In practice,we

run the simulationafter substituting® to Q, wheresimply

Q= & (4.4)

Finally, the modi ed syntheticsequenceanjust be generatedby calling the function

synth (seeFigure2.1),with parametersX: C; Q insteadof A; €; .

4.3 Experiments

This sectiondescribesa set of representate experimentsthat illustrate the editing
procedurave have proposedTheresultsarebestseenn themovie you candownload
at http://www.cs.ucla.edu/ doretto/projects/dynamicstaures.htmlsincepaperis not
a suitablemediumto displaydynamicimages.This sectioncanbe usedasa guideto
walk throughthemovie. Noticethatthemovie hasbeencompressedsingMPEG,and
thereforeon certaindisplaysit may appearspatially“blocky.” This hasnothingto do
with the algorithmpresentedn this thesis,andis merelya consequencef the MPEG
encoding.Blockinessis not presenin the uncompressedersionof the movie, anda

high-qualitydisplayis recommended.

The rst partof themovie (“Dynamic Texture Synthesis”)llustratessomeresults

SuuT =UTuU=1.
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Figure 4.2: Smolke. Top: a frame of the simulation (left) with the original set of
parametersright). Secondrom top: “turbulentsmole” (left), “hazy smole” (right).
Bottom: “patchy smole” (right). Thecorrespondinghoiceof parametergs shavn on
theright. The smoke canbe spedup, sloved down andreversed.

of Chapter2, wherea shortinput clip is usedto learnamodel A; Q; €, whichis then
usedto synthesizelongerversionof theoriginal sequencéy justsamplingarandom

Gaussiarvector¥(t) ateachinstantof time.

Thesecondpartof the movie (“Editing DynamicTextures”) describeghe content

of this chapter wherethe parameters , V, , andw,;:::;w, areusedto generate
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Figure4.3: Ocearwaves[COLOR)]. Top: “neutral” view, correspondingo theoriginal
parametergleft), “rough sea”(right). Bottom: “lake effect” (left), “rain” (right).

Figure4.4: Fountain[COLORY]. Differentchoicesof intensity and scaleparameters
producechangeghat appearto correspondo differentnozzles,from a “spray-like”
fountain(topright), to a “frothy” fountain(bottomleft), to a “spurty” fountain(bottom
right).

modi ed (andyet admissible)parametersy; Q; C to modify the simulation. In our

experimentsve have usedsomeB/W movies (takenfrom the MIT TemporalTexture
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Figure4.5: Fire[COLOR)]. Differentchoicesof parameterproducechangesn the ap-
parentnatureof the ame (differentcomhustioncharacteristics)Non-realisticeffects
canalsobeachia/edby alteringthedynamicsof eachcolor componenindependently

databas®, andsomecolor movies of 320 220 pixels. In all the experiments the

statedimensiomn hasbeensetto 50.

Figures4.2—-4.5shav on the left a depictionof the scene,and on the right the
correspondingaluesof the parameters (speed)thatrangefrom0to 3 orfrom 3

andO dependingnthevalueof V, (intensity)from Oto 3. Theweightswy;:::;wy

ftp://whitechapel.media.mit.edu/pub/szummer/temporelite
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(visualcomponentsat differentscaleshave beendividedin threegroupsw; = =
ws (coarsescale) wg = = wys (mediumscale) wie = = Wgo ( Ne scale);their

valuesrangefrom 0 to 2.

Figure4.2 (“Smoke”) shows, from top to bottomandfrom left to right, a frame
from the syntheticmovie obtainedwith neutralvaluesfor the parametergi.e. A =
A; ¢ = € etc.),aframewheretheintensityof the driving input hasbeenincreased,
which resultsin anapparentlymore“turbulent” smole, aframewherethe coarsefre-
gueny componenthasbeenampli ed, which resultsin a thinner“hazy” smole, a
framewherethe intermediatdrequeny hasbeenampli ed, andonewherethe high
frequeny hasbeenampli ed, resultingin a grairy, “patchy” smole. In addition,the
movie shavs changes$n speedvherethesmoleis spedup, thensloveddown to astop

andreversed.

Figure 4.3 (“*Ocean”) shaws, from top to bottom and from left to right, a frame
from the“neutral” syntheticmovie, aframewheretheintensityandthecoarseand ne
scaleshave beenampli ed, which resultsin a “rougher” seamovementwith larger
waves. The bottomleft imageshavs whatwe call the “lake effect; wherethe waves
appeamore gentleand smooth. Finally, increasingthe intensityandthe ne scale,
while decreasinghe coarseandmiddle scaleresultsin a “rain effect” (bottomright),

like rain pouringon a pond.

Figure4.4 (“Fountain”)shavs how playingwith theintensityandscaleparameters
resultsin interestingeffectsthatappearto be the resultsof changingthe nozzleof the
fountain,from a “spurty” fountain,to a “spray-like” fountain. Also, the fountaincan

be slowveddown andbroughtto a completestop.

Finally, Figure 4.5 (“Fire”) shaws the effects of alteringa dynamictexture of a

ame, includingchangingthe spatialscalesspeeddirectionetc.
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CHAPTER 5

Conclusions

5.1 Summary

In this thesiswe introduceda novel representationf dynamictexturesandassociated
algorithmsto performlearningandsynthesi®f sequencesom trainingdata.We also
posedthe problemof dynamictexture recognitionand proposeda solutionbasedon
the comparisorof differentsequences the spaceof models.Finally, we presentec

methodto editthetemporalstatisticsof a sequencef second-ordestationaryimages.

Givenaninputvideosequenceve learnin closed-formthe parametersf alinear
Gaussiarmodel and we usethemto give a compactrepresentatiorof the data, or
extrapolatenew syntecticsequencewith the samestatisticalpropertiesof thetraining
one. It is alsopossibleto tell to which cateyory a certaindynamictexture belongsto,
by comparingits model parametersvith a databasef dynamictexture parameters.
Finally, we know how to edit the spatialfrequenyg contentof a simulatedsequence,
modify or reversethe speedof the simulation,andchangethe intensityof the driving

noise.

The major contrikution of this work is the part on modeling. Having a model
thatrepresentslatais goodin generabecaus@rovidesits compactepresentatioand
manipulationvia modelparameters)We useanARMA modelwhichis onemodeling
techniqueoutof others.Importantadvantagesn usingthismodelareits simplicity, and

thefactthatits propertieshave beenwell studiedandunderstood Actually, we have
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beensurprisedo discover thateventhe simplestchoiceof a rst-order ARMA model
drivenby white zero-mearGaussiamoisecancapturecomple visualphenomenahut
becaus®f this choiceof modelingtechniquewe developedalgorithmsthataresimple
to implement,numericallyrobust, computationallyef cient (for learning),andfastto

simulate(for editingandsynthesis).

Besideghe modelingpartof the thesis,suitablefor classi cationandrecognition
tasksthealgorithmspresentedhereareusefulfor applicationsn the eld of computer
graphics.Although we shoved thata wide variety of differentdynamictexturescan
be obtained,this remainsan image-basednodel, andthereforethe editing power is
far from that of physics-basednodels. Neverthelessjmage-baseanodelsare con-
ceptuallyand computationallysimple,andwe believe that beingableto edit themis
important. The hopeis that, when coupledwith spatialediting techniquessuchas
warping,segmentatiorandmapping,they will addto therepertoireof tools available

to gamedesignerandspecialeffect editors.

5.2 FutureWork

The methodsdescribedin this thesisare just the rst steptoward modelingvisual
dynamicphenomené#or purposeshatrangefrom videocompressiongenoisinggclas-
si cation, andrecognition,to image-basedendering synthesisandediting of image
sequencesThis work presentsesultsfor the simplestform of dynamictextures,that

is linear ones.Thereareanumberof directionsin whichtheseresultscanbeextended.

The assumptiorof linearity lies at the heartof the ARMA models.It reduceshe
compleity of theproblemaswell as,unfortunatelywhatthemodelcanrepresentRe-
moving this assumptiorby usingnon-linearmodelswould certainlybe bene cial in

orderto represena wider classof dynamictextures.Non-lineardynamictexturescan
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be modeledwith the statethat evolvesaccordingto x(t + 1) = f (x(t);v(t)) andthe
outputis obtainedby anon-linearmapy(t) = h(x(t); w(t)). Moreover, non-Gaussian
driving distributions canbe explored. Anotherdirectionone could investigateis the
useof thesemodelson a differentrepresentatioof thevisualdata,suchastheoptical
ow, or a suitabledatadecompositiorusingmulti-resolutiontransformsor stochastic
processed-urthermorepneneedsotberestrictedo dynamictexturesin two dimen-
sions:the outputy(t) canbea (vectorizedversionof a) tensorof ary rank. Therefore,
one can considerthree-dimensionatlynamictextures for instancehair or cloth. In
addition,the spatialcomponenbdf thedynamictextureneedsotlivein alinearspace.
Onecanconsiderdirectsynthesi®over manifolds for instancesurfacesrepresenteth
triangulatedor implicit form. It shouldalsobe possibleto extendthesetechniquego
dynamictexture mixing in which the output statisticsis a mixture of more dynamic

texture statistics.

In acompletesystemfor automaticgeneratiorof specialeffectsit would be desir
abletheintegration of soundand picture. Many ideasof this modelingframework are
applicableto soundtexture synthesisandthe nal goalwould beto automaticallysyn-
chronizethe synthesisof videoandsound.Concerningcolor, in Section4.3 we have
shavnresultswhereall thechannelsverealteredin thesameway. For greaterealism,
oneshouldtransformthe color imagesto an appropriatecolor space for exampleto
decorrelatehe color channelsor to usea more perceptuaktolor space whereador
greatercreatve powver one may considerediting the dynamicsof eachcolor channel

independently

The algorithmswe have describedely on modifying the global dynamicsof the
image. This severely limits their applicability Ultimately, one shouldexplore inte-
grating spatio-temporasegmentationwith our techniquesijn orderto alter different

portionsor “layers” of the scenein differentways, andin orderto overlay various
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visualphenomenantoexisting scenes.

57



[AC97]

[AK90]

[Bar92]

[BB94]

[BELO1]

[BI198]
[Bla99]

[BOP97]

[BS95]

[BV9S]

[CJ83]

REFERENCES

S. Amari andJ. Cardoso."“Blind sourceseparation semiparametrista-
tistical approachi. IEEE Transactionson SignalProcessing45:692—-700,
nov 1997.

K.S. Arun andS.Y. Kung. “BalancedApproximationof StochasticSys-
tems. SIAMMatrix Analysisand Applications pp.42—-68,Januaryl990.

R. Barzel. Physically-Basedodelingfor ComputerGraphics: A Struc-
tured Approach. AcademicPress)nc.,1992.

J. BigunandJ. M. du Buf. “N-Foldedsymmetriedby complex moments
in gaborspaceandtheirapplicationto unsupervisetexture segmentatior.
In IEEE transactionson Pattern Analysisand Machine Intelligencel6(1)
pp.80-87,Januaryl994.

Z.BarJosephR. El-Yank, D. Lischinski,andM. Werman.“T exture mix-
ing andtexture movie synthesisusingstatisticallearning” IEEE Transac-
tionson Visualizationand ComputerGraphics 7(2):120-1352001.

A. Blake andM. Isard. “Active Contours. Springer\erlag, 1998.

M. G. Black. “Explaining optical o w eventswith parameterizedpatio-
temporalmodels. In Proc.of Confeenceon ComputeiisionandPattern
Recagnition, volumel, pp.326—32,1999.

M. Brand, N. Oliver, and A. Pentland. “Coupled hmm for comple ac-
tion recognition’ In Proc. of Confeenceon Computeiision and Pattern
Recagnition, pp.213-44,1997.

A. J.Bell andT. J. Sejnavski. “An information-maximizatiorapproacho
blind separatiorandblind decowolution?” Neuml Computation7:1129—
59,1995.

J.de BonetandP. Viola. “Multiresolution SamplingProcedurdor Anal-
ysis and Synthesisof Texture Images. In ProceedingdEEE Conf On
ComputeiMision and Pattern Recanition, 1998.

G. CrossandA. Jain. “Markov RandomField texture models. In IEEE
transactionson Pattern Analysisand Machine Intelligence volume5, pp.
25-40,1983.

58



[DDOO]

[DLR77]

[EAS99]

[ECP94]

[EL99]

[FA91]

[FFO1]

[FR86]

[GV89]

[HBOS]

[HLOO]

[HS81]

[Hun96]

K. De CockandB. De Moor. “Subspacenglesbetweerinear stochastic
models. In Proc. the 39th IEEE Confeenceon Decisionand Contol,
volume2, pp.1561-6,Sydneg, NSW, Australia,Dec2000.

A. P. DempsterN. M. Laird, andD. B. Rubin. “Maximum likelihoodfrom
incompletedatavia the EM algorithm” J. R. Statist.Soc.B, 39:185-197,
1977.

A. Edelman,T. A. Arias, andS. T. Smith. “The Geometryof Algorithms
with OrthogonalityConstraints. SIAM Journal on Matrix Analysisand
Applications 20(2):303-3531999.

D. Ebert,W. Carlson,andR. Parent. “Solid Spacesand InverseParticle
Systemdor Controlling the Animation of GasesandFluids” The Visual
Computera0(4) pp.179-190Septembel 994.

A. EfrosandT. Leung. “Texture synthesidoy non-parametricsampling.
In SeventhinternationalConfeenceon Computenvision, Corfu, Greece
1999.

W. FreemarandE. Adelson. “The designanduseof steerablelters.” In
IEEE transactionson Pattern Analysisand Machine Intelligence 13(9),
pp.891-906,1991.

N. FosterandR. Fedkiw “Practical Animation of Liquids? In Proceed-
ings of SIGGRAPH2001, ComputerGraphicsProceedingsAnnual Con-
ferenceSeriespp.15-22.ACM, ACM Presd ACM SIGGRAPH,2001.

A. FournierandW. Reeves. “A SimpleModel of OceanWaves” In ACM
SIGGRAPHProceedingspp. 75—84,1986.

G. GolubandC. VanLoan. Matrix ComputationsJonHopkinsUniversity
Press edition,1989.

D. HeggerandJ. Bergen. “Pyramid-basedexture analysis/synthesis. In
ACM SIGGRAPHConfeenceProceedingsAugust1995.

J.Hoey andJ. J. Little. “Representatiomndrecognitionof comple hu-
manmotion’ In Proc. of the Confeenceon Computenvision and Pattern
Recanition, volumel, pp. 752-9 Hilton Headlsland,NC, June2000.

M. HassnerandJ. Sklansly. “The Useof Markov RandonmFieldsasMod-
elsof Texture” Image Modeling AcademidPressinc., 1981.

R.W. Hunt. TheRepoductionof Colour. FisherBooks,5th edition,1996.

59



[HWOS]

[1BOO]

[Jul62]

[Kai80]
[Kir96]

[LCLOO]

[Lju87]

[LP79]

[Malgo]

[Mar00]

[MGO8]

[Niy94]

[NP92]

J.K. HodginsandW. L. Wooten.“AnimatingHumanAthletes’ In'Y Shi-
rai and S Hirose, editors, RoboticsReseath: The Eighth International
Symposiunpp. 356—367Berlin, Germar, 1998.SpringerVerlag.

Y. A. Ivanor andA. F. Bobick. “Recognitionof visual actwities andin-
teractionsby stochastigparsing. IEEE Trans.on Pattern Analysisand
MachinelIntelligence 22:852—72 Aug 2000.

B. Julesz. “Visual patterndiscriminatiori. IRE Transinfo theory IT-8,
1962.

T. Kailath. Linear SystemsPrenticeHall,Englevood Cliffs, NJ., 1980.

A. Kirsch. “An Introductionto the MathematicalTheoryof InverseProb-
lems? Springer-Verlag, New York, 1996.

J. Liu, R. Chen,andT. Logvinenlo. “A theoreticalframeavork for se-
guentialimportancesamplingandresampling. Technicalreport,Stanford
University, Departmenbf Statistics January2000.

L. Ljung. Systemdenti cation -Theoryfor the User. PrenticeHall, En-
glewoodCliffs, NJ, 1987.

A. LindquistandG. Picci. “The stochastiaealizationproblem? SIAMJ.
Control Optim.17, pp.365—-389,1979.

S. Mallat. “A theoryof multiresolutionsignaldecompositionthe wavelet
representatioh. IEEE Transactionson Pattern Analysisand Machine In-
telligence 11:674-693,1989.

R. Martin. “A metricfor armaprocesses.I[EEE Trans.on SignalProcess-
ing, 48:1164—7 Apr 2000.

D. Mumford and B. Gidas. “StochasticModels for Genericlmages.
In Tedhnical report, Division of Applied Mathematics Brown University,
1998.

A. A. Niyogi. “Analyzing and recognizingwalking gures in xyt.” In
Proc. of Conf on Comp.Vision and Pattern Reca@n, pp. 469—-74,Seattle,
WA, Junel994.

R. C. NelsonandR. Polana. “Qualitative Recognitionof Motion Using
TemporalTexture? ComputerVision, Graphics,and Image Processing
Image Undeistanding 56(1):78—-89,July 1992.

60



[OMO93]

[OM94]

[PBOS]

[Pea86]

[PLO6]

[PP93]

[PS99]

[PSE0O]

[Ree83]

[Ris78]

[SF95]

[SFA92]

P. VanOverscheandB. De Moor. “Subspacealgorithmsfor thestochastic
identi cation problem”. Automatica 29:649-660May 1993.

P. Van OverscheeandB. De Moor. “N4SID: subspacelgorithmsfor the
identi cation of combineddeterministic-stochastigystems. Automatica
30:75-93,Januaryl 994.

C.S.PinhaneandA. F. Bobick. “Humanactiondetectiorusingpnf prop-
agation of temporalconstraints. In Proc. of Confeenceon Computenvi-
sionand PatternReca@nition, pp.898-904,1998.

D. Peachg “Modeling wavesandsurf”’ In SIGGRAPHConfeencePro-
ceedingspp.65—74,1986.

R. PagetandD. Longstaf. “A NonparametridultiscaleMarkov Random
Field Model for SynthesisingNatural Textures: In Fourth International
Symposiunon SignalProcessingandits Applications volume2, pp. 744—
747,August1996.

K. PopatandR. Picard.“Novel clusterbasedorobabilitymodelfor texture
synthesisclassi cation, and compressiofi. In ProceedingsSPIE visual
Communicationandlmage ProcessingBoston 1993.

J. PortillaandE. Simoncelli. “Texture representatiomand synthesiaising
correlationof complex waveletcoefcient magnitudes. In CSIC,Madrid,
April 1999.

J. Popwic, S. M. Seitz, M. Erdmann,Z. Popwic, and A. Witkin. “In-

teractve Manipulationof Rigid Body Simulations. In Proceedingsof

SIGGRAPH200Q ComputerGraphicsProceedingsAnnual Conference
Seriespp.209-218,July 2000.

W. Reeves. “Particle systems:a techniquefor modelinga classof fuzzy
objects. In ACM Trans.Graphics volume2, pp.91-108,1983.

J. Rissanen. “Modeling by ShortestData Description. Automatica
14:465-4711978.

J.StamandE. Fiume. “Depicting re andothergaseouphenomenaising
diffusion processes. In SIGGRAPHConfeenceProceedingspp. 129-
136,1995.

E. Simoncelli,W. FreemanE. Adelson,andD. Heeger. “Shiftable multi-
scaletransforms. In IEEE TransInformationTheory 38(2), pp.587-607,
March1992.

61



[Sim90]

[SP96]

[SSS00]

[Van92]
[WB99]

[WLOO]

[ZWM97]

K. Sims. “Particle AnimationandRenderingJsing DataParallel Compu-
tation” ComputerGraphics 24(4):405-4131990.

M. SzummerndR. W. Picard.“Temporalkexturemodeling’ In IEEE In-
ternationalConfeenceon Image ProcessingLausanneSwitzerlandvol-
ume3, Sept1996.

A. Schodl, R. Szeliski, D. Salesin,and|. Essa. “Video Textures. In
Proceedingof ACM SIGGRAPHConfeence New Orleans,LA, January
2000.

H. VanTrees.Detectionand EstimationTheory Krieger, 1992.

A. D. Wilson andA. F. Bobick. “Parametrichiddenmarkov modelsfor
gesturerecognitioni. IEEE Trans.on Pattern Analysisand Machine Intel-
ligence 21:884-900Sept1999.

L. Y. WeiandM. Levoy. “Fastteturesynthesisisingtreestructuredrector
guantizatiori. In SIGGRAPHConfeenceProceedings2000.

S.Zhu, Y. Wu, andD. Mumford. “Minimax entrogy principle andits ap-
plicationto texturemodeling. Neural Computation9:1627-16601997.

62



