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Abstract

Dynamictextures are sequencesf images of moving sceneghat exhibit certain stationarietyproper
tiesin spaceand time; theseinclude sea-wavessmole, foliage, whirlwinds etc. e presenta novel
characterizationof dynamictexture that poseghe problemsof modeling learning recaynizingandsyn-
thesizingdynamictextures on a firm analytical footing We borrow tools from stothastic realization
theoryto capture the “essence” of dynamictextures; we do so by learning modelsthat are optimalin
the senseof maximumlikelihood or minimumprediction error variance Oncelearned,therefore, a
modelhaspredictivepowerandcanbeusedfor extrapolatingsyntheticsequencet infinite lengthwith
negligible computationakost. We presentexperimentalevidencethat, within our framevork, evenlow
dimensionamodelscancaptue very comple visualphenomena.

1. Intr oduction

Considera sequencef imagesof a moving scene. Eachimageis an array of positve numbersthat
dependupontheshapeposeandmotionof the sceneaswell asuponits materialpropertieqreflectance
distribution) and on the light distribution of the ervironment. It is well known that the joint recon-
structionof photometryandgeometryis anintrinsically ill-posedproblem:from ary (finite) numberof
imagesit is not possibleto uniquelyrecover all unknovns (shapemotion, reflectanceandlight distri-
bution). Traditionalapproacheso scenereconstructiorrely on fixing someof the unknowns eitherby



virtue of assumptioror by restrictingthe experimentalconditions while estimatingthe others !

However, suchassumptiongan never be validatedfrom visual data,sinceit is always possibleto
constructsceneswith differentphotometryandgeometrythat give rise to the sameimages?. Theill-
posednes®f the most generalvisual reconstructionproblem and the remarkableconsisteng in the
solution as performedby the humanvisual systemrevealsthe importanceof priors for images[42].
They arenecessaryo fix the arbitrarydegreesof freedomandrenderthe problemwell-posed21]. In
generalponecanusethe extra degreesof freedomto the benefitof the applicationat hand: onecanfix
photometryandestimategeometry(e.g. in robotics),or fix geometryandestimatephotometry(e.g. in
image-basedendering),or recover a combinationof the two that satisfiessomeadditionaloptimality
criterion,for instancehe minimumdescriptionengthof the sequencef videodata[33].

Giventhis arbitrarinessn the reconstructiorandinterpretationof visual scenesit is clearthatthere
is no notion of atrueinterpretationandthe criterionfor correctnesss somavhatarbitrary In the case
of humansthe interpretationthat leadsto a correctEuclideanreconstructionthat can be verified by
othersensorymodalities,suchastouch)hasobvious appeal but thereis no way in which the correct
Euclideaninterpretatiorcanberetrieved solely from thevisual signal.

In this paperwe will analyzesequencesf imagesof moving scenessolely asvisual signals. “In-
terpreting”and“understanding’a signalamountdo inferring a stochastianodelthatgenerates. The
“goodness’of the modelcanbe measuredn termsof the total likelihood of the measurementsr in
termsof its predictingpower: a modelshouldbe ableto give accuratepredictionsof the future signals
(akin to so-calledpredictionerrormethods PEM, in systemidentification). Sucha modelwill involve
a combinationof photometry geometryand dynamicsandwill be designedor maximumlikelihood
or minimal predictionerrorvariance.Notice thatwe will notrequirethatthereconstructegphotometry
or geometrybe correct (in the Euclideansense)for thatis intrinsically impossiblewithout involving
non-\erifiableprior assumptionsBut the modelmustbe capableof predictingfuture measurementsn
asensewe look for an“explanation”of theimagedata,thatallows usto recreateandextrapolateit. It
canthereforebe thoughtof asthe compressedersionor the“essence’df the sequencef images.

Theintuitive notion of textureis animagewith certainspatiallyinvariantstatisticse.g. ground,tiles,
strav etc. For moving images,we are interestedn capturingsceneghat containfoliage moving in
wind, waterflls, smole, seawaves,cheeringcrovdsandthelik e. We begin by a shortsurwey of related
work andthe new contrikutionsthis papermakes. In the contet of whatwe discussedn the previous
paragraphwe will concentrate®n a precisesubsebf all possiblephotometrieandgeometriesby then
giving anoperationatefinitionof whatwe call dynamic textures andinferring adynamicalmodelthat
generateshescene.

1.1 Prior relatedwork

Statisticalinferencefor analyzingandunderstandingeneralimageshasbeenextensvely usedfor the
lasttwo decade$27]. The statisticalcharacterizatiomf textureswaspioneeredy Juleszfour decades

Forinstancejn sterecandstructurefrom motiononeassumeshat(mostof) the scenehasLambertiarreflectionproper
ties, andexploits suchan assumptiorio establishcorrespondencandestimateshape.Similarly, in shapefrom shadingone
assumesonstantlbedoandexploits changesn irradianceto recover shape.

2For example asequencef imagesof theseaat sunsetouldhave beenoriginatedby avery complex anddynamicshape
(the surfaceof the sea)with constanteflectionpropertieshomogeneoumaterial,water),andalsoby a very simpleshape
(e.g.theplaneof thetelevision monitor)with anon-homogeneousdiancethetelevisedspatio-temporasignal). Similarly,
theappearancef a moving Lambertiancubecanbe mimicked by a sphericaimirror projectinga light distribution to match
thealbedoof the cube.



back[19].

Therehasbeenextensve work in the areaof 2D texture analysisrecognitionandsynthesisMost of
the approachesisestatisticalmodelsto understan@®D textures[17, 42,30, 31, 9, 28, 8, 16] while few
othersrely ondeterministicstructuraimodelg12, 41]. Anotherdistinctionis thatsomework directly on
the pixel valueswhile othersprojecttheimageintensityfunctionontoa basisof functions.

Therehave beenmary physicallybasedalgorithmswhichtargetspecificdynamictextures[11, 13,29,
38]. Somesimulationshave alsodoneby particlesystemg32, 37]. Thesemethodsarecomputationally
intensve, customizedfor particulartexturesand allow no parametergo control the simulationonce
formulated.

Therehasbeencomparatiely little work in the specificareaof dynamictexturesor texture movies.
Schodl etal. [34] addresshe problemby finding transitionpointsin the original video sequencevhere
the video canbe loopedbackon itself in a minimally obtrusive way. The processnvolvesmorphing
techniqueso smoothoutvisualdiscontinuities Levoy andWei [41] have alsosuggeste@xtendingtheir
approactio temporaltexturesby creatingarepeatablsequenceTheapproachs clearlyveryrestrictve
andobtainsa quick solutionfor a smallsubsebf problemswith little or no understandingf thetexture.

BarJoseph3, 4] useamulti resolutionanalysiSfMRA) treemeiging for the synthesiandmeging of
2D texturesandextendsthe ideato dynamictextures For 2D texturesnevn MRA treesareconstructed
by meging MRA treesobtainedrom theinput; thealgorithmis differentfrom De Bonets[9] algorithm
thatoperate®nasingletexturesample.Theideais extendedo dynamictexturesby constructingIRA
treesusinga 3D wavelettransform.Impressve resultswereobtainedfor the 2D case but only a finite
length sequences synthesizedafter computingthe combinedMRA tree. Our approachcaptureshe
essencef a dynamictexture in someparametersandan infinite length sequenceanbe generatedn
real-timeusingthe parametersomputedff-line.

SzummerandPicards work [40, 39] on temporaltexture modelingusesa similar approachtowards
capturingdynamictextures.They usethespatio-temporahuto-rgressve model(STAR), whichimposes
a neighborhoodtausalityconstraintevenfor the spatialdomain. This restrictsthe texturesthat canbe
capturedto a large extent. The STAR modelfails to capturerotation, acceleratiorand other simple
non translationaimotions. It works directly on the pixel intensitiesratherthana smallerdimensional
representationf theimage. We incorporatespatialcorrelationwithout imposingcausalestrictions,as
would be clearin the comingsectionsandcancapturemorecomplex motion. (e.g. rotationalmotion,
onwhichthe STAR modelis ineffective, takenfrom the samedatasef{40])

1.2 Contrib utions of this work

Thiswork presentseveralnovel aspectsn thefield of dynamic(or time-varying) textures.Ontherep-
resentationwe presentnovel definitionof dynamictexturethatis generalit capturesawide variety of
imagedynamics)andprecise(it allows makinganalyticalstatementanddraving from therich litera-
tureon systemidentification).Onlearning, we proposewo criteria: total lik elihoodor predictionerror.
Theestimationalgorithmswe usein both casesareoff-the-shelf,althoughmorecomplex input distribu-
tion modelscall for interestingextensions.On recanition, we proposea rigorousnotion of metricin
the spaceof dynamictextures,which is derivedfrom the theoryof subspacedentification. This shawvs
promisingresultstowardsa generaltheoryof recognitionfor dynamictextures. On synthesiswe showv
thateventhe simplestmodel(first-orderARMA with white IID Gaussiarnput) capturesa wide range

3MostcommonmethodsiseGaborfilters[18, 5] andsteerabldilters[14, 36, 15, 35, 17]. Onecouldalsoinfer andchoose
the bestfilters aspartof thelearningprocesg26, 43].



of textures.Ouralgorithmis simpleto implementgfficientto learnandfastto simulate thereforeallows
oneto generatenfinitely long sequenceBom shortinputtexturesmoviesandto controlparameterghat
have intuitive physicalmeaning.

We wouldlik eto emphasizéhatthisis notapaperin computergraphics.The capabilityto effectively
synthesizedynamictexturescomesasa byproductof the modellearnedfor the textures. Whatwe are
interestedn modelingin this paperis the intrinsic spatio-temporastructureof a classof imagesthat
presensomesortof spatio-temporastationariety The modelis not physics-basedut is designedsoas
to allow generalizatior{predictive power) in spaceandtime.

We posethe problemof dynamictexture modeling, learning, recognitionand synthesisin a firm
analyticfooting. Althoughin our experimentswe only considersimple choicesof input distributions,
more generalclassescan be easilytaken into accountby using particle filtering techniguesand more
generalclassesof filter banks. Someof theseresultsmay be useful for image compressiorand for
image-basedenderingandsynthesif imagesequences.

2. Representationof dynamic textures

Whatis a suitabledefinitionof texture?for a singleimage,onecansayit is atextureif it is arealization
from a stationarystochastiqorocesswith spatiallyinvariantstatistics[42]. This definition captureghe

intuitive notion of texture discusseckarlier For a sequencef images(temporaltexture), individual

imagesare clearly not independentealizationsfrom a stationarydistribution, for thereis a temporal
coherencéentrinsicin theprocesghatneedgo becaptured.Theunderlyingassumptionthereforejs that

individual imagesarerealizationsof a dynamicalsystemdrivenby a stationarydistribution. Although

the outputof the system(measuredmages)is not stationary the inputis. We now malke this concept
preciseasanoperatve definitionof dynamictexture.

2.1 Definition of dynamic texture

Let {I(¢)}+=1..m be a sequenceof images,or a subsetof it. Supposehat at eachinstantof time ¢
we canmeasurea noisy versionof theimage,y(t) = I(t) + n(t) wheren(t) is anindependentaind
identically distributed (1ID) sequencealravn from a known distribution p,,(-) resultingin a positive
measuredsequence y(t) }=1.. . We saythatthe sequencgI(t)} is a (linear) dynamictexture of
order k if thereexists a setof spatialfilters ¢,, « = 1...N anda stationarydistribution ¢(-) with
spatiallyinvariantstatisticssuchthat,calling z(t) = ¢(I(t)) wehave z(t) = S°F | Az(t — i) + Bo(t),
with v(¢) anlID realizationfrom thedensityq(-), for somechoiceof matricesA,, ..., Ax, B andinitial
conditionz(0) = z,. Therefore,adynamictextureis associatedio anauto-rgressve, moving average
processwith unknonvn input (ARMAUX)

{x(t) = Ayz(t — 1)+ ...+ Agz(t — k) + Bu(t) )

y(t) = o(2(t)) + n(t)

with z(0) = zy, v(?) £ ¢q(+) unknawn, n(t) 0 pn(-) givenandI(t) = ¢(z(t)). Without loss of
generality we canassume:t = 1 sincewe canaugmentthe stateof the abore modelto be z(t) =
[z(t)T z(t — 1)T...z(t — k)T]T, andwe canobviously extendthe definitionto an arbitrarynon-linear

4This distribution canbe inferredfrom the physicsof theimagingdevice. For CCD sensorsfor instanceagoodapprox-
imationis a Poissordistribution with intensityrelatedto the averagephotoncount.



(but finite-dimensionalmodelof theform z(t 4+ 1) = f(x(t), v(¢)), which bringsusinto the realmof
non-lineardynamictextures

2.2 Filters and dimensionality reduction

Thedefinitionof dynamictextureabove entailsachoiceof filters ¢,, « = 1... N. Thesdfiltersarealso
inferredaspartof thelearningprocesdor a givendynamictexture.

Thereareseveralcriteriafor choosinga suitableclassof filters, rangingfrom biological motivations
to computationakfficiengy. In thetrivial case we cantake ¢ to be the identity, andthereforelook at
the dynamicsof individual pixelsz(t) = I(t) in (1). We view the choiceof filters asa dimensionality
reductionstep,andseekfor adecompositiorof theimagein the simple(linear)form

N
I(t) =) ai(t)8; = Cax(t) ©)
=1
whereC = [6;,...,0y] and{#} canbe anortonormalbasisof £2, a setof principal componentsor

a waveletfilter bank. In this work we choosesimple principal componentsestimatedrom the given
collectionof imagesusingthe singularvaluedecompositior{SVD).

An alternatve non-linearchoiceof filters canbe obtainedby processingheimagewith afilter bank,
andrepresentingt with the collectionof positionsof the maximalresponsén the passband25].

3. Learning dynamic textures

Givenasequencef noisyimages{y(t)}:—1..u, learningthe dynamictexture amountgo inferring the
dynamicsAy, . . ., Ax, B andthedistribution of theinput¢(-) in themodel(1). Thisis aform of stodas-
tic realizationproblem[22], whereoneis to infer adynamicalmodelfrom atime series. However, in the
literatureof dynamicalsystemsit is commonlyassumedhatthe distribution of theinputis known. In
the context of dynamictextures,we have the additionalcomplicationof having to infer the distribution
of theinputalongwith the dynamicalmodel. For the sake of simplicity, we will restrictour attentionto
first-orderlineardynamictextures.Thelearning,or systemidentification,problemcanthenbe posedas
follows, for instancan themaximumlik elihoodsense.

3.1 Maximum lik elihood learning
Themaximum-likelihoodformulationof the dynamictexturelearningproblemcanbe posedasfollows:

given z(0), y(1),...,y(M), find
A Bj(-) = argmaxlogp(y(1),...,y(M))

such that { (t%(—:)BU(t) (3)
and v(t) g

Theinferencemethoddependgrucially uponwhattype of representatiowe choosdor ¢. Notethatthe
above inferenceprobleminvolvesthe hiddenvariablesz(¢) multiplying the unknavn parameterd and
realizationsv(¢) multiplying the unknovn parameterB, andis thereforeintrinsically non-lineareven

5



if the original statemodelis linear We will use,asusual,iterative techniqueghat alternatebetween
estimating(sufficient statisticof) the conditionaldensityof the stateandmaximizingthelik elihoodwith
respecto theunknowvn parameteran afashionsimilar to theexpectation-maximizatio(EM) algorithm
[10]. In orderfor suchiterativetechniques$o corvergeto auniqueminimum,canonicalrealizationseed
to be consideredgorrespondingo particularformsfor the matricesA andB. A simpleexampleis the
so-called“controllable canonicalform” [20], that however resultsin poor numericalconditioning of
the algorithms. Balancedrealizationsof varioussortscanbe consideredpf the kind describedn [2].
In the experimentalsectionwe will avoid this issueby consideringcornvergenceto ary realizationthat
maximizegthejoint likelihoodof the output.

Theuseof EM algorithmsto learnparametersf dynamicaimodelsis standarcandwe thereforerefer
thereaderto [24] for detalils.

3.2 Prediction error methods

As analternatve to maximumlik elihood,onecanconsiderestimatingthe modelthatresultsin theleast
predictionerror, for instancen thesensef meansquarelet z(¢ + 1|t) = E[z(t+1)|y(1),...,y(t)] be
the bestone-stepredictor thatdependsiponthe unknovn parametersi, B, . Onecanthenposethe
problemin a causafashionas

A, B, §=argminy(t+ 1) — CZ(t + 1|t) 4)
subject to (3)

unfortunately explicit forms of the one-stepredictorsareavailableonly underrestrictedassumptions,
for instancelinear modelsdriven by white Gaussiamoise[24]. In the experimentalsectionwe do
considerone suchmodel, however, we repeatresultsobtainedonly for the caseof ML learning. For
detailsthereaderis againreferredto [24].

3.3 Representationof the driving distrib ution

Sofar we have managedo deferaddressindghe factthatthe unknaowvn driving distribution belongs,in
principle,to aninfinite-dimensionaspaceandthereforesomethingheeddo be saidabouthow thisissue
is dealtwith algorithmically

We seethreewaysto approactthis problem.Oneis to transformthis into afinite-dimensionalnfer-
enceproblemby choosingaparametriclassof densitiesThisis donein theexperimentakectionwhere
we have postulatedhatthe unknavn driving densitybelongsto a finite-dimensionaparameterizations
of aclassof exponentialdensitiesandthereforetheinferenceproblemis reducedo afinite-dimensional
optimization. The exponentialclassis quite rich andit includes,in particular multi-modalaswell as
skeweddensitiesalthoughwith experimentsve showv thatevenasingleguassiaimmodelsallows achier-
ing goodresults.

The secondalternatve is to representhe densityq via a finite numberof fair samplesdravn from
it; the model (1) canbe usedto representhe evolution of the conditionaldensityof the stategiven
themeasurement@he discrete-timeequivalentof Fokker-Plancks operator) andthe densityis evolved
by updatingthe samplessothatthey remainfair realizationof the conditionaldensityastime evolves.
Algorithmsof this sortarecalled“particle filters” [23], andin particularthe CONDENSATION filter [6]
is the bestknown instancan the ComputerVision community Althoughwe believe thatthis avenueis
very promising,we have not pursuedt.



Thethird alternatve is to treat(3) asa semi-parametristatisticalproblem,whereoneof the param-
eters(q) livesin theinfinite-dimensionamanifold of probability densitieghat satisfycertainregularity
conditions,endavedwith a Riemanniammetric (correspondingo Fishers Informationmatrix), andde-
signing gradientdescentalgorithmswith respecto the naturalconnectionasit hasbeendonein the
contet of independentomponentinalysis(ICA) by Amari andCardosd1]. This avenueis consider
ably morelaborious,albeitadmittedlymore principled,andwe arethereforenot consideringt in this
study

3.4. Recognition

Accordingto our definitionin section2.1, eachtextureis characterizetty an ARMAUX model. There-
fore,in orderto comparedextures,we needto first defineabasemeasurén thespaceof lineardynamical
systemsandthenpossiblyto characterizgrobability distributionsin thatspace.

Defining an appropriatebasemeasuren the spaceof ARMAUX modelsis not trivial, sinceeach
modelentailsa combinationof aninput densityand stateand outputtransitionmatrices. However, if
we restrictour attentionto modelshaving input densityin the sameclass,thenrecentresultsfrom the
theory of subspaceédentificationprovide guidanceon efficient waysto computethe distancebetween
models. In particular [7] definessubspacenglesbetweenmodels,and provides efficient algorithms
to computethem. In the experimentalsectionwe discusshow we have computeddistancedetween
differentrealizationsof the texturesandshon how similar texturesclustertogetherin somespace.

4. Experiments: implementation

In ourexperimentsve shaw resultsonthreesequenceomtheMIT tempoal texture databasdcourtesy
of Martin Szummer)pamelyst eam ri ver andspi ral i ng- wat er . Thesequenceare140, 120
and120 frameslong respectrely, while the dimensionsf theframesare96 x 176 for thest eamand
115 x 170 for ther i ver andthespi ral i ng- wat er .

In thefirst-orderlinear dynamictexture modelwe assumehat B is anidentity matrix. The evolution
of the modelis centeredaroundthe averageframe of the original sequencey. = Ely(t)], sothateach
framecanberepresenteth thedomainof the principalcomponent®/ = [u4, ..., uy], as

z(t) =U"(y(t) — p)- (5)

Thus,in themodel(3), z(¢) becomeazeromeanrandomvectoraswell asv(t). We choosev(t) lo lie in

the parametricclassof multivariateGaussiamrandomvectorswith zero-meanindependentomponents

andcovariancematrix o, thereforewe have v(t) '~ N(0, o).

After the parameteestimation the generatiorprocessf theimagesis given,in accordancevith (5)
and(3), by
{x(t) = Az(t—1) +0(t) ©)
I(t) =Ux(t) + f1

where v(t) N (0,6). Thelearningprocesgherefore consistof estimating: asthe averageframe
of thetrainingsequencethe principalcomponentd/ via SVD andthe ML-estimationof the parameters
A andé via gradientdescent.



4.1 Synthesis

Figure 1 shaws that an “infinite length” texture sequenceanbe synthesizedrom a typically “short”
input sequencéy just draving samplesrom v(t). Theinitial frame, representedby z(0), is chosen
randomlyfrom theoriginal sequencet couldalsobedravn from adistributionlearntfrom thesequence
using 2D texture synthesistechniquesg.g. [42]. The framesbelongsto the spi r al i ng- wat er
sequenceFromal120framestrainingsequenca 1000framessynthesizedequencehasbeengenerated
using N = 50 principal componentsThis sequencéasbeenshavedin [40] asa test-bedexampleto
point out the limitations of the STAR modelin capturingnon-translationamotion. Sinceour model
incorporatesspatial correlationwithout imposingary spatialcausalrestrictions,it can capturemuch
morecomplex motion.

The first row of Figures4 and5 shows a few framesof the original st eamandr i ver sequence
respectrely. The secondrow shaws a sectionof framesfrom the “infinitely long” synthesizedexture
sequence(N=20 principalcomponents).

4.2 Performanceassessment

As explainedin section3.2we useML by fixing thenumberN of principalcomponentandlearningthe
parametersor differentlengths,M, of the sametrainingsequencein orderto cross-erify our models,
we testthis with PEM. For eachlength, M, we predictthe frame M + 1 andcomputethe prediction
errorperpixel in graylevels. Theresultsareshown in Figure2. The averageerror per pixel decreases
and becomesstableafter the 80" frame. The standarddeviation hasthe sameshapeof the average
error. Thus,the predictingpower of the modelgrows with the length of the training sequenceandso
doesits ability to capturethe spatial-temporatiynamics. Furthermore after some*“critical” length of
thesequencehereis noimprovementin the predictingpower: the spatial-temporatlynamicshasbeen
capturedandthe useof alongersequenceoesnot provide arny additionalinformation. Figure2 shows
thatthis happenafterthe 80" framefor thesequencst eam

The graphis importantin analyzingthe informationcontentof the input sequencelf the sequence
terminatesbeforethe graphstabilizes,it implies “insufficient data” to modelthe texture comprehen-
sively. Moreover dataafterthecritical pointis “redundant”. This measurer techniquecanbeusedasa
benchmarko comparedifferenttemporaltexture for “information content’for a particularmodelor to
compardifferenttexture synthesisnodelsfor a particulartemporalexture. In thelattercasef amodel
stabilizesafter readingfewer input frames,doesnt necessarilymply thatit is richer or moreefficient.
It may be disregardingsomeinformationin theinput. Therefore jts a weigh up betweenwhen(i.e. the
“critical point”) andwhetee (i.e. alongthe ordinateaxis) the graphstabilizesthattells us, how gooda
texture synthesisnodelis.

4.3 Extrapolating sequences

Anotherimportantparameteto comparevarioustexture synthesignodelsis thetime it takesto synthe-
size.

It is well establishedhatmodelsusingGibbssampling[42] andothersamplingmethodgo drav sam-
ple from comple distributionsarecomputationallyintensve. Moreover, thereis alwaysanuncertainty
whetherthe sampleshave corverged. Deterministicmethodgo extendandextrapolatesequencebave

5The training and the synthesizedsequencesre available online at ht t p: / / www. vi si on. cs. ucl a. edu/ dy-
nam c-textures/ novies. htm .
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Figurel: Thefigureshavs how an “infinite length” texture sequences synthesizedrom a typically “short” input texture
sequenceéy justdrawing samplesromv(t). ThedatasetusedcomesromtheMIT temporakexturedatabaseTheparticular
structureof this sequencéspi r al i ng- wat er synthesizedisingN = 50 principalcomponents)is amongsthe onesthat
cannotbe capturedby the STAR model[4Q].

to go backandquerytheinput texture in oneway or the otherto obtaininformationthatgenerateshe
next [12, 41] 8. In our model,oncethe learningphaseis over, generatioris muchfasterbecausat is
puresimulationandthereis no needto referto theinputtextureandthedistributionsarestraightforvard
to samplefrom. Moreover, we caneven control the size of parameterso obtaina particularsynthesis
speedandchangehemodelparameterge.g.theeigervaluesof A) to manipulatehe original dynamics.

The generatiorproblemwasnot ascritical in the 2D texture domain,aswe usuallydid have a size
estimatgfinite) to extendtheinputto andtherewereno realtime constrainsin addressinghe problem
of generatindinfinitely” longtemporalsequencethisis oneof thekey issues.

We would now discussanotherfacetof temporaltexture,texture differentiationor recognition.

8In [41] for eachnew pixel a searchs conductedor asimilar neighborhoogatternin the original texture.




4.4. Recognition

The motivation of the recognitionproblemfor dynamictextureswasdiscussedn section3.4. We use
the Kullback-Leibler distance(K-L distance)to computethe discrepang betweendifferentdynamic
textures.The problemis formalizedasfollows.

Let I(¢), t = 0, 1, ... beaninfinite-long sequencef images. This canbe modeledas a stochas-
tic processwhich takes valuesin a subsetof R™*" for an m x n dimensionalimage. Let I” =
(I(1),I(2),...,1(T)) be a sequenceof imagesand let p(I”) be the correspondingprobability den-
sity function(p.d.f.). Thep.d.f. p(IT) is completelydeterminedy the parametershatdefinethe model
(2). Now, let p; andp, be two p.d.f.sthat belongsto two differentdynamictextures. The K-L dis-
tance,l(pi||p2), betweenp, andp, is definedas(p:||p2) = limy_,o I (p1]|p2) WherelIT (py||p2) =
LEy, [log(p:(IT) /p2(I1))] and E,, [-] is the expectationtakenwith respecto p;.

In Figure3 wedisplaythedistancethequantity” (p ||p»), betweerdifferentdynamictexturesplotted
againsthelengthT. We have takendifferentrealizationsof thetexturesr i ver andst eamandhave
computedthe distanceof the former realizationsagainstthemsehesandthe latter’. It is evident that
alike texturestendto clustertogether Thereforein principle a comprehensie databasef parameters
learnedfrom commonlyoccurringdynamictexturescanbe maintainedanda newv temporalsequence
canbe catgyorizedafterlearningits parameterandcomputingthe distance An extensive assessmeraf
therecognitioncapabilitiesof our systems prematuretthis pointdueto thelack of extensve databases
of dynamictextures.

4.5, Sequencecompression

In this sectionwe presenta subjectve comparisorbetweenstoragerequirementgor the estimatedpa-
rametersv.r.t. theoriginalspacaequiremenbf thetexturesequenceso getanestimateof thesequence
comparisorcapabilitiesof our model. Noteagainthattheparameter¢u, U, A, o) areselfsuficientand
we don't needto referto the original texturefor the synthesiof new sequences.

To make the comparisonwe only considerthe optimal numberof framesor the frameswhich are
informative in the input sequencealthoughtheremay be mary moreredundantrames. Considerthe
st eamsequence.The critical numberof framesin the st eamsequencasgiven by Figure 3 is 80.
Thereforethe storagerequirementamountsto 80 x 96 x 176 or 1.35 x 10°. We usedN=20 principal
componentswith oneaverageimagel, the spacerequiremenfor the estimatecparametergqualsd6
176 (I) +20 x 96 x 176 (principalcomponenis+20 * 20 (A) +20 (o) or 4.5 x 10°. This givesusaworst
casecompressiorof 1 : 3 for atypical example. It shouldbe understoochowever thatthe the number
of inputframesareoftenfar morethanthe critical lengthandour spacecompleity is indifferentto this
value. For instance,if the requiremenis to generatean infinite sequencdrom a given 10,000frame
movie thecompressionvould be1 : 400.

5. Discussion

We have introduceda novel representatiorof dynamictexture and associatedlgorithmsto perform
learning,recognitionandsynthesiof sequencefom training data. We have demonstrateéxperimen-
tally that even the simplestchoicesin the model (linear stochasticsystemsdriven by Gaussiarwhite

"We obtaina similar plot if we computethe distancefrom the latter w.r.t. the former althoughthe K-L distanceby
definitionis not commutatve.
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Figure2: Model verification : to verify the quality of the modellearned,we have useda fixed numberof principal
componentsn the representatiorf20) and consideredsub-sequencesf the original datasetof lengthvarying from 10 to
120. We have usedsuchsub-sequenceae learnthe parametersf the modelin the Maximum-Likelihoodsenseandthen
usedthe modelto predictthe next image. Using one criterion for learning(ML) andanotheronefor validation (PEM) is
informative, for it challengeghe model. The averagepredictionerror per pixel is shavn asa function of the lengthof the
trainingsequencéfor thest eamsequencexpressedn grayscalewithin arangeof 256 levels. Theaverageerrorperpixel
decreaseandbecomestableaftersomecritical length(in this case80 frames).

noise)cancapturecomplex visualphenomenaThe algorithmis simpleto implement efficientto learn
andfastto simulate. Someof theseresultsmay be usefulfor imagecompressiorandfor image-based
renderingandsynthesiof imagesequences.

Our framework canbe extendedto accountfor higherorderandnonlineardynamics,and arbitrary
input distributions,althoughwe do not pursuethis avenuein this paper
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