Dynamic Textures

StefanoSoatto GianfrancoDoretto Ying Nian Wu
UCLA UCLA UCLA
ComputerScience ComputerScience Statistics

Los Angeles- CA 90095,and
WashingtorlUniversity, St.Louis
soatto@ucla.edsoatto@ee.wustl.edu

Abstract

Dynamic textures are sequence®f images of moving
sceneghat exhibit certain stationarity propertiesin time;
thesdancludesea-wavessmole, foliage, whirlwind but also
talking faces traffic scene®tc. We presenia novel charac-
terization of dynamictextures that posesthe problemsof
modelling learning recaynizingand synthesizinglynamic
textureson a firm analytical footing We borrow toolsfrom
systemidentificationto capture the “essence” of dynamic
textures;wedo soby learning(i.e. identifying)modelsthat
are optimalin thesensef maximuniikelihoodor minimum
predictionerror variance For the specialcaseof second-
order stationaryprocessesve identify the modelin closed
form. Oncelearned, a model has predictive power and
can be usedfor extrapolating syntheticsequenceso infi-
nite lengthwith negligible computationakost. We present
experimentakvidencehat, within our framevork, evenlow
dimensionaimodelscan capture very comple visual phe-
nomena.

1. Intr oduction

Considerasequencef imagesof amoving sceneEach
imageis anarrayof positive numberghatdependuponthe
shapeposeandmotionof thesceneaswell asuponits ma-
terial properties(reflectanceadistribution) and on the light
distribution of the ervironment. It is well known that the
joint reconstructiorof photometryand geometryis anin-
trinsically ill-posed problem: from ary (finite) numberof
imagesit is not possibleto uniquelyrecover all unknovns
(shape,motion, reflectanceand light distribution). Tra-
ditional approacheso scenereconstructiorrely on fixing
someof the unknowns either by virtue of assumptionor
by restrictingthe experimentakonditions while estimating

*This researchis supportedn partby NSF grant11S-9876145,AR0O
grant DAAD19-99-1-0139. We wish to thank PrabhakarPundir and
AlessandraChiuso.

Los Angeles- CA 90095
doretto@cs.ucla.edu

Los Angeles- CA 90095
ywu@stat.ucla.edu

theothers.

However, suchassumptionsannever bevalidatedfrom
visual data,sinceit is always possibleto constructscenes
with differentphotometryandgeometnthatgiveriseto the
samemages. Theill-posednes®f themostgeneralisual
reconstructiorproblemandthe remarkableconsisteng in
the solutionas performedby the humanvisual systemre-
vealsthe importanceof priors for images[29]. They are
necessaryo fix the arbitrary degreesof freedomandren-
der the problemwell-posed. In general,one can usethe
extra degreesof freedomto the benefitof the applicationat
hand: one canfix photometryandestimategeometry(e.qg.
in roboticvision), or fix geometryandestimatephotometry
(e.g. in image-basedendering),or recover a combination
of the two that satisfiessomeadditional optimality crite-
rion, for instancethe minimum descriptionlength of the
sequencef videodata[23].

Giventhis arbitrarinessn the reconstructiorandinter-
pretationof visualscenesit is clearthatthereis no notion
of atrue interpretation andthe criterion for correctnesss
somevhatarbitrary In the caseof humanstheinterpreta-
tion that leadsto a correctEuclideanreconstructionthat
canbe verified by othersensorymodalities,suchastouch)
hasobvious appeal but thereis no way in which the cor-
rect Euclideaninterpretationcan be retrieved from visual
signalsalone.

In this paperwe will analyzesequence®f imagesof

1For instance,n stereoand structurefrom motion one assumeshat
(mostof) thescenehasLambertiarreflectionpropertiesandexploits such
anassumptiorto establishcorrespondencandestimateshape.Similarly,
in shapefrom shadingoneassumesonstantalbedoandexploits changes
in irradianceto recaver shape.

2For example, a sequencef imagesof the seaat sunsetcould have
beenoriginatedby a very complex anddynamicshape(the surfaceof the
sea)with constantreflection properties(homogeneousnaterial, water),
andalsoby avery simpleshape(e.g. the planeof thetelevision monitor)
with a non-homogeneousdiance(the televised spatio-temporasignal).
Similarly, the appearancef a moving Lambertiancubecanbe mimicked
by a sphericaimirror projectinga light distribution to matchthe albedoof
thecube.



moving scenesolely asvisual signals. “Interpreting” and
“understanding’a signalamountsto inferring a stochastic
modelthatgeneratest. The “goodness’of the modelcan
bemeasuredh termsof thetotallik elihoodof themeasure-
mentsor in termsof its predictingpower: a modelshould
beableto giveaccurateredictionsof futuresignals.Sucha
modelwill involve acombinationof photometrygeometry
anddynamicsandwill bedesignedor maximumlik elihood
or minimal predictionerror variance. Notice that we will
not requirethatthe reconstructegghotometryor geometry
be correct (in the Euclideansense)for thatis intrinsically
impossiblewithoutinvolving (visually) non-\erifiableprior
assumptionsBut the modelmustbe capableof predicting
future measurementsin a sensewe look for an “expla-
nation” of theimagedatathatallows usto recreateandex-
trapolatet. It canthereforebethoughtof asthecompressed
versionor the“essence’df thesequencef images.

1.1 Prior relatedwork

Therehasbeenextensie work in the areaof 2D texture
analysisrecognitionandsynthesisMost of theapproaches
usestatisticalmodels[13, 29, 21, 22, 5, 19, 4, 12] while
few othersrely on deterministicstructuralmodels[8, 28].
Anotherdistinctionis that someof themwork directly on
the pixel valueswhile othersprojectimageintensityontoa
setof basisfunctions’

There have been mary physically based algorithms
whichtargetthevisualappearancef specificohenomenons
[7,9, 20, 26]. Thesemethodsarecomputationallyntensie,
customizedor particulartexturesandallow no parameters
to controlthe simulationoncea modelis inferred.

On the other handthere hasbeencomparatiely little
work in the specificareaof dynamictextures. Schidl et
al. [24] addresghe problemby finding transitionpointsin
the original video sequencevherethe video canbe looped
backonitselfin aminimally obtrusveway. Theprocessn-
volvesmorphingtechniquego smoothout visual disconti-
nuities. Levoy andWei [28] have alsosuggeste@xtending
their approacho dynamictexturesby creatingarepeatable
sequenceThe approachs clearly very restrictve and ob-
tainsa relatively quick solutionfor a small subsebf prob-
lemswithout explicitly inferringamodel.

Bar-Joseph[2] usesmulti resolutionanalysis(MRA)
treememing for the synthesisandmemjing of 2D textures
andextendsthe ideato dynamictextures. For 2D textures
new MRA treesareconstructedy memging MRA treesob-
tainedfrom the input; the algorithmis differentfrom De
Bonets[5] algorithmthatoperate®n a singletexture sam-
ple. Theideais extendedo dynamictexturesby construct-
ing MRA treesusinga 3D wavelettransform. Impressie
resultswere obtainedfor the 2D case,but only a finite

3Most commonmethodsuseGaborfilters [14, 3] andsteerabldilters
[10, 13].

length sequences synthesizedafter computingthe com-
bined MRA tree. Our approachcaptureshe essencef a
dynamictexture in the form of a dynamicmodel, andan
infinite length sequencean be generatedn real-timeus-
ing the parametergomputedoff-line and, for the caseof
second-ordeprocessin closedform.

Szummerand Picards work [27] on temporal tex-
ture modelling usesa similar approachtowards captur
ing dynamictextures. They usethe spatio-temporabuto-
regressive model (STAR), which imposesa neighborhood
causality constrainteven for the spatial domain. This
severely restrictsthe texturesthat can be captured. The
STAR modelfailsto captureotation,acceleratiomndother
simplenon translationaimotions. It works directly on the
pixel intensitiesratherthanasmallerdimensionatepresen-
tationof theimage.Weincorporatespatialcorrelatiorwith-
out imposing causalrestrictions,as would be clearin the
comingsections,and can capturemore complex motions,
including oneswherethe STAR modelis ineffective (see
[27], from which we borronv someof the dataprocessedh
Sectionb).

1.2 Contrib utions of this work

This work presentsseveral novel aspectsin the field
of dynamictextures. On the issueof representation we
presentanovel definitionof dynamictexturethatis general
(even the simplestinstancecan capturesecond-ordepro-
cessewith an arbitrary covariancesequenceand precise
(it allows making analyticalstatementsand drawving from
the rich literatureon systemidentification). On learning,
we proposeawo criteria: total likelihoodor predictionerror.
For the caseof second-ordemodelwe give a closed-form
solutionof thelearningproblem.On recanition, we shov
how texturesalike tendto clusterin modelspace.On syn-
thesis we shav that even the simplestmodel (first-order
ARMA with white [ID Gaussianinput) capturesa wide
rangeof textures. Our algorithmis simpleto implement,
efficientto learnandfastto simulate;it allows oneto gen-
erateinfinitely long sequencefom shortinput sequences
andto controlparametern the simulation.

2. Representationof dynamic textures

For asingleimage,onecansayit is atextureif it isare-
alizationfrom a stationarystochastigrocessith spatially
invariantstatistics[29]. This definition capturesthe intu-
itive notion of texture discussecarlier For a sequencef
imagegdynamictexture),individualimagesareclearlynot
independentealizationgrom a stationarydistribution, and
thereis a temporalcoherencentrinsic in the processhat
needsto be captured. The underlyingassumptionthere-
fore, is thatindividualimagesarerealizationsof the output
of adynamicakystendrivenby anindependenandidenti-
cally distributed(1ID) process.We now make this concept
preciseasanoperatve definitionof dynamictexture.



2.1 Definition of dynamic texture

Let{I(t)}+=1..r beasequencefimages.Supposehat
at eachinstantof time ¢ we can measurea noisy version
of theimage,y(t) = I(t) + w(t) wherew(t) is aninde-
pendentandidentically distributedsequencelravn from a
known distribution p,,(-) resultingin a positve measured
sequencey(t) € R™, t = 1...7% We saythat the se-
quence{I(t)} is a (linear) dynamictexture if thereexists
a setof n spatialfilters ¢,, o = 1...n anda station-
ary distribution ¢(-) suchthat, calling z(t) = ¢(I(¢)) we
have z(t) = S2F_, A;x(t — i) + Bo(t), with v(¢) anlID
realizationfrom thedensityq(-), for somechoiceof matri-
cesA,..., Ay, B andinitial conditionz(0) = xo. With-
out loss of generality we canassumek = 1 sincewe
can augmentthe stateof the abose modelto be z(t) =
[z#®)T z(t — 1)T...2(t — k)T]T. Therefore,a dynamic
textureis associatedo an auto-regressie, moving average
procesfARMA) with unknawvn inputdistribution

{a:(t +1) = Az(t) + Bo(t) M
y(t) = ¢(a(t)) +w(t)
with z(0) = zo, v(t) "X ¢(-) unknawn, w(t) "2 p, ()

given,andI(t) = #(z(t)). Onecanobviously extendthe
definitionto anarbitrarynon-linearmodelof theform z (¢t +
1) = f(z(t),v(t)), leadingto the conceptof non-linear
dynamictextures

2.2 Filters and dimensionality reduction

Thedefinitionof dynamictexture above entailsa choice
of filters ¢, @ = 1...n. Thesdfilters arealsoinferredas
partof thelearningprocesdor a givendynamictexture.

Thereare several criteria for choosinga suitableclass
of filters, rangingfrom biological motivationsto computa-
tional efficiency. In thetrivial casewe cantake ¢ to bethe
identity, and thereforelook at the dynamicsof individual
pixelsz(t) = I(t) in (1). We view the choiceof filters as
adimensionalityreductionstep,andseekfor a decomposi-
tion of theimagein thesimple(linear)form

1) = 3 a0 = Cx(t) (2)

whereC = [6y,...,6,] and{6} canbe an orthonormal
basisof £2, a setof principal componentspr a wavelet
filter bank.

An alternatve non-linearchoice of filters can be ob-
tainedby processinghe imagewith afilter bank,andrep-
resentingt with the collectionof positionsof the maximal
responsén thepassbandi8]. In this papemwe will restrict

4This distribution canbe inferredfrom the physicsof theimagingde-
vice. For CCD sensorsfor instancea good approximationis a Poisson
distribution with intensityrelatedto the averagephotoncount.

our attentionto linearfilters. In [25] we discusshow to ex-
tend someof theseresultsto specialclassesf nonlinear
filters.

3. Learning dynamic textures

The maximum-likelihood formulation of the dynamic
texturelearningproblemcanbe posedasfollows:

given y(1),...,y(7), find

AaBa éai.OaQ(') = argﬁn%)fllogp(y(l), s

subject to (1) and v(t) 2.

,y(7))

Theinferencemethoddepend<rucially uponwhattype of

representatiomve choosefor ¢g. Note thatthe above infer-

enceprobleminvolvesthe hiddenvariablesz(t) multiply-

ing the unknown parameterd andrealizationsv(t) multi-

plying the unknovn parameterB, andis thereforeintrin-

sically non-linearevenif the original statemodelis linear.

In generalone could useiterative techniqueghatalternate
betweenestimating(sufficient statisticof) the conditional
densityof the stateandmaximizingthe likelihoodwith re-

spectto theunknown parametersn afashionsimilarto the
expectation-maximizatio(EM) algorithm[6]. In orderfor

suchiterative techniquego corvergeto auniqueminimum,

canonicalmodelrealizationsneedto be consideredcor-

respondingo particularforms for the matricesA and B.

We discusssuchrealizationsin Section4, wherewe also
presentaclosed-fornsolutionfor awide classof lineardy-

namictextures.

3.1 Representationof the driving distrib ution

Sofarwe have managedo deferaddressinghefactthat
theunknovndriving distributionbelongsijn principle,to an
infinite-dimensionakpace andthereforesomethingneeds
to besaidabouthow thisissueis dealtwith algorithmically

We considerthreewaysto approactthis problem. One
is to transfornthisinto afinite-dimensionainferenceprob-
lem by choosinga parametricclass of densities. This
is donein the next section,wherewe postulatethat the
unknown driving density belongsto a finite-dimensional
parameterizatiorof a classof exponentialdensities,and
therefore the inference problem is reducedto a finite-
dimensionaloptimization. The exponentialclassis quite
rich andit includes,in particular multi-modalaswell as
skewed densitiesalthoughwith experimentswve show that
even a single Gaussiamrmodel allows achieving good re-
sults.Whenthedynamictextureis representetly asecond-
orderstationaryprocesave will shawv in Section4.2 that,
contraryto popularbelief, a closed-formsolution can be
obtained.

The secondalternatve is to representhe densityq via
a finite numberof fair samplesdravn from it; the model
(1) canbeusedto representheevolution of the conditional



densityof the stategiventhemeasurementandthedensity
is evolved by updatingthe samplesso that they remaina
fair realizationof the conditionaldensityastime evolves.
Algorithmsof this sortarecalled“particlefilters” [16], and
in particularthe CONDENSATION filter is the bestknown
instancan the ComputerVision community

Thethird alternatve is to treat(1) asa semi-parametric
statisticalproblem,whereone of the parametergq) lives
in the infinite-dimensionalmanifold of probability densi-
tiesthatsatisfycertainregularity conditions,endavedwith
a Riemannianmetric (correspondingo Fishers Informa-
tion matrix),andto designgradientdescenalgorithmswith
respecto the naturalconnectionasit hasbeendonein the
context of independentomponengainalysiqICA). This av-
enueis considerablymore laboriousand we are therefore
not consideringt in this study

3.2 Compressionand denoising

Dueto theequivalencebetweerstationarysecond-order
covariancesequencesand first-order Gauss-Markv mod-
els, we canrepresena dynamictexture with its modelpa-
rametersandthe input sequenceThis, in generalwill re-
sultin alossycompressiomf the original sequenceyhere
the error is given by the innovation process(see[25] for
moredetails).In theexperimentakectionwe shav asimple
exampleof how a compressedequenceanbeobtained.

Themodelwe describen this papercanalsobe usedto
performsuboptimaldenoisingof the original sequencelt
isimmediateto seethatthe denoisedsequencés givenby

I(t) = Ci(t) (3)

whereC is themaximumlik elihoodestimatesf C' andz(t)
is obtainedrom &(¢t + 1) = Az(t) + Bo(t).

4. A closed-brm solution for learning second-
order stationary processes

It is well known that a stationarysecond-ordeprocess
with arbitrarycovariancecanbemodelledastheoutputof a
lineardynamicalsystemdrivenby white, zero-mearGaus-
siannoise[17]. In our casewe will thereforeassumehat
thereexistsapositiveintegern, aprocesqz(t) } with initial
conditionzy € R® andsymmetricpositive-definitematri-
ces( and R suchthat

2(0) = zo ; v(t) ~ N(0,Q)

y(t) = Cx(t) + w(t) w(t) ~ N(0,R)

{m(t +1) = Az(t) + v(t)

4)
for somematricesA € R**™ andC € R™*"™. The
problem of model identification consistsin estimating
the model parametersA, C, @, R from measurementsf
y(1),...,y(r). Notethat B in the model(1) is suchthat

BBT = Q.

4.1 Uniguenessand canonicalmodelrealizations

Thefirst obsenationconcerninghemodel(4) is thatthe
choiceof matricesA, C, @) is notunique,in the sensethat
thereareinfinitely mary suchmatricesthatgive riseto ex-
actly the samesamplepathsy(t) startingfrom suitableini-
tial conditions.Thisis immediatelyseenby substituting4
with TAT 1, C with CT—! and@ with TQTT, andchoos-
ing theinitial conditionTzq, whereT € GL(n) is ary in-
vertiblen x n matrix. In otherwords,thebasisof the state-
spaceis arbitrary andany given processhasnot a unique
model, but an equivalenceclassof modelsR = {[A] =
TATL[C] = CT 4,[Q) = TQTY, | T € GL(n)}. In
orderto be ableto identify a uniguemodelof thetype (4)
from asamplepathy(t), it is thereforenecessaryo choose
arepresentatie of eachequivalenceclass:sucharepresen-
tative is calleda canonicalmodelrealization in the sense
thatit doesnot dependon the choiceof basisof the state
spacgbecausdt hasbeenfixed).

While there are mary possible choicesof canonical
models(seefor instancg15]), we areinterestedn onethat
is “tailored” to the data,in the senseof having a diagonal
statecovariance Suchamodelis calledbalanced1]. Since
we areinterestedn datadimensionalityreduction,we will
malke thefollowing assumptiongsiboutthe model(4):

m >> n; rank(C) = n (5)

andchoosehe canonicamodelthatmakesthe columnsof
C orthonormal:
ctc =1, (6)

where I,, is the identity matrix of dimensionn x n. As
we will seeshortly, this assumptionresultsin a unique
modelthatis tailoredto the datain the senseof defining
a basisof the statespacesuchthat its covarianceP =
limy—oo E[z(t)zT (t)] is asymptoticallydiagonal.

The problemwe setoutto solve canthenbe formulated
asfollows: given measurementsf a samplepath of the
processiy(l),...,y(7); T >> n, estimated,C,Q, R, a
canonicalmodelof the process{y(t)}. Ideally, we would
wantthe maximumlik elihoodsolutionfrom thefinite sam-
ple:

A), €, Q(r), R(r) = arg  min _ply(1)...

y(7))
)

however, in this sectionwe only derive a closed-formsub-
optimal solutionin the senseof Frobenius;the asymptoti-
cally optimal solutioncanalsobe obtainedin closedform,

but is beyond the scopeof this paperandis describedn

[25].

4.2 Closed-brm solution
Let Yy = [y(1),...,y(7)] € R™*" with 7 > n, and
similarly for X7 andW;, andnoticethat

YT =CX]+W]; CeR™" CcTCc=1 (8)



by our assumptions(5) and (6). Now let Y7 =

Usvl;, UeRv> UTU=LVeR>*", VIV =1

be the singularvaluedecompositio(SVD) [11] with ¥ =

diag{o1, .. .,0n}, andconsiderthe problemof finding the
bestestimateof C' in thesensef FrobeniusC(r), X (1) =

argming, x ||[W7||r subjecto (8). It followsimmediately
from thefixedrankapproximatiorpropertyof theSVD [11]

thatthe uniquesolutionis givenby

N A

Cir)=U| |X(x)=xvT (9)

and A can be determineduniquely againin the sense
of Frobenius,by solving the following linear problem:
A(r) = argminy | X7 — AX] || whichis trivially done
in closedform usinganestimateof X from (9):

A(r)=xvTDV(VTD, V) txt (10)
whereD; = [ IO 8 ] andD, = [ 170’1 8 ] No-
T7—1

ticethatC(r) is uniquelydeterminedipto achangeof sign
of thecomponent®f C andz. Also notethat

T

E[z(t)zT ()] = lim 1 > i(t+k)a" (t+k) = SVIVE = 22

(11)
which is diagonal. Thusthe resultingmodelis balanced
Finally, the sampleinput noise covariance() canbe esti-
matedfrom

O(r) = 2 3" 0(3)e” (3) (12)

i=1

where 9(t) = #(t + 1) — A(r)(t). Should Q not
be full rank, its dimensionality can be further reduced
by computingthe SVD Q = UgZqUQ whereSq =
diag{og(1),...,0q(k)} with & < n, andletting B besuch
that BBT = Q.

In the algorithmabove we have assumedhatthe order
of themodeln wasgiven. In practice,this needgo bein-
ferredfrom the data. Following [1], we proposeto deter
mine the modelorderempirically from the singularvalues
o1,09,..., by choosingn asthe cutoff wherethe valueof
o dropsbelow athreshold A thresholdcanalsobeimposed
onthedifferencebetweeradjacensingularvalues.

4.3 Asymptotic properties
Thesolutiongivenaboveis, strictly speakingjncorrect
becausethe first SVD doesnot take into accountthe fact
that X hasa veryparticular structue (i.e. it is the stateof
alineardynamicalmodel). It is possible however, to adapt
the algorithmto take this into accountwhile still achieving

Average prediction error per pixel in 256 gray levels
A
=

Figure 1. Model verification : to verify thequal-
ity of the modellearned,we have useda fixed num-
berof principalcomponenti therepresentatio20)
andconsideredgub-sequences the original dataset
of lengthvaryingfrom 10 to 120. We have usedsuch
sub-sequence® learnthe parameter®f the model
in the Maximum-Likelihoodsenseandthenusedthe
model to predictthe next image. Using one crite-
rion for learning (ML) and anotherone for valida-
tion (predictionerror)is informative, for it challenges
the model. The averagepredictionerror per pixel is
shawvn asa function of the lengthof the training se-
quencgfor thesnoke sequence)expressedn gray
scalewithin a rangeof 256 levels. The averagepre-
diction error per pixel is shavn asa function of the
length of the training sequencdfor the snoke se-
quence),expressedn gray scalewithin a rangeof
256levels. The averageerrorperpixel decreaseand
becomestableafter somecritical length. Meanand
standardieviation for 100 trials is shavn asanerror
barplot.

a closed-formsolutionthat canbe provento be asymptot-
ically efficient, i.e. to approachthe maximumlikelihood
solution. Suchan optimalalgorithmis beyondthe scopeof

this paperandhasbeendescribedn [25].

5. Experiments

We have developeda MATLAB® implementatiorof the
algorithm describedn Section4: learninga sequencef
100 framestakesabout5 minuteson a 1GHzpentium® il
PC.Synthesisanbeperformedatframerate.In ourimple-
mentationwe have usedr betweerb0 and150,n between
20 and50 andk betweenl0 and30.

5.1 Synthesis

Figures3 to 4 shav the behavior of the algorithmon a
representatie set of experiments. In eachcaseof Figure
4, on the first row we shav a few imagesfrom the origi-
nal datasetpnthe secondrow we show a few extrapolated



Number of frames T

Figure 2. Thefigure demonstratethattexturesbe-
longing to the sameclasstend to clustertogether
in the senseof Kullback-Leibler In particularfor

this figure distancesare computedamongsthreere-

alizationsof theri ver sequencend threeof the
snoke sequencew.r.t. the former The clusterof

graphson top refer to “smoke w.r.t. river” type of

distancesandthe onesbelow referto the “river w.r.t.

river” type. TheK-L divergencesarecomputedising
Monte-Carlomethods.

samples.Figure 3 shavs the overall compressiorerror as
a function of the dimensionof the statespace(top row) as
well asthe predictionerror asa function of the length of
the learningset(bottomrow). For very regular sequences,
the predictionerror decreasemonotonically;however, for
highly complex scenege.g.atalking face,smole), it is not
monotonic.

As explainedin Section4, we choosehemodelordern
andlearnthe parameter®f the model. We do so for dif-
ferentlengthsr of the sametraining sequencein orderto
cross-erify our models,we testthe predictionerror. For
eachlength,r, we predicttheframer + 1 (not partof the
training set) and computethe predictionerror per pixel in
graylevels. Theresultsareshovn in Figurel. Theaverage
error per pixel decreaseandbecomesstableafterthe 80"
frame. Thus,the predictingpower of the modelgrows with
thelengthof thetrainingsequencandsodoesits ability to
capturethe spatio-temporatlynamics. Furthermore after
some“critical” lengthof thesequencethereis noimprove-
mentin thepredictingpower: thespatio-temporallynamics
hasbeencapturedandtheuseof alongersequenceoesnot
provide additionalinformation.

5.2 Recognition

We usethe Kullback-Leibler divergencel (-||-) to com-
pute the discrepang betweendifferent dynamic textures
(representetly theprobabilitydensityfunctionsp; andp,).

In Figure 2 we displaythe quantity I" (py ||p2), plotted
againstthe length 7. We have taken differentrealizations
of thetexturesr i ver andsnoke andhave computedhe

distanceof the former realizationsagainsthemselesand
the latter It is evident that alike texturestendto cluster
together

5.3 Compression

In this sectionwe presenta preliminary comparisorbe-
tween storagerequirementdor the estimatedparameters
w.rt. the original spacerequirementof the texture se-
quencesto getanestimateof the sequenceomparisorca-
pabilitiesof our model.

Justasanecdotaévidenceof thepotentialof thismethod
for video compressionwe point out that the storagere-
quirementof the original dataseis O(mr), while for the
modelstoredis O(mn + n? + nk + kr) wheren << m
andr > n andk is the effective rank of Q. For the sale
of example,let m = 100 x 100 (the size of the original
imagesequencedndr = 100 (its length).In orderto store
the original sequenceone would need10® numbers. The
component®f themodelthatarenecessaryo re-createan
approximationof the sequenceare A, C, @ andthe input
sequence(t). Typical numberghatresultin “acceptable”
lossy compressiorwe have obseredin our sequencesare
n = 20 andk = 10. Therefore onewould needn? num-
bers(for A), m x n — n(n — 1)/2 (for C, countingthe or-
thogonalityconstraints)n x k numbersor ¢ and,finally,
k x 7 numberdfor theinput sequencé(t). For the partic-
ularchoicesabove,in orderto storea modelof the original
sequencenewould needabout2 x 10* numbers.

Of courseamoresystematievaluationof the potential
of this model for compressioris due. For very long se-
quenceglarge 7) , the algorithm presentedabove can be
modifiedin orderto avoid computingthe SVD of a very
largematrix. In particular themodelcanbeidentifiedfrom
ashortersubsequencandthentheidentifiedmodelcanbe
usedto computetheinput (in innovationform) usingasim-
ple linear Kalmanfilter. For detailson how to do this see
[25].

6. Discussion

We have introduceda novel representatiomf dynamic
texture and associatedilgorithmsto performlearningand
synthesi®f sequenceBom trainingdata.We have demon-
stratedexperimentallythat eventhe simplestchoicein the
model(alinearstochastisystemdrivenby Gaussiarwhite
noise)can capturecomplex visual phenomena.The algo-
rithm is simpleto implement,efficient to learnandfastto
simulate. Someof theseresultsmay be useful for image
compressiorandfor image-basedenderingand synthesis
of imagesequences.
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