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Abstract

Dynamic textures are sequencesof images of moving
scenesthat exhibit certain stationaritypropertiesin time;
theseincludesea-waves,smoke, foliage, whirlwind but also
talking faces,traffic scenesetc.We presenta novelcharac-
terization of dynamictextures that posesthe problemsof
modelling, learning, recognizingandsynthesizingdynamic
textureson a firm analytical footing. We borrow toolsfrom
systemidentificationto capture the “essence”of dynamic
textures;wedo soby learning(i.e. identifying)modelsthat
areoptimalin thesenseof maximumlikelihoodor minimum
predictionerror variance. For the specialcaseof second-
order stationaryprocesseswe identify themodelin closed
form. Once learned, a model has predictivepower and
can be usedfor extrapolatingsyntheticsequencesto infi-
nite lengthwith negligible computationalcost. We present
experimentalevidencethat,within our framework,evenlow
dimensionalmodelscan capture very complex visual phe-
nomena.

1. Intr oduction

Considerasequenceof imagesof amoving scene.Each
imageis anarrayof positivenumbersthatdependuponthe
shape,poseandmotionof thesceneaswell asuponits ma-
terial properties(reflectancedistribution) andon the light
distribution of the environment. It is well known that the
joint reconstructionof photometryandgeometryis an in-
trinsically ill-posedproblem: from any (finite) numberof
imagesit is not possibleto uniquelyrecover all unknowns
(shape,motion, reflectanceand light distribution). Tra-
ditional approachesto scenereconstructionrely on fixing
someof the unknowns either by virtue of assumptionor
by restrictingtheexperimentalconditions,while estimating�
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theothers1.
However, suchassumptionscanneverbevalidatedfrom

visual data,sinceit is alwayspossibleto constructscenes
with differentphotometryandgeometrythatgiveriseto the
sameimages2. Theill-posednessof themostgeneralvisual
reconstructionproblemandthe remarkableconsistency in
the solutionasperformedby the humanvisual systemre-
vealsthe importanceof priors for images[29]. They are
necessaryto fix the arbitrarydegreesof freedomandren-
der the problemwell-posed. In general,one can usethe
extradegreesof freedomto thebenefitof theapplicationat
hand:onecanfix photometryandestimategeometry(e.g.
in roboticvision),or fix geometryandestimatephotometry
(e.g. in image-basedrendering),or recover a combination
of the two that satisfiessomeadditionaloptimality crite-
rion, for instancethe minimum descriptionlength of the
sequenceof videodata[23].

Given this arbitrarinessin the reconstructionandinter-
pretationof visualscenes,it is clearthat thereis no notion
of a true interpretation,andthecriterion for correctnessis
somewhatarbitrary. In the caseof humans,the interpreta-
tion that leadsto a correctEuclideanreconstruction(that
canbeverifiedby othersensorymodalities,suchastouch)
hasobvious appeal,but thereis no way in which the cor-
rect Euclideaninterpretationcanbe retrieved from visual
signalsalone.

In this paperwe will analyzesequencesof imagesof

1For instance,in stereoandstructurefrom motion oneassumesthat
(mostof) thescenehasLambertianreflectionproperties,andexploitssuch
anassumptionto establishcorrespondenceandestimateshape.Similarly,
in shapefrom shadingoneassumesconstantalbedoandexploits changes
in irradianceto recover shape.

2For example,a sequenceof imagesof the seaat sunsetcould have
beenoriginatedby a very complex anddynamicshape(thesurfaceof the
sea)with constantreflectionproperties(homogeneousmaterial,water),
andalsoby a very simpleshape(e.g. theplaneof thetelevision monitor)
with a non-homogeneousradiance(the televisedspatio-temporalsignal).
Similarly, theappearanceof a moving Lambertiancubecanbemimicked
by asphericalmirror projectinga light distribution to matchthealbedoof
thecube.



moving scenessolely asvisualsignals. “Interpreting” and
“understanding”a signalamountsto inferring a stochastic
modelthatgeneratesit. The “goodness”of the modelcan
bemeasuredin termsof thetotal likelihoodof themeasure-
mentsor in termsof its predictingpower: a modelshould
beableto giveaccuratepredictionsof futuresignals.Sucha
modelwill involvea combinationof photometry, geometry
anddynamicsandwill bedesignedfor maximumlikelihood
or minimal predictionerror variance. Notice that we will
not requirethat the reconstructedphotometryor geometry
becorrect (in theEuclideansense),for that is intrinsically
impossiblewithout involving (visually)non-verifiableprior
assumptions.But themodelmustbecapableof predicting
future measurements.In a sense,we look for an “expla-
nation” of theimagedatathatallowsusto recreateandex-
trapolateit. It canthereforebethoughtof asthecompressed
versionor the“essence”of thesequenceof images.

1.1. Prior relatedwork

Therehasbeenextensivework in theareaof 2D texture
analysis,recognitionandsynthesis.Mostof theapproaches
usestatisticalmodels[13, 29, 21, 22, 5, 19, 4, 12] while
few othersrely on deterministicstructuralmodels[8, 28].
Anotherdistinctionis that someof themwork directly on
thepixel valueswhile othersprojectimageintensityontoa
setof basisfunctions3

There have been many physically basedalgorithms
whichtargetthevisualappearanceof specificphenomenons
[7, 9, 20, 26]. Thesemethodsarecomputationallyintensive,
customizedfor particulartexturesandallow no parameters
to controlthesimulationoncea modelis inferred.

On the other hand therehasbeencomparatively little
work in the specificareaof dynamictextures. Scḧodl et
al. [24] addresstheproblemby finding transitionpointsin
theoriginal videosequencewherethevideocanbelooped
backonitself in aminimally obtrusiveway. Theprocessin-
volvesmorphingtechniquesto smoothout visualdisconti-
nuities.Levoy andWei [28] havealsosuggestedextending
their approachto dynamictexturesby creatinga repeatable
sequence.The approachis clearlyvery restrictive andob-
tainsa relatively quick solutionfor a small subsetof prob-
lemswithoutexplicitly inferringa model.

Bar-Joseph[2] usesmulti resolutionanalysis(MRA)
treemerging for the synthesisandmerging of 2D textures
andextendsthe ideato dynamictextures. For 2D textures
new MRA treesareconstructedby mergingMRA treesob-
tainedfrom the input; the algorithm is different from De
Bonet’s [5] algorithmthatoperatesonasingletexturesam-
ple. Theideais extendedto dynamictexturesby construct-
ing MRA treesusinga 3D wavelet transform. Impressive
resultswere obtainedfor the 2D case,but only a finite

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

length sequenceis synthesizedafter computingthe com-
binedMRA tree. Our approachcapturesthe essenceof a
dynamictexture in the form of a dynamicmodel,andan
infinite lengthsequencecanbe generatedin real-timeus-
ing the parameterscomputedoff-line and, for the caseof
second-orderprocess,in closedform.

Szummer and Picard’s work [27] on temporal tex-
ture modelling usesa similar approachtowards captur-
ing dynamictextures. They usethe spatio-temporalauto-
regressive model(STAR), which imposesa neighborhood
causality constrainteven for the spatial domain. This
severely restrictsthe textures that can be captured. The
STAR modelfailsto capturerotation,accelerationandother
simplenon translationalmotions. It works directly on the
pixel intensitiesratherthanasmallerdimensionalrepresen-
tationof theimage.Weincorporatespatialcorrelationwith-
out imposingcausalrestrictions,aswould be clear in the
comingsections,andcancapturemorecomplex motions,
including oneswherethe STAR model is ineffective (see
[27], from which we borrow someof thedataprocessedin
Section5).

1.2. Contrib utions of this work
This work presentsseveral novel aspectsin the field

of dynamic textures. On the issueof representation, we
presentanovel definitionof dynamictexturethatis general
(even the simplestinstancecancapturesecond-orderpro-
cesseswith an arbitrarycovariancesequence)andprecise
(it allows makinganalyticalstatementsanddrawing from
the rich literatureon systemidentification). On learning,
weproposetwo criteria: total likelihoodor predictionerror.
For thecaseof second-ordermodelwe give a closed-form
solutionof thelearningproblem.On recognition, we show
how texturesalike tendto clusterin modelspace.On syn-
thesis, we show that even the simplestmodel (first-order
ARMA with white IID Gaussianinput) capturesa wide
rangeof textures. Our algorithmis simple to implement,
efficient to learnandfastto simulate;it allows oneto gen-
erateinfinitely long sequencesfrom short input sequences
andto controlparametersin thesimulation.

2. Representationof dynamic textures
For asingleimage,onecansayit is a textureif it is a re-

alizationfrom a stationarystochasticprocesswith spatially
invariantstatistics[29]. This definition capturesthe intu-
itive notionof texturediscussedearlier. For a sequenceof
images(dynamictexture),individual imagesareclearlynot
independentrealizationsfrom a stationarydistribution,and
thereis a temporalcoherenceintrinsic in the processthat
needsto be captured. The underlyingassumption,there-
fore, is thatindividual imagesarerealizationsof theoutput
of adynamicalsystemdrivenby anindependentandidenti-
cally distributed(IID) process.We now make this concept
preciseasanoperativedefinitionof dynamictexture.



2.1. Definition of dynamic texture
Let
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textureis associatedto anauto-regressive,moving average
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	 . Onecanobviously extendthe

definitionto anarbitrarynon-linearmodelof theform : �����,g	h�ji(� : ���
	k)
L4���
	<	 , leadingto the conceptof non-linear
dynamictextures.

2.2. Filters and dimensionality reduction
Thedefinitionof dynamictextureaboveentailsa choice

of filters 2 3 )I5`�l,8./.�. 1 . Thesefilters arealsoinferredas
partof thelearningprocessfor a givendynamictexture.

Thereare several criteria for choosinga suitableclass
of filters, rangingfrom biologicalmotivationsto computa-
tionalefficiency. In thetrivial case,we cantake 2 to bethe
identity, and thereforelook at the dynamicsof individual
pixels : ���
	m�l�;���
	 in (1). We view thechoiceof filters as
a dimensionalityreductionstep,andseekfor a decomposi-
tion of theimagein thesimple(linear)form

�����
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where
rs�tV qu��)�././.�)
q n \ and

�gqv�
can be an orthonormal

basisof wEx , a set of principal components,or a wavelet
filter bank.

An alternative non-linearchoice of filters can be ob-
tainedby processingthe imagewith a filter bank,andrep-
resentingit with thecollectionof positionsof themaximal
responsein thepassband[18]. In thispaperwe will restrict

4This distribution canbeinferredfrom thephysicsof the imagingde-
vice. For CCD sensors,for instance,a goodapproximationis a Poisson
distribution with intensityrelatedto theaveragephotoncount.

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

3. Learning dynamic textures
The maximum-likelihood formulation of the dynamic

texturelearningproblemcanbeposedasfollows:y{z}|{~/� � �
,g	�)�./.�./) � ��0R	�)A� �R��B ) �J�) �r�) �:RQ ) �9 �"!�	��K��� ym� ������ �8� ����� y � � � �
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Theinferencemethoddependscrucially uponwhattypeof
representationwe choosefor 9 . Note that theabove infer-
enceprobleminvolvesthe hiddenvariables: ���
	 multiply-
ing the unknown parameter

B
andrealizations

L;���
	
multi-

plying the unknown parameter
J

, and is thereforeintrin-
sically non-lineareven if theoriginal statemodelis linear.
In generalonecoulduseiterative techniquesthatalternate
betweenestimating(sufficient statisticof) the conditional
densityof thestateandmaximizingthelikelihoodwith re-
spectto theunknown parameters,in a fashionsimilar to the
expectation-maximization(EM) algorithm[6]. In orderfor
suchiterativetechniquesto convergeto auniqueminimum,
canonicalmodelrealizationsneedto be considered,cor-
respondingto particularforms for the matrices

B
and

J
.

We discusssuchrealizationsin Section4, wherewe also
presentaclosed-formsolutionfor awideclassof lineardy-
namictextures.

3.1. Representationof the dri ving distrib ution
Sofarwehavemanagedto deferaddressingthefactthat

theunknowndrivingdistributionbelongs,in principle,to an
infinite-dimensionalspace,andthereforesomethingneeds
to besaidabouthow this issueis dealtwith algorithmically.

We considerthreewaysto approachthis problem. One
is to transformthisinto afinite-dimensionalinferenceprob-
lem by choosinga parametricclass of densities. This
is done in the next section,where we postulatethat the
unknown driving density belongsto a finite-dimensional
parameterizationof a classof exponentialdensities,and
therefore the inferenceproblem is reducedto a finite-
dimensionaloptimization. The exponentialclassis quite
rich and it includes,in particular, multi-modalas well as
skeweddensities,althoughwith experimentswe show that
even a single Gaussianmodel allows achieving good re-
sults.Whenthedynamictextureis representedbyasecond-
orderstationaryprocesswe will show in Section4.2 that,
contrary to popularbelief, a closed-formsolution can be
obtained.

The secondalternative is to representthe density 9 via
a finite numberof fair samplesdrawn from it; the model
(1) canbeusedto representtheevolutionof theconditional



densityof thestategiventhemeasurements,andthedensity
is evolved by updatingthe samplesso that they remaina
fair realizationof the conditionaldensityastime evolves.
Algorithmsof thissortarecalled“particlefilters” [16], and
in particulartheCONDENSATION filter is thebestknown
instancein theComputerVisioncommunity.

Thethird alternative is to treat(1) asa semi-parametric
statisticalproblem,whereoneof the parameters( � ) lives
in the infinite-dimensionalmanifold of probability densi-
tiesthatsatisfycertainregularityconditions,endowedwith
a Riemannianmetric (correspondingto Fisher’s Informa-
tion matrix),andto designgradientdescentalgorithmswith
respectto thenaturalconnection,asit hasbeendonein the
context of independentcomponentanalysis(ICA). Thisav-
enueis considerablymore laboriousandwe are therefore
not consideringit in this study.

3.2. Compressionand denoising

Dueto theequivalencebetweenstationarysecond-order
covariancesequencesandfirst-orderGauss-Markov mod-
els,we canrepresenta dynamictexturewith its modelpa-
rametersandthe input sequence.This, in general,will re-
sult in a lossycompressionof theoriginal sequence,where
the error is given by the innovation process(see[25] for
moredetails).In theexperimentalsectionweshow asimple
exampleof how a compressedsequencecanbeobtained.

Themodelwe describein this papercanalsobeusedto
performsuboptimaldenoisingof the original sequence.It
is immediateto seethatthedenoisedsequenceis givenby������
 ¢¡£ �¤ �¥ ���
  (3)

where
�¤

is themaximumlikelihoodestimatesof
¤

and
�¥ ���
 

is obtainedfrom
�¥ ����¦_§�  £ �¨ �¥ ���
 A¦ �© �ª ���
  .

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

It is well known that a stationarysecond-orderprocess
with arbitrarycovariancecanbemodelledastheoutputof a
lineardynamicalsystemdrivenby white,zero-meanGaus-
siannoise[17]. In our case,we will thereforeassumethat
thereexistsapositiveinteger « , aprocess¬ ¥ ���
 �­ with initial
condition ¥R®°¯²±(³ andsymmetricpositive-definitematri-
ces ´ and µ suchthat¶ ¥ ����¦�§g  £ ¨ ¥ ���
 �¦ ª ���
  ¥ ��·O  £ ¥�®P¸Aª ���
 �¹»ºY��·�¼ ´  ½ ���
  £ ¤ ¥ ���
 A¦`¾����
  ¾����
 ¿¹`ºY��·�¼ µ  

(4)
for somematrices

¨ ¯À±(³�Áv³ and
¤ ¯À±�ÂMÁ�³ . The

problem of model identification consists in estimating
the model parameters̈

¼ ¤ ¼ ´ ¼ µ from measurementsof½ �"§� �¼ ¡�¡/¡ ¼ ½ ��ÃR  . Note that
©

in the model(1) is suchthat©�©=Ä £ ´ .

4.1. Uniquenessand canonicalmodel realizations
Thefirst observationconcerningthemodel(4) is thatthe

choiceof matrices̈
¼ ¤ ¼ ´ is not unique,in thesensethat

thereareinfinitely many suchmatricesthatgive riseto ex-
actly thesamesamplepaths½ ���
  startingfrom suitableini-
tial conditions.This is immediatelyseenby substituting̈
with Å ¨ ÅmÆCÇ , ¤ with

¤ ÅmÆCÇ and ´ with ÅP´bÅ Ä , andchoos-
ing the initial condition Å ¥R® , where Å ¯aÈAÉ � «   is any in-
vertible «*Ê=« matrix. In otherwords,thebasisof thestate-
spaceis arbitrary, andany given processhasnot a unique
model,but an equivalenceclassof models Ë ¡£ ¬�Ì ¨XÍ £Å ¨ Å ÆÎÇ ¼ Ì ¤ Í £ ¤ Å ÆCÇ ¼ Ì ´ Í £ ÅP´bÅ Ä(¼PÏ Å ¯GÈ�É � «  �­ . In
orderto beableto identify a uniquemodelof the type (4)
from asamplepath ½ ���
  , it is thereforenecessaryto choose
arepresentativeof eachequivalenceclass:sucharepresen-
tative is calleda canonicalmodelrealization, in the sense
that it doesnot dependon the choiceof basisof the state
space(becauseit hasbeenfixed).

While there are many possiblechoicesof canonical
models(seefor instance[15]), weareinterestedin onethat
is “tailored” to the data,in the senseof having a diagonal
statecovariance.Suchamodelis calledbalanced[1]. Since
we areinterestedin datadimensionalityreduction,we will
makethefollowing assumptionsaboutthemodel(4):ÐÒÑmÑ « ¸�Ó�Ô�Õ�Ö � ¤   £ « (5)

andchoosethecanonicalmodelthatmakesthecolumnsof¤
orthonormal: ¤ Ä ¤ £ � ³ (6)

where
� ³ is the identity matrix of dimension «�Ê`« . As

we will seeshortly, this assumptionresults in a unique
model that is tailored to the datain the senseof defining
a basisof the statespacesuch that its covariance × ¡£Ø�Ù Ð*Ú�ÛMÜ�Ý Ì ¥ ���
  ¥ ÄÞ���
  Í is asymptoticallydiagonal.

Theproblemwe setout to solve canthenbeformulated
as follows: given measurementsof a samplepath of the
process:½ �"§g k¼ ¡�¡/¡ ¼ ½ ��ÃR  ¸ Ã ÑmÑ « , estimate

�¨ ¼ �¤ ¼ �´ ¼ �µ , a
canonicalmodelof the process¬ ½ ���
 �­ . Ideally, we would
wantthemaximumlikelihoodsolutionfrom thefinite sam-
ple:�¨ ��ÃR �¼ �¤ ��ÃR k¼ �´ ��ÃR �¼ �µ ��ÃR  £ Ô�Ófßáà�â�Õã�ä å�ä æIä çEè � ½ �
§g  ¡�¡/¡ ½ ��ÃR 
 

(7)
however, in this sectionwe only derive a closed-formsub-
optimal solutionin the senseof Frobenius;the asymptoti-
cally optimalsolutioncanalsobeobtainedin closedform,
but is beyond the scopeof this paperand is describedin
[25].

4.2. Closed-form solution
Let é�êÇ ¡£ Ì ½ �"§g k¼ ¡�¡/¡ ¼ ½ ��ÃR  Í ¯ë± ÂMÁ ê with

Ã Ñ « , and
similarly for ì êÇ and í êÇ , andnoticethaté êÇ £ ¤ ì êÇ ¦ í êÇ ¸ ¤ ¯°± ÂMÁv³ ¸ ¤ Ä ¤ £ � (8)



by our assumptions(5) and (6). Now let îMïð ñòMóÞô�õ8ö÷ò&ø*ù(úMûvü8öIòbõ(ò ñ_ý ö(ôløþù ï û�üIÿ�ô�õ�ô ñ�ý
bethesingularvaluedecomposition(SVD) [11] with

ó ñ���������
	 ð ÿ��
���kÿ 	 ü�� , andconsidertheproblemof finding the
bestestimateof � in thesenseof Frobenius: �������� ÿ �� ����� ñ�������������! "$#%'&
( ïð &*) subjectto (8). It followsimmediately
from thefixedrankapproximationpropertyof theSVD[11]
thattheuniquesolutionis givenby�������� ñ ò �� ����� ñ óÞô õ (9)

and �+ can be determineduniquely, again in the sense
of Frobenius,by solving the following linear problem:�+ ����� ñ ���������,��- & � ïð/. + � ï10 ð2 &�) whichis trivially done
in closedform usinganestimateof

�
from (9):�+ ����� ñ óÞô õ43 ð ô � ô õ53�6 ô � 0 ð ó 0 ð (10)

where
3 ð ñ87 9 9ý ï�0 ð 9;: and

3 6 ñ87 ý ï10 ð 99 9<: . No-

ticethat �������� is uniquelydeterminedupto achangeof sign
of thecomponentsof � and = . Also notethat>@? �=A��BC� �= õ ��BC�EDGF8H �,�ï
IKJML� ïNO*P ð �=A��BRQ'ST� �= õ ��BRQ'ST� ñ óÞô õ ô=ó ñ ó 6

(11)
which is diagonal. Thus the resultingmodel is balanced.
Finally, the sampleinput noisecovarianceU canbe esti-
matedfrom �UV����� ñ L� ïN W P ð �X ��YZ� �X õ ��Y[� (12)

where �X ��BC� �ñ �=A��B\Q L � . �+ ����� �=/��BC� . Should �U not
be full rank, its dimensionalitycan be further reduced
by computing the SVD �U ñ ò/]¿ó^]Eòbõ]

where
ó^] ñ���������
	 ] � L � ÿ��
���kÿ 	 ] �_ST� � with Sa`cb , andletting �d besuch

that �d �d=õ ñ �U .
In the algorithmabove we have assumedthat the order

of themodel b wasgiven. In practice,this needsto be in-
ferredfrom the data. Following [1], we proposeto deter-
mine themodelorderempirically from thesingularvalues	 ð ÿ 	 6 ÿ
����� , by choosingb asthecutoff wherethevalueof	

dropsbelow athreshold.A thresholdcanalsobeimposed
on thedifferencebetweenadjacentsingularvalues.

4.3. Asymptotic properties
Thesolutiongivenaboveis, strictly speaking,incorrect

becausethe first SVDdoesnot take into accountthe fact
that

�
hasa veryparticular structure (i.e. it is thestateof

a lineardynamicalmodel).It is possible,however, to adapt
thealgorithmto take this into accountwhile still achieving
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p�fxw;y to verify thequal-
ity of the modellearned,we have useda fixednum-
berof principalcomponentsin therepresentation(20)
andconsideredsub-sequencesof theoriginaldataset
of lengthvaryingfrom L 9 to L
z 9 . We haveusedsuch
sub-sequencesto learn the parametersof the model
in theMaximum-Likelihoodsense,andthenusedthe
model to predict the 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
shown asa function of the lengthof the training se-
quence(for thesmoke sequence),expressedin gray
scalewithin a rangeof z1{�| levels. Theaveragepre-
diction error per pixel is shown asa function of the
length of the training sequence(for the smoke se-
quence),expressedin gray scalewithin a rangeof
256levels.Theaverageerrorperpixel decreasesand
becomesstableaftersomecritical length. Meanand
standarddeviation for L 9}9 trials is shown asanerror-
barplot.

a closed-formsolutionthat canbe provento be asymptot-
ically efficient, i.e. to approachthe maximumlikelihood
solution.Suchanoptimalalgorithmis beyondthescopeof
thispaperandhasbeendescribedin [25].

5. Experiments
We have developeda MATLAB ~ implementationof the

algorithm describedin Section4: learninga sequenceofL 9}9 framestakesabout5 minuteson a1GHzpentium ~ III
PC.Synthesiscanbeperformedat framerate.In ourimple-
mentationwe have used� between50 and150, b betweenz 9 and { 9 and S betweenL 9 and � 9 .
5.1. Synthesis

Figures3 to 4 show the behavior of the algorithmon a
representative setof experiments. In eachcaseof Figure
4, on the first row we show a few imagesfrom the origi-
nal dataset,on thesecondrow we show a few extrapolated
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Figure 2. The figuredemonstratesthat texturesbe-
longing to the sameclass tend to cluster together
in the senseof Kullback-Leibler. In particular for
this figuredistancesarecomputedamongstthreere-
alizationsof the river sequenceand threeof the
smoke sequencew.r.t. the former. The clusterof
graphson top refer to “smoke w.r.t. river” type of
distancesandtheonesbelow referto the“ri ver w.r.t.
river” type.TheK-L divergencesarecomputedusing
Monte-Carlomethods.

samples.Figure3 shows the overall compressionerror as
a functionof thedimensionof thestatespace(top row) as
well as the predictionerror asa function of the lengthof
the learningset(bottomrow). For very regularsequences,
thepredictionerrordecreasesmonotonically;however, for
highly complex scenes(e.g.a talking face,smoke),it is not
monotonic.

As explainedin Section4, wechoosethemodelorder �
andlearnthe parametersof the model. We do so for dif-
ferentlengths� of thesametrainingsequence;in orderto
cross-verify our models,we test the predictionerror. For
eachlength, � , we predicttheframe �\��� (not partof the
training set)andcomputethe predictionerror per pixel in
graylevels.Theresultsareshown in Figure1. Theaverage
errorperpixel decreasesandbecomesstableafterthe �1�1���
frame.Thus,thepredictingpowerof themodelgrowswith
thelengthof thetrainingsequenceandsodoesits ability to
capturethe spatio-temporaldynamics. Furthermore,after
some“critical” lengthof thesequence,thereis no improve-
mentin thepredictingpower: thespatio-temporaldynamics
hasbeencapturedandtheuseof alongersequencedoesnot
provideadditionalinformation.

5.2. Recognition
We usethe Kullback-Leibler divergence�x�[���q��� to com-

pute the discrepancy betweendifferent dynamic textures
(representedby theprobabilitydensityfunctions��� and�n� ).

In Figure2 we display the quantity �m�T�����}�Z�n�
� , plotted
againstthe length � . We have taken differentrealizations
of thetexturesriver andsmoke andhave computedthe

distanceof the former realizationsagainstthemselvesand
the latter. It is evident that alike texturestend to cluster
together.

5.3. Compression
In this sectionwe presenta preliminarycomparisonbe-

tweenstoragerequirementsfor the estimatedparameters
w.r.t. the original spacerequirementof the texture se-
quences,to getanestimateof thesequencecomparisonca-
pabilitiesof ourmodel.

Justasanecdotalevidenceof thepotentialof thismethod
for video compression,we point out that the storagere-
quirementof the original datasetis �@���a��� , while for the
modelstoredis ����������� � ���5�\���k��� where ����� �
and ��¡¢� and � is the effective rank of £¤ . For the sake
of example,let �¦¥§�
�}�©¨��
�}� (the sizeof the original
imagesequence)and ��¥g�
�1� (its length).In orderto store
the original sequenceonewould need �
�1ª numbers. The
componentsof themodelthatarenecessaryto re-createan
approximationof the sequenceare «­¬�®¯¬ ¤ and the input
sequence°���±C� . Typical numbersthatresultin “acceptable”
lossycompressionwe have observed in our sequencesare�c¥M²�� and �³¥´�
� . Therefore,onewould need� � num-
bers(for £« ), �µ¨���¶³������¶��
�R·1² (for £® , countingtheor-
thogonalityconstraints),�¸¨¹� numbersfor £¤ and,finally,��¨�� numbersfor the input sequence£°G��±C� . For thepartic-
ular choicesabove,in orderto storeamodelof theoriginal
sequenceonewould needabout ²\¨³�
��º numbers.

Of course,a moresystematicevaluationof thepotential
of this model for compressionis due. For very long se-
quences(large � ) , the algorithm presentedabove can be
modified in order to avoid computingthe SVD of a very
largematrix. In particular, themodelcanbeidentifiedfrom
ashortersubsequence,andthentheidentifiedmodelcanbe
usedto computetheinput (in innovationform) usingasim-
ple linear Kalmanfilter. For detailson how to do this see
[25].

6. Discussion
We have introduceda novel representationof dynamic

texture andassociatedalgorithmsto performlearningand
synthesisof sequencesfrom trainingdata.Wehavedemon-
stratedexperimentallythateven the simplestchoicein the
model(a linearstochasticsystemdrivenby Gaussianwhite
noise)cancapturecomplex visual phenomena.The algo-
rithm is simpleto implement,efficient to learnandfastto
simulate. Someof theseresultsmay be useful for image
compressionandfor image-basedrenderingandsynthesis
of imagesequences.
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