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Abstract

We presenta simpleandef�cient algorithmfor modifyingthetemporal behaviorof “dynamic textures,”
i.e. sequencesof imagesthat exhibit someform of temporal regularity, such as �owing water, steam,
smoke, �ames,foliageof treesin wind.

Keywords: Animation,TextureSynthesis,Video,ComputerVision, ImageProcessing,Compression.

1 Intr oduction

Our goal in this work is to designalgorithmsfor synthesizingandeditingrealisticsequencesof images
of dynamicscenesthat exhibit someform of temporal stationarity. While we will make this concept
precisein Section2.1,in brief, suchscenesinclude�o wing water, steam,smoke,�ames, foliageof trees
in wind, crowds, densetraf�c �o w etc. This is essentiallya renderingtask,and in particularwe are
interestedin synthesizingthetemporal behavior of thescene.

1.1 Video-basedModeling

The goal thus describedis traditionally approachedeither by physics-based(PHB) techniquesor by
image-based(IMB) techniques.In PHBtechniques,amodelof thesceneis derivedfrom �rst principles,
thenapproximated,and�nally simulated.Suchtechniqueshave beensuccessfullyappliedfor synthe-
sizingsequencesof naturalphenomenasuchassmoke, �re etc. (seefor instance[16, 6] andreferences
therein)aswell aswalking gaits([8] andreferences)andmechanicalsystems([2] andreferences).The
mainadvantageof thesetechniquesis theextentin which thesynthesiscanbemanipulated,resultingin
greateditingpower (seee.g.[12]).

While conceptuallyPHB modelsarethemostprincipledandelegant, they have thedisadvantageof
beingcomputationallyexpensive, andof not taking into accountthe ultimatebene�ciary of the simu-
lation: the viewer. In fact,physical detailsin the modelcanbe perceptuallyirrelevant,whereassome
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Figure1: Systemdiagram.A �nite lengthinputvideoclip is fedto theLearningmodulewhichperforms
a closed-formsuboptimalestimationof themodelparameters.Thesearerepresentedasa point on the
modelspacemanifold. Themodelparametersarethenfed to theEditing modulewhich allows manip-
ulatinggroupsof parameterswhile enforcingcausality, stability, minimum-phaseandotherconstraints
that arenecessaryto yield a realisticperceptualoutcome.The parametersarethenfed on-line to the
Synthesismodulethatinteractively synthesizeslivevideo.

simpli�cations of thephysicalmodelcandrasticallyalter the�nal perceivedprocessto greatdetriment
of realism1.

IMB techniquesaddressthis issueat theoutset,by generatingsyntheticsequencesof imageswithout
building a physicalmodelof theprocessthatgeneratethescene.AmongIMB onecandistinguishbe-
tweenso-called“procedural”techniquesthatforegotheuseof amodelaltogetherandgeneratesynthetic
imagesby clever concatenationor repetitionof imagedata[17, 14], andIMB techniquesthatrely on a
model,albeitnot a physicalone. In particular, IMB dynamicalmodelsarenot modelsof thescene, but
modelsof thevisualsignal, i.e. theimagesequenceitself. Suchmodelscanbedeterministicor stochas-
tic, andin generalthey fail to capturethecorrectgeometry(shape),photometry(radiance)anddynamics
(motion)of thescene.Instead,they capturea mixtureof thethreethat is equivalentoncevisualizedas
an image. To thebestof our knowledge,theonly work in this category is [15]. We call this category
video-basedmodeling2.

A commonshortcomingof all IMB techniquesis their lack of �e xibility. While the outcomeof
proceduralalgorithmsor thesimulationof video-basedmodelsproducesin generalveryrealisticresults,
the procedureis extremelyhard to modify in ways that producerealisticor even meaningfulresults.
Most IMB techniquesmerelyallow theeditor to extendtheoriginal sequencein spaceandtime. Even
theseeminglytrivial taskof speedingup or slowing down a �re, or a walkinggait, is achallengewithin
theIMB framework, becauseof thelackof physicalparametersthatcanbemanipulated.

Thefocusof thispaperis oneditingvideo-basedmodels.

1.2 Other RelatedWork

Sinceour emphasisis on time-varyingtextures,we do not addressthevastliteratureon 2D (static)tex-
tureshere. The problemof modelingdynamictextureshasbeen�rst addressedby [10]. Procedural

1Indeed,sincethe complexity of the physical world greatlyexceedsthe complexity of the visual signal (which is the
ultimateproductof thesimulation),greatefforts in building aphysicallyrealisticmodelmaygoto wasteduringvisualization
andhumanperception.

2Sincefrom imagesaloneonecannotdisentanglethecorrect(arbitrary)geometry, photometryanddynamicsof thescene,
onecouldarguethataphenomenologicalmodel,i.e. amodelof thevisualsignal,is themostonecanafford, andis suf�cient
as long as the �nal goal is to producean image. The lessonlearnedfrom [15] is that, althoughthe visual world canbe
very complex, theworld asperceivedby humansis relatively simple.For instance,imagesof complex nonlineardynamical
processareindistinguishableto thenakedeye from simplelinearGaussiansystemsof very low order[15].

2



techniqueshave thenbeenproposedby [17] and[14, 19]. Time-varying texture synthesisalgorithms
have alsobeenproposedasextensionsof 2D texturealgorithms(seefor instance[1] with [4] and[7]).
Dynamictexturesynthesishasbeenaddressedin [15]. [5] addressesmodelingfor thepurposeof match-
ing, with nosynthesis.

1.3 SystemOverview, Contrib utions of this Work and its Organization

Referringto Figure1, theoverall systemdescribedin this papertakestwo typesof input andproduces
oneoutput.Theinputsare(a)a �nite videoclip of a“dynamictexture” and(b) acertainsetof valuesfor
apresetnumberof editingparameters.Thenotionof “dynamictexture” will bemadeprecisein Section
2, andincludesfoliageof treesin wind, water, smokeetc.Theoutputof thesystemis anin�nite videoof
a dynamictexturesimilar to theoriginal one,thatcanbeinteractively modi�ed by actingon theediting
parameters(b). In Section4 we describethe interactive modi�cation of the speedof the simulation
(includingpositiveandnegativespeeds),thespatialscalesandthe“intensity” of thesimulation.

Theoverall systemis composedof several “modules.” The �rst module(“Learning”) takesasinput
theoriginal videoclip andproducesa representationof a dynamictexture in the form of a parametric
dynamicalmodel.This is borrowedfrom prior of [15] andis summarizedin Sect.2.

Thenovel contentof this paperis in thesecondmodule,“Editing,” which is describedin Section3.
This moduleallows theeditor to (1) simulatea novel sequencethathasthesametemporalstatisticsas
the input video clip, and to (2) interactively modify the temporalcharacteristicsof the simulationin
orderto achieve thedesiredperceptualeffect.

To thebestof our knowledge,this paperrepresentsthe �rst attemptto interactively modify thetem-
poralstatisticsof avideo-basedmodelof adynamictexture.

2 Dynamic TextureModeling

Whatis a“dynamictexture”? In thespatialdomain,theword“texture” suggestssomeform of statistical
regularity or homogeneity. In the temporal domain,statisticalregularity is capturedby the notion of
stationarity. A stochasticprocessis stationary(of orderk) if thejoint statistics(up to orderk) aretime-
invariant. For instance,a processf I (t)g is second-orderstationaryif its mean�I := E[I (t)] is constant
andits covarianceE[(I (t1) � �I )( I (t2) � �I )] only dependsupont2 � t1. Following [15], therefore,we
saythata sequenceof imagesf I (t)gt=1 :::� 2 IRm representsa dynamictexture if it is a realizationof a
stationarystochasticprocess3. In theexperimentsreportedin Section4, m = 320� 220. In orderto
make thepaperself-contained,we brie�y review thebasicmodelof dynamictexture thatwe will later
usefor editingin Section3.

2.1 Stationarity and Linear GaussianModels

In this paperwe restrictour attentionto processesthataresecond-order stationary. Theseprocessesre-
sult in whatarecalledlinear dynamictextures. Thenamestemsfrom thefactthatany second-ordersta-
tionaryprocesscanberepresentedastheoutputof alineardynamicalsystemdrivenby white,zero-mean

3Thereaderwho is not familiarwith thebasicpropertiesof stochasticprocessescanconsultany standardtextbookon the
topic, for instance[11].
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Gaussiannoise[9]. Thesearecalledlinear Gaussianmodels. Therefore,if wecall y(t) = I (t) + w(t) a
sequenceof imagescorruptedby white,zero-meanGaussiannoisef w(t)g 2 IRm ; w(t) � N (0; Q), the
assumptionof second-orderstationarityof f y(t)g correspondsto theexistenceof a positive integern, a
processf x(t)g 2 IRn with initial conditionx0 2 IRn andsymmetricpositive-de�nitematricesQ 2 IRn� n

andR 2 IRm� m suchthat
�

x(t + 1) = Ax(t) + v(t) x(0) = x0 ; v(t) � N (0; Q)
y(t) = Cx(t) + w(t) w(t) � N (0; R)

(1)

with I (t) = Cx(t), for somematrices4 A 2 IRn� n andC 2 IRm� n .
Amongdynamictextures,linearonesarethevery simplest.And yet, they offer greatmodelingpo-

tential(seeSection4) while beingamenableto linearanalysisthatresultsin simpleanalyticalandcom-
putationaltools,asweshallnow see.

2.2 Learning Linear Dynamic Textures

Thelearningmodulein Figure1 takesasinput a �nite, noisysequenceof imagesf y(1); : : : ; y(� )g and
returnsthemodelparametersA; C; Q; R. Ideally, wewouldwantthemaximumlikelihoodsolutionfrom
the�nite sample:

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

p(y(1) : : : y(� )) (2)

Thealgorithmthatachievestheoptimumasymptoticallyas� ! 1 hasbeenderivedin [18]. Unfortu-
nately, thememorystorageof thealgorithmis quite taxing,andalreadym = 320� 220and� = 100
challengemost desktopPCs. A simpli�ed, suboptimalalgorithmhasbeenproposedby [15], and is
describedin pseudocode(Matlab)below.

function [x0,Ahat,Qhat,Chat,Vhat]=dytex(Y,n,k,tau)
[U,S,V] = svd(Y-mean(Y,2)*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)));
Vh = Xhat(:,2:tau)-Ahat*Xhat(:,1:(tau-1));
[Uv,Sv,Vv] = svd(Vh,0);
Bhat = Uv(:,1:k)*Sv(1:k,1:k);Vhat = Vv(:,1:k);
Qhat = Bhat*Bhat';

Variationsof thealgorithmthatuseindependentcomponentsinsteadof principalcomponentshavebeen
presentedin [13], andboth have beenappliedto modelingandrecognizingwalking gaits [3]. Once
properlyimplemented,thisalgorithmrunsin a few secondsonahigh-endPC.Theorderof themodeln
canbechosenbasedon a tradeoff betweenrealismandcomputationalcostby looking at thepro�le of
theenergy of theprincipalcomponents(i.e. theplot of thesingularvaluesof thecovarianceof f y(t)g).
See[15] for details.

4Indeed,therearein�nitely many matricesA; C; Q; R thatgiveriseto thesamesamplepathsy(t), forminganequivalence
class.While the interestedreadercanconsult[15] on how to obtaina unique(canonical)representative of theequivalence
class,this non-uniquenessdoesnot have any impacton imagessynthesizedfrom themodel,andwill thereforebeignoredin
thispaper.
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2.3 SynthesizingDynamic Textures

Oncea modelhasbeenlearned5 Â; Ĉ; Q̂, new sequencescanbe trivially generatedby simulatingthe
model(1). Thisentailschoosinganinitial conditionx̂0 (for instanceoneof theoriginal images),drawing
asampleof anIID Gaussianprocesswith covarianceQ̂, performingonestepof theiterationx̂(t + 1) =
Âx̂(t) + v̂(t) andcomputingthenew synthesizedimageasÎ (t) = Ĉx̂(t). Pseudocodethat implements
thesynthesismodulein Figure1 is reportedbelow.

function [Ihat] = synth(x0,Y,Ahat,Qhat,Chat,tau);
[n,k] = size(Bhat);
Xhat(:,1) = x0;
for t = 1:tau,

Xhat(:,t+1) = Ahat*Xhat(:,t)+sqrt(Qhat)*randn(k,1);
Ihat(:,t) = Chat*Xhat(:,t)+Y;

end;

Thetwo algorithmsthusdescribedallow generatingsyntheticsequencesthatmatchthespatio-temporal
statisticsof theoriginal sequence,while never repeating6 theoriginal data.However, onewould like to
beableto manipulatethesimulationandalter thestatisticsof thesyntheticsequence.In otherwords,
onewould like to insertaneditingmodule, asin Figure1, beforethesynthesis.This is describedin the
next section.

3 Dynamic TextureAnimation

The learningmoduledescribedin Sect. 2.2 producesmatricesÂ; Ĉ; Q̂ that thesynthesismoduleuses
to generatethesyntheticsequencef Î (t)g. In principle,any modi�cation of thesystemparameters,for
instance~A; ~C; ~Q, resultsin anovel syntheticsequencef ~I (t)g whosespatio-temporalstatisticsis altered
with respectto theoriginalsequence.Unfortunately, casualmanipulationof themodelparametersrarely
resultsin sequencesf ~I (t)g thathave any resemblancewith realisticphenomena.First, theparameters
in themodel(1) cannotbechosenarbitrarily. In fact, ~A mustbestable(eigenvalueswithin thecomplex
unit circle), ~C musthaveorthogonalcolumns(in orderto obtainacanonicalrealization,seefootnote4),
~Q mustbesymmetricandpositive-de�nite. In thissectionwedescribehow to manipulatethemodelpa-
rameterssothattheresultingsimulationis admissible(i.e. stable),andhow to “map” modelparameters
ontophenomenologicalchangesin thesynthesizedsequence.

Notice that the matrix R is associatedwith the measurementnoiseandis thereforemeaninglessin
the synthesisprocess(unlesssomeonewantsto purposefullygeneratenoisy images). Therefore,in
the following subsectionswe discardR anddescribehow to changeor invert thespeedof a movie by
manipulatingA, or how to changethe “intensity” of a patternby actingon Q, or how to createvisual
effectsby changingthespatialfrequenciesencodedin C.

5For simplicity, weomit thelengthof thetrainingset� .
6Assumingaperfectrandomnumbergenerator.
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3.1 Visual Componentsand Spatial Scales

The learningproceduredescribedin Section2.2 producesa matrix Ĉ that hasasits columnsthe �rst
n principal componentsof the dataset(the singularvectorsof the covariance).Thesecomponentsare
by constructionan orthonormalbasisthat spansa subspacein IRm� n . Therefore,an in�nitely long
synthesizeddynamictexturecanbeviewedasa partialspanof thesubspacegeneratedby thecolumns
of Ĉ. In practice,thestatex(t) assumesvaluesin aboundedsubsetof IRn centeredin 0.

Theprincipalcomponentsarealsosortedfrom the�rst to thelastcolumnof C in suchaway thatthe
spatialfrequency they representincreases.Therefore,the�rst components(�rst columnsof C) represent
thecoarsespatialscalesof thetexturepatternandthelastcomponents(lastcolumnsof C) representthe
�nest scales.

Theseconsiderationsleadto the�rst typeof manipulation,that is thespatialscaleof thesimulation.
Onecandeformtheactualsubspacespannedby theprincipalcomponentsby re-weightingeachcompo-
nent.This is simplydoneby substitutingthematrix Ĉ with thematrix ~C := ĈW, whereW 2 IRn� n is a
diagonalmatrix with thenon-negative realnumbersw1; : : : ; wn asits diagonalentries.Thelastpartof
thesynthesisalgorithmis thereforesubstitutedby

Î (t) = ĈWx̂(t): (3)

3.2 Altering Speed

In this sectionwe addresstheproblemof “speedingup” or “slowing down” a syntheticprocess.Note
that doubling the speedof a movie doesnot merelymeanrunningthe dynamicalsystemat a double
frameratebut, rather, to let thesystemproducehalf asmany framesandgive thevisualperceptionthat
thespeedhasbeendoubled.This,however, hasto bedonewhile preservingthedynamicconstraintsof
themodel(1), andcannotbeachievedby merelyskippingframesor subsamplingtheoriginalsequence.

Let usconsiderthedecompositionÂ = V� V � 1, where� is thediagonalmatrix of eigenvaluesand
V is a matrix whosecolumnsarethecorrespondingeigenvectors.If we write theeigenvaluesin polar
coordinatesasfj � i j exp(j  i )gi =1 :::n , wherej is the imaginaryunit, the normalizedfrequenciesof the
systemarerepresentedby f  i gi = k1 :::kh , if h is thenumberof complex conjugatepolesof thesystem.In
orderto changethespeedof themovie onehasto replaceeachfrequency  i with 
  i , i.e. multiply the
frequenciesby theconstantfactor
 :

~ i
:= 
  i : (4)

Sincewedealwith discrete-timelineardynamicalmodels,thereis alimit for thenormalizedfrequencies,
thatcannotexceed� . In principle,this imposesa limit on themaximumachievablespeed.In fact, the
complex conjugatepolesathigherfrequency, say K , imposetheconstraint
 � � = K . In practice,it is
possibleto achievehigherspeedsby justeliminatingthepolesathigherfrequency (i.e. setthemequalto
0) oncethey reachthelimit. Of course,thehigherthespeed,thehigherthenumberof polesannihilated,
thehigheris thepossibilityof having adegradedqualityof theresultingmovie.

So far we have not mentionedthe role of thevaluesfj � i jgi =1 :::n , i.e. thedistanceof thepolesfrom
0. Theseparametersaffect thedurationof themodesof thesystemoncethey have beenexcited. The
lower they are, the shorterthe durationof the modesandvice-versa. As mentionedabove, all poles
have to be insidetheunit circle for thesimulationto bestable.Intuitively, this meansthatmodeswith
lowerdurationhaveto beheavily excitedto bepresentif comparedto modeswith higherduration(poles
closerto theunit circle). In practice,we have found that thedynamictextureswe dealtwith did have
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thecomplex conjugatepolesverycloseto theunit circle,andvaryingtheirdistancedid notproduceany
worthwhilevisualeffect thatis notachievableby playingwith thevisualcomponents.

3.3 ReversingTime

In orderto reversethetime axis,soasto invert thevisual �o w of a givendynamictexture,onemaybe
temptedto simulatethe model(1) “backwards” by startingfrom a given x(t) andobtainingx(t � 1)
from x(t) = Ax(t � 1) via x(t � 1) := A � 1x(t). Unfortunately, this doesnot work sincetheresulting
modelhasunstabledynamics(eigenvaluesoutsidethecomplex unit circle). In practice,thesimulation
goesto over�ow aftera few iterations.

In orderto gain someintuition on how to reversethe movie, considera systemwith only a pair of
complex conjugatepoles� 1;2 = j� j exp(� j  ), and eigenvectorsof the matrix Â given by v1 = v2

� ,
where � denotesthe complex conjugate. It is straightforward to show that the free evolution of the
system(i.e. for ~Q = 0) is equalto x(t) = V � tV � 1x(0) = j� j t (ej  tv1~v1 + e� j  t v�

1~v�
1), where~v1 is the

�rst row of V � 1. Sincewe arenot interestedin alteringthemagnitudeof themodes,we consideronly
theharmonicpartof thestate,i.e. �x(t) := ej  tv1~v1 + e� j  t v�

1~v�
1 andobserve that,if we changeV with

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

1 + e� j  t v1~v1 = �x(� t).
Theabove discussioncanbeextendedto anarbitrarynumberof poles,andthe readershouldeasily

convinceherselfthat, in orderto reversethe time axiswhile maintainingthesametemporaldynamics
(speed),all weneedto do is to substituteÂ = V� V � 1 with

~A := V � � V � � 1: (5)

3.4 Intensity

In theabsenceof driving noise7 v(t), theoutputof themodel(1) convergesto a constanty(t) ! �y that
cantake oneof threeequallyuninterestingvalues:zeroif A is stable,in�nity if it is unstable8, anda
constantthat dependson the initial condition if A is critically stable(someof the eigenvaluesareon
thecomplex unit circle). Therefore,for thesyntheticsequenceto have any practicalinterest,we must
considertheroleof f v(t)g, which is awhite,zero-meanGaussianIID processwith covarianceQ.

ThecovarianceQ controlstheintensityof thenoisethatdrivesthesimulation.WhenQ is non-zero,
the input v(t) excitesthe modesof the statex(t) andcausesit to evolve asa discrete-timeBrownian
motion. The “size” of the eigenvaluesof Q, i.e. the intensityof the driving noise,determineshow
far away from the initial conditionthe Brownian motion travels. In particular, sincethe estimatedQ̂
is symmetricandpositive de�nite, thereexists an orthonormalmatrix9 U anda diagonalmatrix with
positive values� U suchthat Q̂ = U� UUT . The eigenvaluesof Q can be alteredby changingthe
elementsof � U , whichchangestheintensityof theindividual componentsof thedriving noise.

In Section4 we show someexperimentswherewe simply re-scaleall theelementsof � by apositive
constant� , thusincreasing(� > 1) or decreasing(� < 1) theintensityof eachcomponentof thedriving
noiseby thesamefactor. In practice,we run thesimulationaftersubstituting~Q to Q̂, wheresimply

~Q := � Q̂: (6)
7Recallthatin thesynthesisphasewealreadyhavew(t) = 0.
8This is trueonly if themodelis minimal, i.e. observableandcontrollable.Thede�nition of theseconceptsis beyondthe

scopeof thispaper. Suf�ces hereto saythatthemodelslearnedfrom dataasexplainedin Sect.2 areminimalby construction.
9UUT = UT U = I .
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Figure 2: Smoke. Top: a frame of the simulation(left) with the original set of parameters(right).
Secondfrom top: “turbulentsmoke” (left), “hazy smoke” (right). Bottom: “patchy smoke” (right). The
correspondingchoiceof parametersis shown on theright. Thesmokecanbespedup,sloweddown and
reversed.

Finally, the modi�ed syntheticsequencecan just be generatedby calling the function synth with
parameters~A; ~C; ~Q insteadof Â; Ĉ; Q̂.

4 Results

This sectiondescribesa setof representative experimentsthat illustratetheeditingprocedurewe have
proposed.Theresultsarebestseenin themovieyoucandownloadathttp://www.cs.ucla.edu/˜
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Figure3: Oceanwaves[COLOR]. Top: “neutral” view, correspondingto theoriginal parameters(left),
“roughsea”(right). Bottom: “lakeeffect” (left), “rain” (right).

Figure4: Fountain[COLOR]. Differentchoicesof intensityandscaleparametersproducechangesthat
appearto correspondto differentnozzles,from a“spray-like” fountain(topright), to a“frothy” fountain
(bottomleft), to a “spurty” fountain(bottomright).

doretto/projects/dynamic-textures.html , sincepaperis not a suitablemediumto dis-
play dynamicimages. This sectioncan be usedas a guide to walk throughthe movie. Notice that
themovie hasbeencompressedusingMPEG,andthereforeon certaindisplaysit mayappearspatially
“blocky.” Thishasnothingto dowith thealgorithmpresentedin thispaper, andis merelyaconsequence
of the MPEG encoding. Blockinessis not presentin the uncompressedversionof the movie, anda
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Figure5: Fire [COLOR]. Differentchoicesof parametersproducechangesin theapparentnatureof the
�ame (differentcombustioncharacteristics).Non-realisticeffectscanalsobe achieved by alteringthe
dynamicsof eachcolor componentindependently.

high-qualitydisplayis recommended.
The�rst partof themovie (“Dynamic TextureSynthesis”)is for backgroundpurposesandillustrates

the resultsof [15], wherea short input clip is usedto learna model Â; Q̂; Ĉ, which is thenusedto
synthesizea longerversionof theoriginal sequenceby just samplinga randomGaussianvectorv̂(t) at
eachinstantof time.

Thesecondpartof themovie (“Editing DynamicTextures”)describesthenovel contentof thispaper,
wheretheparameters
 , V , � , andw1; : : : ; wn areusedto generatemodi�ed (andyet admissible)pa-
rameters~A; ~Q; ~C to modify thesimulation.In our experimentswe have usedsomeB/W movies(taken
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from the MIT TemporalTexture database10), andsomecolor movies of 320� 220 pixels. In all the
experiments,thestatedimensionn hasbeensetto 50.

Figures2–5show ontheleft adepictionof thescene,andon theright thecorrespondingvaluesof the
parameters
 (speed),thatrangesfrom 0to 3or from � 3and0dependingonthevalueof V, � (intensity)
from 0 to 3. Theweightsw1; : : : ; wn (visualcomponentsat differentscales)have beendividedin three
groupsw1 = � � � = w5 (coarsescale),w6 = � � � = w15 (mediumscale),w16 = � � � = w50 (�ne scale);
their valuesrangesfrom 0 to 2.

Figure2 (“Smoke”) shows,from topto bottomandfrom left to right,aframefrom thesyntheticmovie
obtainedwith neutralvaluesfor theparameters(i.e. ~A = Â; ~C = Ĉ etc.),a framewherethe intensity
of thedriving input hasbeenincreased,which resultsin anapparentlymore“turbulent” smoke,a frame
wherethecoarsefrequency componenthasbeenampli�ed, which resultsin a thinner“hazy” smoke, a
framewheretheintermediatefrequency hasbeenampli�ed, andonewherethehigh frequency hasbeen
ampli�ed, resultingin a grainy, “patchy” smoke. In addition,themovie shows changesin speedwhere
thesmoke is spedup, thensloweddown to astopandreversed.

Figure 3 (“Ocean”) shows, from top to bottom and from left to right, a frame from the “neutral”
syntheticmovie, a framewheretheintensityandthecoarseand�ne scaleshave beenampli�ed, which
resultsin a “rougher” seamovementwith largerwaves. Thebottomleft imageshows whatwe call the
“lake effect,” wherethewavesappearmoregentleandsmooth.Finally, increasingtheintensityandthe
�ne scale,while decreasingthecoarseandmiddlescaleresultsin a“rain effect” (bottomright), likerain
pouringonapond.

Figure4 (“Fountain”)showshow playingwith theintensityandscaleparametersresultsin interesting
effectsthatappearto betheresultsof changingthenozzleof thefountain,from a “spurty” fountain,to
a “spray-like” fountain.Also, thefountaincanbesloweddown andbroughtto acompletestop.

Finally, Figure5 (“Fire”) shows theeffectsof alteringadynamictextureof a �ame, includingchang-
ing thespatialscales,speed,directionetc.

4.1 Limitations and Extensions

Thispaperpresentsawayof modifyingthesimulationof avideo-basedmodel.Althoughwehaveshown
that a wide variety of different dynamictexturescan be obtained,ours remainsan IMB model, and
thereforetheeditingpower is far from thatof PHBmodels.Nevertheless,IMB modelsareconceptually
andcomputationallysimple,andwebelieve thatbeingableto edit themis important.

This paperpresentsresultsfor thesimplestform of dynamictextures,that is linear ones.Thereare
a numberof directionsin which theseresultscanbeextended.First, non-lineardynamictexturescan
be modeled,wherethe stateevolvesaccordingto x(t + 1) = f (x(t); v(t)) andthe outputis obtained
by a non-linearmapy(t) = h(x(t); w(t)) . Second,non-Gaussiandriving distributionscanbeexplored.
Furthermore,oneneedsnot berestrictedto dynamictexturesin two dimensions:theoutputy(t) canbe
a (vectorizedversionof) a tensorof any rank. Therefore,onecanconsiderthree-dimensionaldynamic
textures, for instancehair or cloth. In addition,thespatialcomponentof thedynamictextureneedsnot
live in alinearspace.Onecanconsiderdirectsynthesisovermanifolds, for instancesurfacesrepresented
in triangulatedor implicit form.

Concerningcolor, in Section4 wehaveshown resultswhereall thechannelswerealteredin thesame
way. For greaterrealism,one shouldconsiderthe color vector as evolving on a sphere(or another

10ftp://whitechapel.media.mit.edu/pub/szummer/temporal-texture
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constrainedcolorspacerepresentation),whereasfor greatercreativepoweronemayconsidereditingthe
dynamicsof eachcolor channelindependently.

Thealgorithmswe have describedrely on modifying theglobal dynamicsof theimage.This, in our
opinion,severely limits their applicability. Ultimately, oneshouldexplore integratingspatio-temporal
segmentationwith our techniques,in orderto alterdifferentportionsor “layers” of thescenein different
ways,andin orderto overlayvariousvisualphenomenaontoexistingscenes.

5 Conclusions

We have presenteda methodto edit the temporalstatisticsof a sequenceof second-orderstationary
images,which we call “dynamic textures.” To the bestof our knowledge,work in this areais novel.
Our techniqueconsistsin modifying theparametersof a linearGaussianmodel,which is learnedfrom
aninputsequenceaccordingto a techniqueproposedby [15], soasto maintainstabilityandminimality.
In particular, we have describedwaysto edit thespatialfrequency contentof thesequence,modify or
reversethespeedof thesimulationandchangetheintensityof thedriving noise.

While thetechniqueswedescribewill neverallow theeditorto achievethe�e xibility of physics-based
models,the hopeis that,whencoupledwith spatialediting techniquessuchaswarping,segmentation
and mapping,they will add to the repertoireof tools available to gamedesignersand specialeffect
editors.
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