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Abstract

We presenta simpleandefcient algorithmfor modifyingthe tempoal behaviorof “dynamic textures,
i.e. sequencesf imagesthat exhibit someform of tempoal regularity, sud as owing water steam,
smole, ames,foliage of treesin wind.
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1 Intr oduction

Ourgoalin thiswork is to designalgorithmsfor synthesizingnd editingrealistic sequencesf images
of dynamicscenedhat exhibit someform of tempoal stationarity While we will make this concept
precisein Section2.1,in brief, suchscenesnclude o wing watet steamsmole, ames, foliageof trees
in wind, crowds, densetrafc  ow etc. This is essentiallya renderingtask,andin particularwe are
interestedn synthesizinghetempogal behaior of thescene.

1.1 Video-basedViodeling

The goal thus describeds traditionally approacheckither by physics-basedPHB) techniquesor by
image-basedIMB) techniquesin PHBtechniquesamodelof thescendas dervedfrom rst principles,
thenapproximatedand nally simulated.Suchtechniqueshave beensuccessfullyappliedfor synthe-
sizing sequencesf naturalphenomenauchassmole, re etc. (seefor instancd16, 6] andreferences
therein)aswell aswalking gaits ([8] andreferencesandmechanicabystemg[2] andreferences)The
mainadwantageof thesetechniquess the extentin which the synthesiscanbe manipulatedresultingin
greatediting power (seee.g.[12]).

While conceptuallyPHB modelsarethe mostprincipledandelegant, they have the disadwantageof
being computationallyexpensve, and of not taking into accountthe ultimate bene ciary of the simu-
lation: the viewer. In fact, physical detailsin the modelcanbe perceptuallyirrelevant, whereassome
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Finite Input Video Clip Learning Editing

Figurel: Systendiagram.A nite lengthinputvideoclip is fedto theLearningmodulewhich performs
a closed-formsuboptimalestimationof the modelparametersThesearerepresentedsa point on the

modelspacemanifold. The modelparameterarethenfed to the Editing modulewhich allows manip-

ulating groupsof parametersvhile enforcingcausality stability, minimum-phasendotherconstraints
that are necessaryo yield a realistic perceptuabutcome. The parametersre thenfed on-line to the

Synthesisnodulethatinteractiely synthesizegve video.

simpli cations of the physicalmodelcandrasticallyalterthe nal percevedprocesdo greatdetriment
of realisnt.

IMB techniquesddresshis issueat the outset by generatingsyntheticsequencesf imageswithout
building a physical modelof the procesghatgeneratehe scene.AmongIMB onecandistinguishbe-
tweenso-called‘procedural’techniqueshatforego theuseof amodelaltogetheandgeneratesynthetic
imagesby clever concatenatiomr repetitionof imagedata[17, 14], andIMB techniqueshatrely ona
model,albeitnot a physicalone. In particular IMB dynamicalmodelsarenot modelsof the sceneg but
modelsof thevisualsignal i.e. theimagesequencéself. Suchmodelscanbe deterministicor stochas-
tic, andin generathey fail to capturehecorrectgeometry(shape)photometryradiance pnddynamics
(motion) of the scene.Instead they capturea mixture of thethreethatis equivalentoncevisualizedas
animage. To the bestof our knowledge,the only work in this category is [15]. We call this category
video-basednodeling.

A commonshortcomingof all IMB techniquess their lack of e xibility. While the outcomeof
procedurablgorithmsor thesimulationof video-basednodelsproducesn generaleryrealisticresults,
the procedures extremely hardto modify in waysthat producerealistic or even meaningfulresults.
Most IMB techniquesnerelyallow the editorto extendthe original sequencén spaceandtime. Even
the seeminglytrivial taskof speedingup or slowing down a re, or awalking gait, is a challengewithin
thelMB framework, becausef thelack of physicalparameterghatcanbe manipulated.

Thefocusof this paperis on editingvideo-basednodels.

1.2 Other RelatedWork

Sinceour emphasiss on time-varying textures,we do not addresghe vastliteratureon 2D (static)tex-
tureshere. The problemof modelingdynamictextureshasbeen rst addressedby [10]. Procedural

lIndeed,sincethe compleity of the physical world greatly exceedsthe complexity of the visual signal (which is the
ultimateproductof the simulation),greateffortsin building a physically realisticmodelmaygo to wasteduringvisualization
andhumanperception.

2Sincefrom imagesaloneonecannotdisentangléhe correct(arbitrary)geometryphotometryanddynamicsof thescene,
onecouldamguethata phenomenologicahodel,i.e. amodelof thevisualsignal,is themostonecanafford, andis sufcient
aslong asthe nal goalis to produceanimage. The lessonlearnedfrom [15] is that, althoughthe visual world canbe
very complg, theworld asperceved by humanss relatively simple. For instancejmagesof comple< nonlineardynamical
processareindistinguishableo the naked eye from simplelinear Gaussiarsystemsf very low order[15].



techniquesave thenbeenproposedoy [17] and[14, 19]. Time-varying texture synthesisalgorithms
have alsobeenproposedasextensionsof 2D texture algorithms(seefor instancg1] with [4] and[7]).
Dynamictexture synthesisasbeenaddresseth [15]. [5] addressemsodelingfor the purposeof match-
ing, with no synthesis.

1.3 SystemOverview, Contrib utions of this Work and its Organization

Referringto Figurel, the overall systemdescribedn this papertakestwo typesof input andproduces
oneoutput. Theinputsare(a)a nite videoclip of a“dynamictexture” and(b) a certainsetof valuesfor
apresenumberof editingparametersThe notionof “dynamictexture” will bemadeprecisein Section
2, andincludesfoliageof treesin wind, water smole etc. Theoutputof thesystems anin nite videoof
adynamictexture similar to the original one,thatcanbeinteractively modi ed by actingon the editing
parametergb). In Section4 we describethe interactve modi cation of the speedof the simulation
(including positive andnegative speeds)the spatialscalesandthe “intensity” of the simulation.

The overall systemis composedf several“modules’ The rst module(“Learning”) takesasinput
the original video clip andproducesa representatiof a dynamictexture in the form of a parametric
dynamicalmodel. Thisis borrovedfrom prior of [15] andis summarizedn Sect.2.

The novel contentof this paperis in the secondmodule,“Editing,” which is describedn Section3.
This moduleallows the editorto (1) simulatea novel sequencehathasthe sametemporalstatisticsas
the input video clip, andto (2) interactvely modify the temporalcharacteristic®f the simulationin
orderto achieve thedesiredperceptuaeffect.

To the bestof our knowledge,this paperrepresentshe rst attemptto interactvely modify the tem-
poralstatisticsof a video-basedanodelof a dynamictexture.

2 Dynamic Texture Modeling

Whatis a“dynamictexture”? In thespatialdomain theword “texture” suggestsomeform of statistical
regularity or homogeneity In the temporal domain, statisticalregularity is capturedby the notion of

stationarity A stochastigrocesss stationary(of orderk) if thejoint statisticSup to orderk) aretime-

invariant. For instancea process | (t)g is second-ordestationaryif its meanl = E[I (t)] is constant
andits covarianceE[(l (t;) 1)(1(tz) 1)] only dependsipont, t;. Following [15], thereforewe

saythata sequencefimagesf| (t)g=1.- 2 IR™ representsa dynamictexture if it is a realizationof a

stationarystodasticprocess. In the experimentsreportedin Section4, m = 320 22Q In orderto

make the paperself-containedye brie y review the basicmodelof dynamictexture thatwe will later

usefor editingin Section3.

2.1 Stationarity and Linear GaussianModels

In this paperwe restrictour attentionto processethataresecond-ader stationary Theseprocessese-
sultin whatarecalledlinear dynamictextures The namestemsfrom thefactthatany second-ordesta-
tionaryprocesxanberepresentedstheoutputof alineardynamicalkystendrivenby white, zero-mean

3Thereademwnhois notfamiliar with the basicpropertiesof stochastiprocessesanconsultary standardextbookonthe
topic, for instancq11].



Gaussiamoise[9]. Thesearecalledlinear Gaussiammodels Thereforejf wecall y(t) = 1 (t) + w(t) a
sequencef imagescorruptedby white, zero-mearGaussiamoisef w(t)g 2 R™; w(t) N (0;Q), the
assumptiorof second-ordestationarityof f y(t)g corresponds$o the existenceof a positive integern, a
process x(t)g 2 IR" with initial conditionxy 2 R" andsymmetrigpositive-de nite matricesQ 2 R" "
andR 2 R™ ™ suchthat

X(t+1)= AX(D)+ V(1) X(0)= xo0: V() N(OQ) .
y(t) = Cx(t) + w(t) w(t) N(O;R) @)

with | (t) = Cx(t), for somematrice§ A 2 R"” "andC 2 R™ ",

Among dynamictextures,linear onesarethe very simplest. And yet, they offer greatmodelingpo-
tential (seeSectiond) while beingamenablédo linearanalysighatresultsin simpleanalyticalandcom-
putationaltools,aswe shallnow see.

2.2 Learning Linear Dynamic Textures

returnsthemodelparameterd,; C; Q; R. Ideally, we would wantthemaximumlik elihoodsolutionfrom
the nite sample:

AC)C()Q( )R() = arg min_p(y(1):::y( ) (2)

Thealgorithmthatachievesthe optimumasymptoticallyas ! 1 hasbeenderivedin [18]. Unfortu-
nately the memorystorageof the algorithmis quite taxing,andalreadym = 320 220and = 100
challengemostdesktopPCs. A simpli ed, suboptimalalgorithm hasbeenproposedoy [15], andis
describedn pseudocodéMatlab)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:kK)*Sv(1:k,1:k);Vhat = W(;,1:Kk);
Qhat = Bhat*Bhat';

Variationsof thealgorithmthatuseindependentomponentsnsteadof principalcomponentfiave been
presentedn [13], and both have beenappliedto modelingand recognizingwalking gaits [3]. Once
properlyimplementedthis algorithmrunsin afew second®n a high-endPC.Theorderof themodeln

canbe choserbasedon a tradeof betweerrealismandcomputationatostby looking atthe pro le of

theenengy of the principalcomponentgi.e. the plot of the singularvaluesof the covarianceof f y(t)Qg).

Seg[15] for details.

4Indeedtherearein nitely mary matricesA; C; Q; R thatgiveriseto thesamesamplepathsy(t), forminganequivalence
class. While the interestedeadercanconsult[15] on how to obtaina unique(canonical)representate of the equivalence
class this non-uniquenesdoesnot have ary impactonimagessynthesizedrom the model,andwill thereforebeignoredin
this paper



2.3 SynthesizingDynamic Textures

Oncea modelhasbeenlearned A; €; @, new sequencesanbe trivially generatedy simulatingthe
model(1). Thisentailschoosinganinitial condition®, (for instanceoneof theoriginalimages)drawing
asampleof anllD Gaussiarprocesswith covariance®, performingonestepof theiteration®(t + 1) =
AR(t) + ¢(t) andcomputingthe new synthesizedmageas/(t) = C&(t). Pseudocodéhatimplements
thesynthesisnodulein Figurel is reportedbelow.

function [Ihat] = synth(x0,Y,Ahat,Qhat,Chat,tau);
[n,k] = size(Bhat);
Xhat(:,1) = XO0;
for t = 1l:tau,
Xhat(:,t+1) = Ahat*Xhat(:,t)+sqrt(Qhat)*randn(k,1);
Ihat(:,t) = Chat*Xhat(:,t)+Y;
end;

Thetwo algorithmsthusdescribedallow generatingyntheticsequencethatmatchthe spatio-temporal
statisticsof the original sequencewhile never repeating the original data. However, onewould like to
be ableto manipulatethe simulationandalter the statisticsof the syntheticsequenceln otherwords,
onewould like to insertan editingmodule asin Figurel, beforethe synthesisThisis describedn the
next section.

3 Dynamic Texture Animation

The learningmoduledescribedn Sect. 2.2 producesmatricesA; €; @ thatthe synthesismoduleuses
to generatehe syntheticsequencé ['(t)g. In principle, ary modi cation of the systemparametersfor
instanceR; C; @, resultsin anovel syntheticsequencé I{t)g whosespatio-temporastatisticss altered
with respecto theoriginal sequenceUnfortunately casuamanipulatiorof themodelparametersarely
resultsin sequencesi(t)g thathave ary resemblancevith realisticphenomenakFirst, the parameters
in themodel(1) cannotbe choserarbitrarily. In fact, A mustbe stable(eigervalueswithin the comple
unit circle), C musthave orthogonakolumns(in orderto obtaina canonicakealization seefootnote4),
Q mustbe symmetricandpositive-de nite. In this sectionwe describenow to manipulatehe modelpa-
rametersothattheresultingsimulationis admissiblg(i.e. stable) andhow to “map” modelparameters
ontophenomenologicathangesn the synthesizedequence.

Notice thatthe matrix R is associatedvith the measurememntoiseandis thereforemeaninglessn
the synthesisprocess(unlesssomeonewantsto purposefullygeneratenoisy images). Therefore,in
the following subsectionsve discardR anddescribehow to changeor invert the speedof a movie by
manipulatingA, or how to changethe “intensity” of a patternby actingon Q, or how to createvisual
effectsby changingthe spatialfrequenciegncodedn C.

SFor simplicity, we omit thelengthof thetrainingset .
6Assuminga perfectrandomnumbergeneratar



3.1 Visual Componentsand Spatial Scales

The learningproceduredescribedn Section2.2 producesa matrix € thathasasits columnsthe rst
n principal component®f the datase(the singularvectorsof the covariance). Thesecomponentsare
by constructionan orthonormalbasisthat spansa subspacen R™ ". Therefore,an in nitely long
synthesizedlynamictexture canbe viewed asa partial spanof the subspacgeneratedy the columns
of €. In practice the statex(t) assumesaluesin aboundedsubsebf IR" centeredn 0.

The principalcomponentsrealsosortedfrom the rst to thelastcolumnof C in suchaway thatthe
spatialfrequeng they represenincreasesT hereforethe rst componentg rst columnsof C) represent
the coarsespatialscalesof thetexture patternandthelastcomponentglastcolumnsof C) representhe
nest scales.

Theseconsiderationgeadto the rst type of manipulationthatis the spatialscaleof the simulation.
Onecandeformtheactualsubspacspannedy the principalcomponentdy re-weightingeachcompo-
nent. This is simply doneby substitutingthe matrix € with thematrix C = €W, wherew 2 R" "isa

the synthesisalgorithmis thereforesubstitutedy

(t) = CWR(t): (3)

3.2 Altering Speed

In this sectionwe addresghe problemof “speedingup” or “slowing dowvn” a syntheticprocess.Note
that doublingthe speedof a movie doesnot merely meanrunningthe dynamicalsystemat a double
frameratebut, rather to let the systemproducehalf asmary framesandgive the visual perceptiorthat
the speechasbeendoubled.This, however, hasto be donewhile preservinghe dynamicconstraintof
themodel(1), andcannotbe achieved by merelyskippingframesor subsamplinghe original sequence.

Let us considerthe decompositior® = V V 1, where is the diagonalmatrix of eigervaluesand
V is a matrix whosecolumnsarethe correspondinggigervectors. If we write the eigervaluesin polar
coordinatesasfj ijexp( i)gi-1:-:n, Wherej is the imaginaryunit, the normalizedfrequenciesf the
systemarerepresentetdy f gi-y, ..« if h is thenumberof complex conjugatepolesof the system.In
orderto changethe speedf themovie onehasto replaceeachfrequeny ; with  ;, i.e. multiply the
frequenciedy the constanfactor ]

0= (4)

Sincewe dealwith discrete-timdineardynamicalmodels thereis alimit for thenormalizedrequencies,
thatcannotexceed . In principle, thisimposesa limit on the maximumachiezablespeed.In fact, the
comple conjugatepolesathigherfrequeng, say « , imposetheconstraint = k. Inpracticejtis
possibleto achiere higherspeeddby justeliminatingthe polesat higherfrequeny (i.e. setthemequalto
0) oncethey reachthelimit. Of coursethehigherthe speedthe higherthe numberof polesannihilated,
the higheris the possibility of having a degradedquality of theresultingmovie.

Sofar we have not mentionedthe role of the valuesfj ijgi=1:n, i.e. thedistanceof the polesfrom
0. Theseparametersffect the durationof the modesof the systemoncethey have beenexcited. The
lower they are, the shorterthe durationof the modesandvice-versa. As mentionedabove, all poles
have to be insidethe unit circle for the simulationto be stable. Intuitively, this meanghatmodeswith
lower durationhave to beheavily excitedto bepresentf comparedo modeswith higherduration(poles
closerto the unit circle). In practice,we have found thatthe dynamictextureswe dealtwith did have
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thecomple conjugatepolesvery closeto the unit circle, andvaryingtheir distancedid not produceary
worthwhilevisualeffect thatis notachiezableby playingwith the visualcomponents.

3.3 Reversing Time

In orderto reversethe time axis,soasto invertthe visual o w of a givendynamictexture,onemaybe
temptedto simulatethe model (1) “backwards” by startingfrom a given x(t) andobtainingx(t 1)
fromx(t) = Ax(t 1) viax(t 1) = A x(t). Unfortunately this doesnot work sincethe resulting
modelhasunstabledynamics(eigervaluesoutsidethe complec unit circle). In practice the simulation
goesto over ow afterafew iterations.

In orderto gain someintuition on how to reversethe movie, considera systemwith only a pair of
comple conjugatepoles 1, = j jexp( | ), andeigervectorsof the matrix A givenby v; = v, |
where denotesthe complex conjugate. It is straightforvard to shav that the free evolution of the
system(i.e. for @ = Q) isequaltox(t) = V 'V x(0) = j j'(d 'viwy + €1 'v 1w), wherew, is the
rst row of V 1. Sincewe arenotinterestedn alteringthe magnitudeof the modeswe consideronly
the harmonicpartof the state,i.e. x(t) = € 'v;w + e | 'v ;v andobserethat,if we changeV with
V , weobtainthequantityxYt) = € 'v ;v + e | vy = x( ).

The above discussiorcanbe extendedto an arbitrarynumberof poles,andthe readershouldeasily
corvince herselfthat, in orderto reversethe time axis while maintainingthe sametemporaldynamics
(speed)all we needto dois to substitute = V.V 1 with

A=V Vv L (5)

3.4 Intensity

In the absencef driving nois€ v(t), the outputof the model(1) corvergesto aconstanty(t) ! vy that
cantake one of threeequallyuninterestingvalues: zeroif A is stable,in nity if it is unstablé, anda
constanthat dependson the initial conditionif A is critically stable(someof the eigervaluesareon
the comple unit circle). Therefore for the syntheticsequencéo have ary practicalinterest,we must
considettherole of f v(t)g, whichis awhite, zero-mearGaussianlD processwith covarianceQ.

The covarianceQ controlstheintensityof the noisethatdrivesthe simulation. WhenQ is non-zero,
the input v(t) excitesthe modesof the statex(t) andcausest to evolve asa discrete-timeBrownian
motion. The “size” of the eigervaluesof Q, i.e. the intensity of the driving noise,determineshow
far away from the initial conditionthe Brownian motion travels. In particular sincethe estimatedd
is symmetricand positive de nite, thereexists an orthonormalmatrix® U and a diagonalmatrix with
positive values y suchthat® = U yUT. The eigervaluesof Q canbe alteredby changingthe
elementof |, which changesheintensityof theindividual component®f thedriving noise.

In Sectiond we shav someexperimentsvherewe simply re-scaleall theelementof by apositve
constant , thusincreasing > 1) ordecreasing < 1) theintensityof eachcomponenbf thedriving
noiseby the samefactor In practice we run the simulationafter substitutingQ to Q, wheresimply

Q= & 6)

’Recallthatin the synthesighasewve alreadyhave w(t) = 0.

8Thisis trueonly if themodelis minimal,i.e. obsenableandcontrollable. Thede nition of theseconceptss beyondthe
scopeof thispaper Sufces hereto saythatthemodeldearnedrom dataasexplainedin Sect.2 areminimal by construction.

SUuT = UTU = I.
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Figure2: Smolke. Top: a frame of the simulation (left) with the original set of parametergright).
Secondrom top: “turbulentsmole” (left), “hazy smolke” (right). Bottom: “patchy smole” (right). The
correspondinghoiceof parameterss shavn ontheright. The smoke canbe spedup, sloveddown and
reversed.

Finally, the modi ed syntheticsequencecan just be generatedy calling the function synth  with
parameters\: C; Q insteadof A; €; O.

4 Results

This sectiondescribesa setof representate experimentshatillustratethe editing procedureve have
proposedTheresultsarebestseernn themovie youcandowvnloadathttp://www.cs.ucla.edu/”



Figure3: Ocearwaves[COLOR)]. Top: “neutral” view, correspondingo the original parametersgleft),
“rough sea’(right). Bottom: “lake effect” (left), “rain” (right).

Figure4: Fountain[COLOR)]. Differentchoicesof intensityandscaleparameterproducechangeghat
appeato correspondo differentnozzlesfrom a “spray-like” fountain(top right), 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
the movie hasbeencompressedsingMPEG, andthereforeon certaindisplaysit may appeairspatially
“blocky.” This hasnothingto dowith thealgorithmpresentedh this paperandis merelyaconsequence
of the MPEG encoding. Blockinessis not presentin the uncompressegersionof the movie, anda



Figure5: Fire [COLOR]. Differentchoicesof parameterproducechangesn the apparenhatureof the
ame (differentcomtustioncharacteristics)Non-realisticeffects canalsobe achieved by alteringthe
dynamicsof eachcolor componentndependently

high-qualitydisplayis recommended.

The rst partof themovie (“Dynamic Texture Synthesis”)s for backgrouncpurposesandillustrates
the resultsof [15], wherea shortinput clip is usedto learna model A; Q; €, which is then usedto
synthesize longerversionof the original sequenc®y just samplinga randomGaussiarvector¥(t) at
eachinstantof time.

Thesecondoartof themovie (“Editing DynamicTextures”)describeshe novel contentof this paper
wherethe parameters , V, , andwy;:::;w, areusedto generatanodi ed (andyet admissible)a-
rameters&; @Q; C to modify the simulation.In our experimentsve have usedsomeB/W movies (taken
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from the MIT TemporalTexture databas¥), and somecolor movies of 320 220 pixels. In all the
experimentsthe statedimensiom hasbeensetto 50.

Figures2—5shawv ontheleft adepictionof thesceneandontheright the correspondingaluesof the
parameters (speed)thatrangesromOto3orfrom 3and0dependingnthevalueofV, (intensity)

groupsw; = = Wws (coarsescale),wg = = wys (mediumscale),w;g = = Wso ( Ne scale);
theirvaluesrangefrom 0 to 2.

Figure2 (“Smoke”) shavs, from topto bottomandfrom left to right, aframefrom thesynthetiomovie
obtainedwith neutralvaluesfor the parametergi.e. A = A; C = € etc.),aframewherethe intensity
of thedriving input hasbeenincreasedwhich resultsin anapparentlymore“turbulent” smole, aframe
wherethe coarsefrequeny componentiasbeenampli ed, which resultsin a thinner“hazy” smole, a
framewheretheintermediatdrequeng hasbeenampli ed, andonewherethe highfrequeng hasbeen
ampli ed, resultingin a grairy, “patchy” smole. In addition,the movie shavs changesn speedwhere
thesmoleis spedup, thensloveddown to a stopandreversed.

Figure 3 (“Ocean”) shavs, from top to bottom and from left to right, a frame from the “neutral”
syntheticmovie, aframewherethe intensityandthe coarseand ne scaleshave beenampli ed, which
resultsin a“rougher” seamovementwith larger waves. The bottomleft imageshovs whatwe call the
“lake effect; wherethe wavesappeamoregentleandsmooth.Finally, increasingheintensityandthe
ne scalewhile decreasinghecoarseandmiddlescaleresultsin a*“rain effect” (bottomright), likerain
pouringonapond.

Figure4 (“Fountain”)shavs how playingwith theintensityandscaleparametersesultsin interesting
effectsthatappeaito betheresultsof changingthe nozzleof the fountain,from a “spurty” fountain,to
a“spray-like” fountain.Also, thefountaincanbe sloved down andbroughtto a completestop.

Finally, Figure5 (“Fire”) shavs the effectsof alteringa dynamictextureof a ame, includingchang-
ing the spatialscalesspeeddirectionetc.

4.1 Limitations and Extensions

This papempresentaway of modifying thesimulationof avideo-baseanodel. Althoughwe have shavn
that a wide variety of differentdynamictexturescan be obtained,oursremainsan IMB model, and
thereforethe editingpower is far from thatof PHB models.NeverthelessIMB modelsareconceptually
andcomputationallysimple,andwe believe thatbeingableto editthemis important.

This paperpresentsesultsfor the simplestform of dynamictextures,thatis linear ones. Thereare
a numberof directionsin which theseresultscanbe extended.First, non-lineardynamictexturescan
be modeled,wherethe stateevolvesaccordingto x(t + 1) = f (x(t);v(t)) andthe outputis obtained
by anon-lineamapy(t) = h(x(t); w(t)). Secondnon-Gaussiamriving distributionscanbe explored.
Furthermorepneneedsot berestrictedto dynamictexturesin two dimensionsthe outputy(t) canbe
a (vectorizedversionof) atensorof ary rank. Therefore onecanconsiderthree-dimensionatlynamic
textures for instancehair or cloth. In addition,the spatialcomponenbf the dynamictexture needsnot
livein alinearspace Onecanconsidedirectsynthesi®ver manifolds for instancesurfacesepresented
in triangulatedor implicit form.

Concerningcolor, in Sectiond we have shovn resultswhereall thechannelsverealteredin thesame
way. For greaterrealism, one should considerthe color vector as evolving on a sphere(or another

Oftp://whitechapel.media.mit.edu/pub/szummer/temporal-texture
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constrainedolor spaceepresentationyyhereador greatercreatve poweronemayconsidereditingthe
dynamicsof eachcolor channeindependently

The algorithmswe have describedely on modifying the global dynamicsof theimage. This, in our
opinion, severely limits their applicability Ultimately, one shouldexplore integrating spatio-temporal
segmentatiorwith ourtechniquesin orderto alterdifferentportionsor “layers” of thescenean different
ways,andin orderto overlayvariousvisualphenomenantoexisting scenes.

5 Conclusions

We have presentech methodto edit the temporalstatisticsof a sequencef second-ordestationary
images,which we call “dynamic textures’ To the bestof our knowledge,work in this areais novel.
Our techniqueconsistan modifying the parametersf a linear Gaussiarmodel,which is learnedfrom
aninputsequenceaccordingo atechniqueproposedy [15], soasto maintainstability andminimality.
In particular we have describedvaysto edit the spatialfrequeng contentof the sequencemodify or
reversethe speedf the simulationandchangeheintensityof thedriving noise.

While thetechniquesve describewill neverallow theeditorto achiere the e xibility of physics-based
models,the hopeis that, whencoupledwith spatialediting techniquesuchaswarping, segmentation
and mapping,they will addto the repertoireof tools available to game designersand specialeffect
editors.
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