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Abstract
Essentiallyall computergraphicsrenderingassumesthat the re�ectanceand texture of surfacesis a staticphe-
nomenon.Yet, there is anabundanceof materialsin naturewhoseappearancevariesdramaticallywith time, such
ascracking paint, growinggrass,or ripeningbananaskins.In this paper, wetake a signi�cant steptowardsad-
dressingthis problem,investigatinga new classof time-varyingtextures.We make threecontributions.First, we
describethecarefully controlled acquisitionof datasetsof a varietyof natural processesincludingthegrowthof
grass,theaccumulationof snow, andtheoxidationof copper. Second,weshowhowto adaptquilting-basedmeth-
ods to time-varyingtexture synthesis,addressingthe importantchallengesof maintainingtemporal coherence,
ef�cient synthesison large time-varyingdatasets,andreducingvisualartifactsspeci�c to time-varyingtextures.
Finally, we showhow simpleprocedural techniquescan be usedto control the evolution of the results,such as
allowing for a fastergrowthof grassin well lit (asopposedto shadowed)areas.

1. Intr oduction

A greatdealof work in texture analysisandsynthesishas
beenpresentedin bothcomputergraphicsandcomputervi-
sionin recentyears.However, texturehasusuallybeencon-
sideredstatic—thesurfaceitself remainsconstantthrough
time. Many real-world texturesareof interest,however, ex-
pressly becauseof the way their appearancechangesor
evolveswith time. Considerthe fractureof mud drying in
ariverbed,thegrowth of grassonahillside,or theformation
of oxidesoncopper. Eachof thesenaturalprocessesformsa
patternover time,oftenproducingstrikingeffects.

The modeling of theseprocesses,and more generally
pattern formation in nature is a dif�cult problem, that
has long beenstudiedin biology, physics and mathemat-
ics (see[Mei92, CH93, Ada03] for reviews). While some
signi�cant progresshasbeenmade,it is generallyrecog-
nized [Bal99] that the real world is far too complex to be
describedby a limited setof mathematicaltools.

In this paper, we avoid the inherentdif�culties in math-
ematical modeling by developing an example-basedap-
proach.We usetime-lapseimagesto capturethe complex-
ity in a rangeof real world processes,including biological
growth anddecay, breakdownssuchasstressfracture,accu-
mulationof particles,andstatechangessuchasoxidation.
We thensynthesizelargerspatialpatternsof theseprocesses
using a new time-varying texture synthesisalgorithm (for
example,see�gure 1). Ourspeci�c contributionsare:

Databaseof time-varying textures: Thispaperpresentsan
initial datasetof time-varying textures(someof which are
shown in �gure 2), which canbe a useful resourcefor fu-
ture efforts. Capturingthe time variation of appearanceis
a dif�cult problem,sincemany phenomenasuchas grass
growth occuroverfairly longtimescales,makingacquisition
challenging.Furthermore,to beusablefor texturesynthesis,
theacquisitionmustbecarriedout in a carefullycontrolled

manner, preservingparameterssuchaslighting andhumid-
ity overtheentireduration.This is anongoingeffort, andthe
entiredatabase,which is the�rst suchdataon time-varying
appearance,will madeavailableuponpublication.

Time-varying texture synthesisalgorithm: Synthesizing
texturesthat vary acrosstime is a challengingproblembe-
causetheappearancecanevolve andchangecompletely. In
this paper, we take an important�rst step,showing how to
adaptquilting-basedmethodsfor statictexturestosynthesize
time-varyingtextures.We do soby addressingthreeimpor-
tant challenges.First, a synthesistechniquemust preserve
the temporalcoherenceor continuity in the original data—
wecannotsimplysynthesizeeachframeseparately. Second,
dealingwith largetime-varyingdatasetsrequiressigni�cant
computation,makingef�ciency a concern.Finally, we must
addresstemporalvisualartifacts(suchascracksin paintap-
pearingat thesametime in variouspartsof thesynthesized
texture if we pastethe sameblock from the input imagein
various locations).We solve theseproblemsto develop a
simplesynthesisalgorithmthatworkswell for a wide class
of time-varyingtextures.

Controllable time-varying texture synthesis: In many
real-world situations,the time evolution will be different
for differentlocationsin thetexture.For instance,grasswill
grow fasterin well lit areasratherthanthosein shadow. The
rateatwhichpaintcracksmaydependonthecurvatureof the
surface.Theseareissuesthatdo not arisefor statictextures
andhave thereforenotbeenaddressedin previouswork. We
developasetof simpleproceduraltoolsthatallowsauserto
controltherateof time-variationof differentlocationsonthe
texture,allowing for controllabletime-varying texture syn-
thesis.
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Figure1: Sampleimagesof a timesequencewith synthesizedtime-varyingtexturesfor crackingpaintandgrowinggrass(theinputsequences
are foundin rows1 and2 of �gur e 2). Thispaperoffersa new capabilityin computergraphics,of renderingthesechangesin appearanceover
time, that cannotbeaddressedbycurrentmethodsfor statictextures.

2. PreviousWork

Our work is relatedto muchof the recentliteraturein tex-
turesynthesis,motionor dynamictextures,andthestudyof
patternformationandweatheringin computergraphics.

Texture Synthesis: There is a greatdeal of recentwork
on synthesizingtextureby example.Oneapproachis to use
parametric[HB95,PS00] models;thesearegenerallymore
usefulin characterizingtexturesfor analysis,ratherthansyn-
thesis.Anotherapproachis to usenon-parametricmethods,
with acollectionof examplesfrom thesourceimageusedto
representthe texture. DeBonet[DeB97] generatestextures
by samplingfrom multiscale�lter responses.In [EL99], pix-
els are copieddirectly from the sampletexture. [WL00]
extendedthis work, usinga multiscaleapproachandvector
quantizationfor fasterprocessing.Their algorithmwasex-
tendedto synthesison 3D surfacesin [WL01] and[Tur01],
andto synthesison 3D surfaceswith lighting andviewpoint
variation in [TZL� 02]. More recently, several algorithms
havesynthesizedtexturesby placingentirepatchesfrom the
sampleimage[EF01,LLX � 01,KSE� 03]. Patchbasedmeth-
odshave generallydemonstratedthebestandmostef�cient
sample-basedtexturesynthesisresultsto date.

All of thesemethodshave consideredstatictextures.As
discussedin theintroduction,theextensionto timevariation
is challenging,sincewe mustconsidertemporalcoherence,
ef�ciency andreductionof perceptuallydistractingtemporal
artifacts.Oneof the main contributionsof this paperis to
solve theseproblemsin order to adaptpatch-basedtexture
synthesisalgorithmsto synthesizetime-varyingtextures.

Motion texture: Work termed as dynamic texture has
beenstudied in tcomputergraphicsand computervision
[SP96, SSSE00, SDW01, WZ02]. However thereare some
importantdistinctionsbetweenthatwork andourown. First,
the“texture” in previouswork hasoftenbeenaresultof rep-
etition in time, arising from motion in the sequence(e.g.,
fountainsor waterfalls within a larger scene,rippleson the
surfaceof water).In contrast,we look at surfacesthatmeet
the traditionalde�nition of texture in eachframe(i.e., the
textureis stochasticallystationaryandrepeatsin space—but
thevisualappearanceof the texture is changingover time).
Previous work with time-varying texture is perhapsmore
aptly referredto as“motion texture.” Furthermore,timerep-
etition is key to the operationof thesedynamictexture al-
gorithms,sincethey arebasedon motionmodelsor similar-
ity betweenframes.Our datasetsareby de�nition changing

Appearance Time-VaryingAppearance

BRDF TBRDF
TF (TextureFunction) TTF (Time-Varying TextureFunction)
BTF [DVGNK99] TBTF

Table 1: Extensionof commonappearanceconceptssuch as the
BRDF, texturesandlight andview varyingtextures(BTFs)to time-
varyingappearance. In thispaper, wefocusonthetime-varyingtex-
ture function(TTF).

their appearancecompletelyover time,sothereis no notion
of repetition.For this reason,themethodsusedin previous
work donotapplyto thedatasetsweconsider.

Pattern Formation: Somerecentwork has focusedon
physical simulation of the patternsgeneratedby weath-
ering ( [DEWJ� 99] and cited references)and corro-
sion [MDG01]. Earlier work has focused on reaction-
diffusion methods[Tur91, WK91] andL-systemsfor plant
geometry[PL90]. A commonthreadin thesemethodsis that
the texturesareprocedurallygenerated,throughmathemat-
ical equationsandsimulation.As with any proceduraltex-
ture,synthesisisoftendif�cult tocontrol,andachievingare-
sult thatmatchesagivensamplerequiresagreatdealof trial
anderror. Our methodhasthe advantagethat it is derived
from thesampleitself, andsogeneratingaresultmatchinga
desiredappearancereliesonly onobtainingasample.

3. Time-Varying Appearance

We �rst formalize the notion of time-varying appearance.
Onecanimagineextendingmany commonappearancecon-
cepts,such as the BRDF, textures,and the Bi-directional
Texture Function (BTF [DVGNK99]) for light and view
variation,to includeanadditionaltime dimensionasshown
in table1. In this paper, we focuson textures,introducing
theTime-varyingTextureFunctionor TTF, assuminglight-
ing andviewpoint are�x ed.Theextensionto TBRDFsand
TBTFsremainsa rich areaof futurework.

The TTF conceptis a simpleextensionof static texture,
andwecandenotethetime-varyingtexture p as

TTF = p(x;y;t); (1)

where(x;y) is thespatiallocationon thesurface(or equiva-
lently, thecorrespondingpixel in theimage)andt is thetime
(which in previouswork hasbeenassumedstatic).
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Figure2: Examplesfromour databaseof time-varyingtextures.Fromtop to bottom,grassgowth,crackingpaint,copperpatination,ripening
banana,andsnowaccumulation.Imageswereacquiredwith controlledlighting conditionsat timest apartovera total durationd. Each dataset
containsfrom 200 to 2500imagestaken at intervalsrangingfromt = 5 secto t = 10 min, and over a duration rangingfrom d = 20 min to
d = 7 days.Thistime-varyingappearancedatabaseis the�r st of its kindandrepresentsa valuableresourcefor future research efforts.

4. TTF Acquisition

The�rst stepin investigatingtime-varyingtexturesis to ac-
quiredatasetsrepresentingthem—someexamplesareshown
in �gure 2. Acquiring gooddatasetsis a challengingprob-
lem for severalreasons.First,many of thenaturalprocesses
weconsideroccuroveraconsiderableduration(severaldays
for grassgrowth andripeningof bananaskin). Second,it is
dif�cult to control conditionssuchasthe lighting over this
duration,which is essentialto obtaingooddatafor texture
synthesis.Giventheconsiderabledif�culty in acquiringcal-
ibratedtime-varyingdata,we believe this databaseto bean
importantcontribution;wewill extendit tomorenaturalpro-
cessesandmake it availableuponpublication.

Imagesof our acquisitionfor several of the textures is
shown in �gure 3. We acquire imagesusing time-lapse
photography, recordingphotographsat giventime intervals.
Thesetime intervals rangedfrom � ve seconds(paint dry-
ing andcracking,snow accumulatingon slate)to between
1 and10 minutes(grassgrowth, oxidatingcopper, ripening
banana),andthedurationsover which theimageswerecap-
tured rangedfrom twenty minutes(snow) to several days
(grassand banana).In all, we obtainedbetween200 and
2500imagesfor eachtime-varyingprocess.

Sincethe de�nition for TTFs hasthe lighting andview-
ing angles�x ed,theacquisitionsystemmusthavecontrolled
viewing conditionsover time. We useda �x ed cameraand
�x ed incandescentlight sources,while the camerashutter
was controlledautomatically. Two separatecon�gurations
wereused,dependingonthetimescaleof variation.For pro-
cessesthathappenover a longerperiodof time (e.g.several
days,as with grassgrowth), a Nikon CoolPix 990 digital
camerawasusedwith cameracontrol via the USB port on
a personalcomputer. The shuttercould be triggeredup to
every 30 seconds,with an accuracy of plus or minusa few
seconds.For fasterprocessesthathappenoverafew minutes
up to a few hours(e.gsnowfall), a Nikon D1 digital camera
wasusedwith cameracontrolvia aPocketWizardMultiMax
transceiver remotetriggering device. The shuttercould be
triggeredasfastaseverysecondwith veryhighaccuracy.

The illumination must also be carefully controlled to
maintainconsistency acrosstheentiredataset.For processes
thathappenon a shorttime scale(e.g.,snow falling, where
only natural light is used),the lighting is assumedto be
approximatelyconstant.For longeracquisitions(e.g.,grass
growth), however, we controlledthe lighting by enclosing
the sampleandcamerain a light-tight aluminumbox with
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Figure3: Imagesof acquisitionfor (fromleft to right) growinggrass,dryingandcrackingpaint,patinatingcopper, andripeningbanana.

oneor more�x edincandescentbulbs(for mostacquisitions,
two 60Wbulbs)for illumination.

Many of the samplesalso requireda somewhat special-
ized set-upto achieve the desiredtime-varying texture ef-
fect. In somecases,this is straightforward.For instance,for
the snow dataset,we simply positioneda cameraabove a
slatetile during a snowstorm.The slatewasclearedof all
snow beforeacquisition,and imageswere acquiredevery
few secondsasthesnow accumulated.For the ripeningba-
nanadataset,weusedseveralbananasplacedin a light-tight
aluminium box and allowed to ripen over approximately
oneweek.Two �x edincandescentbulbsweretheonly light
sourcesin thebox.Below, wediscussin somewhatmorede-
tail, thesetupfor the�rst threeexamplesin �gure 2.

GrassGrowth: Achieving grassgrowth proveddif�cult in
the enclosedenvironmentof the light tight box. Therefore,
we usedCosmicKittycat grass,a fastgrowing grasscom-
monlyavailableatpetstores,thatis packagedin its own soil.
After a threedaygerminationperiod,wheretheseedswere
keptin adark,moistlocation,thegrassbeganto grow. It was
thenplacedin the light tight box, andthegrassgrew rather
quickly. Thebox lid wasleft slightly openandcoveredwith
blackout fabricfor ventilation.Two �x edincandescentbulbs
providedtheonly lighting.

Weathered Paint: We useda pine board with DecoArt
weatheredwoodcrackingmediumandredacrylicpaint.The
weatheringmediumwasappliedto theboardandallowedto
dry for 20 to 30minutes.Thepaintwasthenappliedandthe
datasetacquiredin openairwith two �x edincandescentlight
sources.Thesizeof crackscouldbecontrolledby changing
thethicknessof theweatheringmediumor thepaint.

Copper Oxidation: We useda pieceof coppersheeting
with SophisticatedFinishesPatina GreenAntiquing Solu-
tion. Thesamplewasacquiredin openair to speedevapora-
tion time, and blackout fabric was usedto keepthe light-
ing, provided by two �x ed incandescentbulbs, consistent
throughoutthe acquisition.The liquid patinationsolution
wasappliedto the copperandoxidationvisibly began im-
mediately. As thechemicalevaporated,thepatinaformed.

Notethatall of our acquisitionsareassumedindependent
of geometry, andareacquiredon planarsurfacesor asclose
to planaraspossiblein thecaseof thebanana,for example.
Althoughnon-planarityandgeometricdeformationsdo lead
to movementof surfacepointsin theimage,weconsiderthis
effect to be relatively small—however, it may leadto some
degradationin thevisualqualityof our �nal results.

5. TTF Synthesis

Many algorithmsfor synthesizingtexturesin both 2D and
3D have beenintroducedin recentyears,as discussedin

Section2. In general,the mostsuccessfulalgorithmshave
relied on copying pixels or patchesdirectly from the sam-
ple imageand�nding best�t boundariesbetweenthem.It
would thereforebeidealto �nd asimpleadaptationof these
approachesto synthesizetime-varying textures.This would
alsoenablethemany recentextensionsandimprovementsto
texturesynthesisto alsoapplyimmediatelyto TTFs.

However, onecannotdirectly apply previous methodsto
TTF synthesis.Theproblemis dif�cult becausethe texture
canevolve, completelychangingits appearanceover time.
Thereare threemain challengeswe addressin this work.
First, we must preserve the temporalcoherenceand grad-
ualtimevariationin theoriginal inputsequence—something
which statictexturesynthesismethodsdo not address.Sec-
ond,wemustaddressef�ciency concernsgiventhatwemay
be dealingwith hundredsto thousandsof timesmoredata
thanfor statictexturesynthesis.Third, wemustalleviatevi-
sualartifactsfrom temporalandspatialrepetitionsthat can
arisewith time-varyingtexturesynthesis,but arenotpresent
for staticalgorithms.In thissection,wedevelopasimpleal-
gorithmthatsolvestheseproblems,andenablesimagequilt-
ing [EF01] to beadaptedto time-varyingtextures.

5.1. Preserving Temporal Coherence

Perhapsthe mostbasicapproachis to quilt eachframein-
dependently. As shown in �gure 4b, while eachindividual
framelooksreasonable,their timesequencedoesnotexhibit
any kind of temporalcoherence,leadingto considerableran-
domnessand�ick eringasshown in thevideo.

Thereareseveral possiblewaysto addressthis for time-
varying textures.Insteadof standardquilting, which quilts
blocksthathave a smallspatialextent,but are�x edin time,
we could considerquilting regionsthat areonepixel wide
in space,but vary over time. In general,one might imag-
inequilting arbitraryspatiotemporalregions.In practice,we
havefoundit very importantto preserve theentiretimevari-
ation of the original input block to maintaintemporalco-
herence.Hence,we chooseto quilt blocksthathave a small
spatialextentasin theoriginalalgorithm,but extendoverthe
entire timesequence(�gure 4c). We have foundthis simple
approachsuitablefor awidevarietyof time-varyingtextures.

Considerthe input time-varyingtexture p(x;y;t). The in-
ner loop of the quilting algorithm involves a comparison
phase,which determineswhich block shouldbe chosento
bepastedin thecurrentlocation.For statictextures,we can
form anerrormetricas

E = å
x;y

(p1(x;y) � p2(x;y))2; (2)

wherewe arecomparingsmallblocksp1 andp2. To extend
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Figure 4: Preservingtemporal coherencein TTF synthesis.In (a) we showthe original input data (zoomedin by a factor of 2). In (b), we
synthesizeeach frameseparately usingstandard image quilting, which losestemporal coherence(note the large differencein closeupsfor
adjacentframes).In (c), wequilt over theentire timesequence, comparingandcopyingthefull timesequencefor sourceblocks.Thisapproach
preservestemporal coherencemuch better.

this ideato theentiretimesequence,we insteaduse

ETTF = å
t
å
x;y

(p1(x;y;t) � p2(x;y;t))2: (3)

Whenwe pastea block into the synthesizedtexture, we
pastethe samespatialblock for the entire time sequence,
preservingthe original time variation.In our approach,we
alsousethesameseamto join blocksacrosstheentiretime
sequence(thus also ensuringtemporalcoherenceof these
seams),with thebestseamor cut locationchosenbasedon
considerationof all theframes.In effect, insteadof quilting
smallsquareblockswith spatialbut no temporalextent,we
quilt cuboidswith asmallspatialextentasbefore,but whose
temporalextentis theentireoriginal sequence.
5.2. Ef�cient Time-Varying Synthesis

The inner loop comparisonin equation3 is linear in the
temporalextent (numberof framesin the time sequence).
Thus, if we have acquiredone thousandframes,TTF syn-
thesiswill beonethousandtimesslower thansynthesizinga
singlestatictexture.Furthermore,thememoryrequirements
will alsogrow linearly with the numberof frames.In this
subsection,wedevelopanoptimizationusingsingular-value
decompositionto compresstheoriginaldatasetandspeedup
the comparisons.This approachis inspiredby recentwork
on optimizingstatic2D texturesynthesis[ZG04], andtech-
niquesto compresslighting andviewpointvariationfor bidi-
rectionaltexture functions,suchas3D textons[LM01]. We
usea linearSVD methodappliedto thevery differentprob-
lemof representingvariationwith time,to speedupthecom-
parisonphaseof thealgorithm.It shouldbeemphasizedthat
this compressiononly optimizesthe comparisonsin equa-
tion 3. The �nal outputalwayscopiesblocksdirectly from
theoriginal inputwithoutcompression.

Since textures are by de�nition repetitive in space,we
believe that thereexists a low dimensionalbasisfor time-
varying pixels.To computethis basis,we collect the time-
varying texture data p(x;y;t) for all m original pixel loca-
tions(x;y) andall n frames(labeledwith timet) into a large

m� n matrix (a typical sizewouldbe65536� 500),

Tm� n =

0

B
B
@

p(x1;y1; t1) p(x1;y1; t2) : : : p(x1;y1; tn)
p(x2;y2; t1) p(x2;y2; t2) : : : p(x2;y2; tn)

: : : : : : : : : : : :
p(xm;ym; t1) p(xm;ym; t2) : : : p(xm;ym; tn)

1

C
C
A

(4)

Thesingularvaluedecompositionof T is thenperformed,

Tm� n � Um� kSk� kV
t
n� k; (5)

wherethe columnsof U andV hold the �rst k eigenvec-
torsor singularvectorsspatiallyandalongthetime axesre-
spectively. This decompositioncan be doneseparatelyfor
eachcolor channelfor RGB images,or we cansimply con-
siderusing3m pixel values.Comparisonof pixels in inten-
sity spacein equation3 for eachpixel is simply replacedby
comparisonin time-varyingpixel coef�cient space,i.e.com-
paring the correspondingrows of U, after weighting each
columnby the magnitudeof the singularvaluesin S. The
major bene�t is that eachrow of U hasonly k entries,in-
steadof then framesin theoriginal input.

Figure5 (left) showsaplot of thereconstructionerrorus-
ing acertainnumberof eigenvalues.For mostof thetextures,
a rank 15 approximationhasan error of under1%, andwe
obtaina speedupby oneto two ordersof magnituderelative
to using the full time sequence.For the grassdataset,the
errorfallsoff moreslowly. This is becausethereis consider-
ablevisualchangeover thelengthof thesequence,with the
grassgrowing andelongating.Nevertheless,15 eigenvalues
still areaccuratewith only a 5% error. We alsoshow there-
constructionanderror usinga differentnumberof singular
valuesin �gure 5 (right) for thesnow dataset,again demon-
stratingthata low rankapproximationis accurate,andsuit-
ablefor thecomparisonsin texturesynthesis.

In terms of a computationaland memory savings, the
complexity is now linear in the numberof eigenvectorsk,
insteadof the numberof framesin the original input se-
quence.Sincewe use15 eigenvectorsinsteadof the hun-
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Figure5: Speedupsof oneto twoordersof magnitudecanbeobtainedbycompressingtheoriginal datasetusingSVD.Left: Graphsshowing
percentage RMSerror in representingthevarioustime-varyingtexturesusinga certainnumberof eigenvalues.Right: Comparisonof recon-
structionswith different rankson the snowaccumulationdataset.Themagni�ed differenceimagesare shownin the bottomrow. While the
visualerror in usinga rank1 approximationis clear, theapproximationrapidly convergesto thetrue image, with little perceptibledifference
in a rank15approximation.

Figure 6: Time-varyingeffectssuch asgrowingandelongatingof grasscanbeaddressedby settingan elongatedrectangularblock sizefor
texture synthesis.(a) is theoriginal data,(b) is usingelongated320� 64 rectangularblocks,and(c) is usingsmaller64� 64 standard square
blocks.Becausethegrassgrowsupward, theelongatedblocksperformbetter, particularly for later frames(204andespecially255).

dredsto thousandsof original frames,we obtaina speedup
of oneto two ordersof magnitude.NotethatweusetheSVD
only for comparisons,to increaseef�ciency, but copy theac-
tual imagedatafrom the original time-varying texture, so
thereis no lossin sharpnessor �delity of theoutput.

5.3. ReducingVisual Artifacts

So far, we have devloped an ef�cient algorithm for time-
varyingtexturesynthesisthatpreservestemporalcoherence.
Goodresultscanbe obtainedfor mostexamplesusingthis
approach(see�gure 4 for instance).However, in somecases,
the natureof time-varying texturesleadsto speci�c visual
artifactsnot usuallyfoundin statictexturesynthesis.In this
subsection,we will describesomeof theseissues,showing
how somesimpleapproachesto settingparametersandopti-
mizing thealgorithmcanimprovevisualquality.

Setting block size—Elongatedrectangular blocks: In
standardquilting-basedmethods,one uses small square
blocksto pasteaspatches,with theblock sizesetbasedon
thefeaturesizeof thetexture.For time-varyingtextures,this
featuresizecanchangeovertime,suchaswhengrassgrows,

with thebladeselongating.An exampleis shown in �gure 6.
If we use64� 64 squareblocks,as in �gure 6c, good re-
sultsareobtainedfor early frames(85 and149).However,
for laterframes(204andespecially255),asthegrassgrows
longer, thetiling becauseof theblocksis fairly obvious.On
the other hand,simply using elongatedrectangularblocks
of size320� 64, asin �gure 6b, allows us to synthesizean
effective textureoveramuchlongersequence.

Reducing repetitions—Jittering time sequence: In the
basicalgorithm, the entire time sequenceof eachpatchis
copied from the original data.Since the samepatch will
be placedat variouspartsof the image,any event in that
patch (suchas a crack appearing)will happensimultane-
ously throughoutthe image,which can be distractingand
repetitious.Note that this is a time-relatedrepetition (the
sameevent happensin different placesat the sametime),
thatis notanissuefor statictexturesynthesis.

We addressthis problemby creatingsomerandomness
in thetime sequencefor differentinstancesof a patchin the
synthesizedtexture.Wedothisby jittering thewaythepatch
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Figure7: Theeffectsof somerepetitionsin time-varyingtexturescanbereducedbyusingjittering and�ltering low-frequencygradients.The
toprow(a) showssomeearly framesanda later framefromtheoriginal crackingpaintsequence. Belowthat (b), weshowthebasicalgorithm.
In thiscase, therearetwoissues,causingthe�nal repeatedtexturepatternontheright. First,thetimesequenceis thesamefor thesameoriginal
block pastedat differentlocationsin thetexture (greencloseupsandgraphat thebottomright). Second,theoriginal painthasa low-frequency
spatialgradientwith a slight color shift from left to right, that restrictsthechoiceof blocks for matching and thequality of the results(blue
closeup).Thelower row (c) showsa modi�ed algorithmwhere thetimesequenceis jittered(seethegreencloseupsnowandthegraphon the
right) anda low-pass�lter is appliedbefore texture synthesisto bettermatch thecolors (bluecloseup).Thesynthesizedtime-varyingtexture
nowmore faithfully representstheoriginal, withouttherepetitionsobservablein thebasicalgorithm.

is copiedfrom theoriginal image.That is, insteadof frame
100 comingexactly from frame100 of the original, it may
comefrom frame97or 103.To implementthis,

psynth(x;y;t) = porig(x0;y0; f (t)) ; (6)

wheretheblockfrom (x0;y0) in theoriginal is pastedinto the
synthesizedtexture as usual,but we also copy the sample
from anew time locationt0= f (t).

Theinterestingissueis how to constructthefunction f to
allow jittering. Notethattherearetwo propertieswewantto
maintain.First, thetime variation f (t) shouldbemonotoni-
cally non-decreasing.Second,it shouldnotdeviatetoomuch
from theoriginal timeline,i.e.k f (t) � t k� e for someuser-
speci�ed value of e. A function with thesepropertiescan
be constructedusinga simpleproceduraltechniquewith a
random-numbergeneratord (that givesvaluesin the range
[� 1;1]). Weinitially de�ne f (0) = 0. Then,wesimplycom-
putefor thenext framein thesequence,

f (t + 1) = f (t) + 1+ d; (7)

providedthis keepsthefunctionwithin thetolerance.If this
wouldcausethetoleranceto beexceeded,wesetd = 0.This
approachprovidesasimplewayof randomizingthetimese-
quence,asseenin thegraphat thebottomright of �gure 7.

Filtering low-fr equencygradients: In certaincases,the
originalmaterialhasa low-frequency gradient,suchasfrom
left to right in thepaintexample.Thismakestexturesynthe-
sishard,sincepatchesfrom theright of theoriginal sample
will not �t well with patchesfrom theleft, dueto theinten-
sity difference,evenif their time variationsmatch.This can
leadto two problems,asseenin �gure 7 (row b) andtheblue
closeup.First,therecanbedistractingcolorgradientswithin
a region of the synthesizedtexture.Second,becauseof the

dif�culty in �nding good matches,the synthesizedtexture
mayexhibit repetitions.

To addressthis problem,we may low-pass�lter the im-
ages(in practice,we choosea representative framefor this
purpose),to obtain the low frequency gradient.The image
can then be normalizedwith respectto this gradient,and
all texturesynthesisoperationscanbepeformedon thenor-
malizedimagesequence.If desired,the�nal resultfor each
framecanthenbemultipliedby thelow-frequency variation
to capturetheoriginal spatialgradients.

The effectsof jittering and low-pass�ltering areshown
to improve thequality of thesynthesizedpaint sequencein
�gure 7. Thebasicalgorithm(b) exhibitssimilareventshap-
peningthroughoutthe texture due to identical patchesbe-
ing copied(greencloseups).The color gradientsalso lead
to adif�culty in selectingpatchesfor texturesynthesis(also
leadingto therepetitionsin theresulton theright), andcre-
atesomewhatdistractingsmallcolorgradientsin theresults.
Applying jittering andlow-pass�ltering largely eliminates
thesevisualartifactsin row (c).

5.4. Results

We have usedour algorithmto synthesizetime-varyingtex-
tures for several examplesin our database,including all
thoseshown in �gure 2. For example,thegrassandpaintre-
sultswereshown in �gures 6 and7 respectively. Thebanana
skin examplewasshown earlier in �gure 4. Resultson the
snow datasetareshown laterin �gure 9. In all of thesecases,
wehavebeenableto generatehighquality time-varyingtex-
tures.Sincethesedatasetsrepresentareasonablywiderange
of naturalprocesses,we believe that our TTF synthesisal-
gorithmis a simpleapproachthatcancapturea fairly broad
classof time-varyingappearancesfor computergraphics.
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Figure 8: A fruit bowl with ripeningbananas.Thebananaskinis a time-varyingtexture, synthesizedusingour algorithm.Notealsothat we
cancombinedynamicTTFswith standard statictexturesfor thetabletopandbowl.

Our algorithmcanalsobeappliedwith standardtexture-
mappingto entirescenes.In addition,TTFscanbecombined
with standardstatic textures.Figure 1 shows applying the
paint TTF to the wall of the house,and the growing grass
TTF to the outside,to give the time-varying appearanceof
paintcrackingon thewall andgrassgrowing in thegarden.
Figure8 appliesthebananaTTF to asceneof fruit in abowl,
showing arealisticexampleof ripening.Thesescenesrepre-
sentanew capabilityin computergraphics,of easilycreating
imagesandvideosof time-varyingsceneappearance.

6. Controllable TTF Synthesis

In real-world texturesandprocesses,the rateat which the
processunfoldsis a functionof many parametersincluding
theunderlyingshape,andenvironmentalfactorsin thescene
suchaslighting, temperature,andhumidity [ML93, Sti02].
For instance,the rate of grassgrowth will dependon the
lighting (growth will be fasterin well lit ratherthanshad-
owed regions).Paint may crack fasteron curved surfaces.
Theseissuesareusuallynot relevant to statictextures,and
have thereforebeenunexploredin previouswork on texture
synthesis.Furthermore,it is notclearhow to obtaintheseef-
fects,sinceour input consistsof only a singletime-varying
texture sample,and we usually do not know the exact (or
evenapproximate)dependenceonenvironmentalparameters
andspatiallocations.In thispaper, weaddressthisimportant
problemby taking a phenomenologicalapproach,develop-
ing a setof proceduraltoolsthatareeasyto specifyandcan
beappliedto obtaindesirableuser-controlledeffects.

To controlthetimeprogressionof aTTF, weresamplethe
databasedon somepropertyof thesurfaceor environment.
The desiredresamplerateis representedby a mapM(x;y),
which is a functionat eachpoint on the targetsurface.The
mapM indicatesa “resamplefactor”, e.g.,M(x;y) = 1 in-
dicatesa pixel that shouldprogressat the samerateasthe
original capturedsequence,M(x;y) = 2 at twice the origi-
nal rate,M(x;y) = 0:5 at half the original rate,andso on.
In the examplesshown here,the lengthof the sequenceis
determinedby thefastestpixel.

For eachpixel in eachframeof the outputsequence,the
sourceframe from the original sequence,ft (x;y), for that
pixel is computedto implementtheresampling:

ft (x;y) = t � M(x;y) (8)

wheret is the frame numberin the output sequence,and
M(x;y) is theresamplefactorfor thatparticularpixel.

ThemapM canbea functionof any surfaceor environ-
mentalparameter. Ideally, thefunctionwouldbedata-driven,
utilizing multiple datasetsthat track the rateof changever-
sustemperatureor surfacecurvature,for example.For the
purposeof demonstration,however, we computeM using
simplephenomenologicalexpressions,that allows for easy
control by the user. Figure 9 shows threeexampleswhere
the synthesizedTTF is controlledaccordingto an outside
parameter. First (a), thegrowth rateof grassis controlledby
theintensityof light falling on thesurface:

M = (
1
r2 cosq)2 (9)

wherer is thedistanceto thesourceandq is theangleof the
sourceto the surfacenormalat pixel (x;y). The function is
squaredto provideamoredramaticfalloff.

Next (b), the weatheringrate of paint is controlled by
the curvatureof the surface.In this example,the curvature
changesin only onedimension,sowe canconsiderthesur-
faceasacollectionof planecurves,eachhaving theform of
asigmoidfunction:

y(x) =
1

1+ e� x (10)

Thecurvatureis thencomputedusing:

M =
j d2y
dx2 j

j1+ ( dy
dx)2j

3
2

(11)

Finally (c), the accumulationof snow on slate is con-
trolledby theuserde�nedmapshown, thatis simplythesig-
graphlogo.M is agrayscaletexturemapwith valuesranging
from 0 to 1, which determinestherateat which snow accu-
mulateson thesurface.Thus,thefalling snow spellsout the
siggraphlogoover time.

In Figure10, a soccerball is compositedon grassandits
shadow mapis usedto control thegrassgrowth TTF. Grass
growth occursat a slower rate in the shadowed region. An
imageof the soccerball was capturedat a viewing angle
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Figure 9: Time-varyingtexturescanbecontrolled simplyusingimagesthat correspondto resamplingmaps(leftmostcolumn)specifyingthe
rateof evolutionfor differentpixels.Themapsare determinedphenomenologically basedon physicalconsiderationsor userinput such as(a)
light sourceintensity, (b) curvature, and(c) manuallyspeci�ed.Thebrighter regionson themapevolvefasterin thetime-varyingtextures.

Figure10: Our approach providesa numberof waysto control time-varyingtexturesto mimicthebehaviorof thephysicalworld. In thiscase,
thegrassgrowthTTF is controlledusinga shadowmap,correspondingto theshadowof thesoccerball.

closeto that of the grassacquisitionon a solid color back-
ground.The soccerball andthe shadow castby it onto the
backgroundwere extractedfrom the imageand overlayed
on the synthesizedgrass.The shadow mapactsasthe map
M for resamplingtheTTF.

7. Conclusionsand Futur eWork

We have introduceda new classof textures,namelytime-
varying texture functions(TTFs), that capturethe appear-
anceof surfacesasthey evolveovertime.Thisleadsto anew
capability for computergraphicsrendering,to include the
dynamicevolutionof surfacesandscenes,goingbeyondtra-
ditionalnotionsof statictexture.Ourcontributionsincludea
newly acquireddatasetof time-lapseimagesfor many natu-
ral processes,a texturesynthesisalgorithmsuitedto thespe-
ci�c needsof time-varying textures,and new methodsfor

controllingthetimevariationandrateof progressionof these
texturesbasedonenvironmentalconditionsanduserinput.

Futurework includesfurtherstudyof theideaof control-
lability. This would includeacquiringphysically basedcon-
trollability parameters,i.e., texturesas they changedepen-
denton shapeor environmentalfactors.For example,TTFs
couldbecapturedon morecomplicatedgeometry, anda 3D
scancompletedsimultaneouslyto map the rate of change
to surfacenormalor curvature.Anotherexamplewould be
capturinggrassgrowth TTFs,suchasthatshown in this pa-
per, but with varying soil content,illumination conditions,
waterlevels,or temperatures.In acquiringthedatasetsused
in this work, we found that small changesin the environ-
mentor initial conditionswould leadto dramaticdifferences
in theprogressionand�nal stateof theTTF. Understanding
thesourceof thesechangeswouldcertainlybeenlightening.
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Finally, aswe notedin table1, theTTF is only onetime-
varying appearancerepresentation.We are also interested
in exploring time-varying BRDFs (TBRDFs) and the full
time-varying bi-directional texture function or TBTF, that
includeslighting andview variationaswell. We predictthat
the study of time-varying appearancepropertieswill be a
subjectof signi�cant futureinterest.
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