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Abstract

Essentiallyall computergraphicsrenderingassumeshat the re ectanceand texture of surfacess a static phe-
nomenonYet, there is an abundanceof materialsin nature whoseappeaancevariesdramaticallywith time, such
as cradking paint, growing grass,or ripening bananaskins.In this paper we take a signi cant steptowards ad-
dressingthis problem,investigatinga new classof time-varyingtextures.\We male three contributions. Fir st, we
describethe carefully contolled acquisitionof datasetsf a variety of natural processeicluding the growth of
grass,theaccumulatiorof snow andthe oxidationof copper Secondye showhowto adaptquilting-basedneth-
odsto time-varyingtexture synthesisaddressingthe important challenges of maintainingtempoal coheence
efcient synthesin large time-varyingdatasetsand reducingvisual artifacts speci c to time-varyingtextures.
Finally, we showhow simpleprocedual techniquescan be usedto contml the evolution of the results,sud as
allowing for a fastergrowth of grassin well lit (asopposedo shadowedgreas.

1. Intr oduction

A greatdeal of work in texture analysisand synthesishas
beenpresentedn both computergraphicsandcomputevi-

sionin recentyears.However, texture hasusuallybeencon-
sideredstatic—thesurfaceitself remainsconstantthrough
time. Many real-world texturesareof interest,however, ex-

pressly becauseof the way their appearancehangesor
evolveswith time. Considerthe fracture of mud drying in

ariverbedthegrowth of grassonahillside, or theformation
of oxideson copper Eachof thesenaturalprocesseformsa
patternover time, often producingstriking effects.

The modeling of theseprocessesand more generally
pattern formation in natureis a dif cult problem, that
haslong 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
describedy alimited setof mathematicatools.

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 realworld processesincluding biological
growth anddecay breakdovns suchasstresdracture,accu-
mulation of particles,and statechangessuchas oxidation.
We thensynthesizéargerspatialpatternof theseprocesses
using a new time-varying texture synthesisalgorithm (for
example,see gure 1). Ourspeci ¢ contritutionsare:

Databaseof time-varying textures: This paperpresentsan
initial datasebf time-varying textures(someof which are
shavn in gure 2), which canbe a usefulresourcefor fu-
ture efforts. Capturingthe time variation of appearancés
a dif cult problem,since mary phenomenauchas grass
growth occuroverfairly longtimescalesmakingacquisition
challenging Furthermoreto be usablefor texture synthesis,
the acquisitionmustbe carriedout in a carefully controlled

manney preservingoarametersuchaslighting andhumid-
ity overtheentireduration.Thisis anongoingeffort, andthe
entiredatabasewhich is the rst suchdataon time-varying
appearanceyill madeavailableuponpublication.

Time-varying texture synthesisalgorithm: Synthesizing
texturesthat vary acrosstime is a challengingproblembe-
causethe appearanceanevolve andchangecompletely In
this paper we take animportant rst step,shawving how to
adapfquilting-basednethoddor statictexturesto synthesize
time-varying textures.We do so by addressinghreeimpor
tant challengesFirst, a synthesisechniquemust presere
the temporalcoherencer continuity in the original data—
we cannotsimply synthesizeeachframeseparatelySecond,
dealingwith largetime-varying datasetsequiressigni cant
computationmakingef ciency a concernFinally, we must
addressemporalvisualartifacts(suchascracksin paintap-
pearingat the sametime in variouspartsof the synthesized
texture if we pastethe sameblock from the inputimagein
various locations).We solve theseproblemsto develop a
simple synthesisalgorithmthatworkswell for a wide class
of time-varyingtextures.

Controllable time-varying texture synthesis: In mary
real-world situations,the time evolution will be different
for differentlocationsin thetexture.For instancegrasswill
grow fasterin well lit areagatherthanthosein shadev. The
rateatwhich paintcracksmaydependnthecunatureof the
surface.Theseareissueghatdo not arisefor statictextures
andhave thereforenotbeenaddresseth previouswork. We
developasetof simpleproceduratoolsthatallows a userto
controltherateof time-variationof differentlocationsonthe
texture, allowing for controllabletime-varying texture syn-
thesis.
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Figure1: Samplémagesof atimesequencavith synthesizetime-varyingtexturesfor cracking paintandgrowinggrass(theinputsequences
are foundin rows1 and2 of gure 2). Thispaperoffers a new capabilityin computergraphics,of renderingthesechangesin appeaanceover

time, that cannotbe addressedy currentmethoddor statictextures.

2. Previous Work

Our work is relatedto much of the recentliteraturein tex-
ture synthesismotionor dynamictextures,andthe studyof
patternformationandweatheringn computergraphics.

Texture Synthesis: Thereis a greatdeal of recentwork
on synthesizingexture by example.Oneapproacthis to use
parametric[HB95, PS0Q models;thesearegenerallymore
usefulin characterizingexturesfor analysisratherthansyn-
thesis. Anotherapproaclis to usenon-paametricmethods,
with acollectionof examplesfrom the sourceimageusedto
representhe texture. DeBonet[DeB97 generategextures
by samplingirom multiscale Iter responsedn [EL99], pix-
els are copieddirectly from the sampletexture. [WLOO]
extendedthis work, usinga multiscaleapproachandvector
quantizationfor fasterprocessingTheir algorithmwas ex-
tendedto synthesison 3D surfacesin [WLO01] and[Tur01],
andto synthesion 3D surfaceswith lighting andviewpoint
variation in [TZL 02). More recently several algorithms
have synthesizedexturesby placingentire patchesfrom the
samplemage[EF01, LLX 01,KSE 03]. Patchbasedmeth-
odshave generallydemonstratethe bestandmostef cient
sample-basetixture synthesigesultsto date.

All of thesemethodshave consideredstatictextures.As
discussedh theintroduction the extensionto time variation
is challenging sincewe mustconsidertemporalcoherence,
ef ciency andreductionof perceptuallydistractingtemporal
artifacts.One of the main contributions of this paperis to
solve theseproblemsin orderto adaptpatch-basedexture
synthesisalgorithmsto synthesizdime-varyingtextures.

Motion texture: Work termed as dynamic texture has
beenstudiedin tcomputergraphicsand computervision
[SP96 SSSE0QSDWO01, WZ02]. However there are some
importantdistinctionsbetweerthatwork andour own. First,
the“texture” in previouswork hasoftenbeenaresultof rep-
etition in time, arising from motion in the sequencde.g.,
fountainsor waterflls within alarger sceneyippleson the
surfaceof water).In contrastwe look at surfacesthatmeet
the traditional de nition of texture in eachframe (i.e., the
textureis stochasticallystationaryandrepeatsn space—but

thevisual appearancef the textureis changingover time).

Previous work with time-varying texture is perhapsmore
aptly referredto as“motion texture” Furthermoretime rep-
etition is key to the operationof thesedynamictexture al-

gorithms sincethey arebasedn motionmodelsor similar

ity betweerframes.Our datasetsreby de nition changing

Appearance Time-Varying Appearance

BRDF TBRDF

TF (Texture Function)  TTF (Time-Varying Texture Function)
BTF [DVGNK99] TBTF

Table 1: Extensionof commonappearanceconceptssud as the
BRDF, texturesandlight andview varyingtextures(BTFs)to time-
varyingappeagance In this paper wefocusonthetime-varyingtex-
ture function(TTF).

their appearanceompletelyover time, sothereis no notion
of repetition.For this reasonthe methodsusedin previous
work do notapplyto the datasetsve consider

Pattern Formation: Somerecentwork hasfocusedon

physical simulation of the patternsgeneratedby weath-
ering ( [DEWJ 99] and cited references)and corro-
sion [MDGO1]. Earlier work has focused on reaction-
diffusion methods[Tur91, WK91] and L-systemsfor plant
geometrny{PL9(. A commonthreadin thesemethodss that
the texturesare procedurallygeneratedthroughmathemat-
ical equationsand simulation.As with ary proceduratex-

ture,synthesiss oftendif cult to control,andachiezing are-

sultthatmatches givensamplerequiresa greatdealof trial

anderror Our methodhasthe adwantagethat it is derived

from thesampleitself, andsogeneratingresultmatchinga

desiredappearanceeliesonly on obtaininga sample.

3. Time-Varying Appearance

We rst formalize the notion of time-varying appearance.
Onecanimagineextendingmary commonappearanceon-
cepts,such as the BRDF, textures, and the Bi-directional
Texture Function (BTF [DVGNK99]) for light and view
variation,to includeanadditionaltime dimensionasshavn
in table 1. In this paper we focuson textures,introducing
the Time-varying Texture Functionor TTF, assumindight-
ing andviewpoint are x ed. The extensionto TBRDFsand
TBTFsremainsarich areaof futurework.

The TTF conceptis a simple extensionof statictexture,
andwe candenotethetime-varyingtexture p as

TTE= p(xy;t); 1)

where(x;y) is the spatiallocationon the surface(or equiva-
lently, thecorrespondingixel in theimage)andt is thetime
(whichin previouswork hasbeenassumedtatic).
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Figure 2: Exampledromour databaseof time-varyingtextures.Fromtop to bottom,grassgowth,cracking paint, copperpatination,ripening

bananaandsnowaccumulationimageswere acquiredwith contolled lighting conditionsat timest apartoveratotal durationd. Each dataset
containsfrom 200to 2500imagestaken at intervalsrangingfromt = 5 sectot = 10 min, and over a duration rangingfromd = 20 min to

d = 7 days.Thistime-varyingappeaancedatabasds the r stof its kind andrepresents valuableresoucefor future reseach efforts.

4. TTF Acquisition

The rst stepin investigatingtime-varying texturesis to ac-
quiredatasetsepresentinghem—somexamplesareshavn
in gure 2. Acquiring gooddatasetss a challengingprob-
lemfor severalreasonsFirst, mary of the naturalprocesses
we consideioccurover aconsiderableuration(severaldays
for grassgrowth andripeningof bananaskin). Secondit is
dif cult to control conditionssuchasthe lighting over this
duration,which is essentiato obtaingood datafor texture
synthesisGiventhe considerablelif culty in acquiringcal-
ibratedtime-varying data,we believe this databas¢o bean
importantcontritution; wewill extendit to morenaturalpro-
cesseandmake it availableuponpublication.

Imagesof our acquisitionfor several of the texturesis
shavn in gure 3. We acquire imagesusing time-lapse
photograply, recordingphotographst giventime intervals.
Thesetime intervals rangedfrom ve secondgpaint dry-
ing and cracking,snaov accumulatingon slate)to between
1 and 10 minutes(grassgrowth, oxidatingcopper ripening
banana)andthe durationsover which theimageswerecap-
tured rangedfrom twenty minutes(snaw) to several days
(grassand banana)In all, we obtainedbetween200 and
2500imagedfor eachtime-varying process.

Sincethe de nition for TTFs hasthe lighting and view-
ing anglesx ed,theacquisitionsystemmusthave controlled
viewing conditionsover time. We useda x ed cameraand
x ed incandescenlight sourceswhile the camerashutter
was controlled automatically Two separatecon gurations
wereused dependingnthetime scaleof variation.For pro-
cesseshathapperover alongerperiodof 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 secondswith anaccurag of plus or minusa few
secondskor fastemprocessethathapperoverafew minutes
upto afew hours(e.gsnawfall), a Nikon D1 digital camera
wasusedwith cameracontrolvia a PocletWizard MultiMax
transcerer remotetriggering device. The shuttercould be
triggeredasfastasevery secondwith very high accurag.

The illumination must also be carefully controlled to
maintainconsisteng acrosgheentiredatasetFor processes
thathappenon a shorttime scale(e.g.,snaw falling, where
only naturallight is used),the lighting is assumedo be
approximatelyconstantFor longeracquisitionge.g.,grass
growth), however, we controlledthe lighting by enclosing
the sampleand camerain a light-tight aluminumbox with

2 Yale University / Time-\¢
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Figure 3: Imagesof acquisitionfor (fromleft to right) growinggrass,drying and cracking paint, patinatingcopper andripeningbanana.

oneor more x edincandescertulbs (for mostacquisitions,
two 60W bulbs)for illumination.

Many of the samplesalsorequireda someavhat special-
ized set-upto achieve the desiredtime-varying texture ef-
fect. In somecasesthis s straightforvard. For instancefor
the snov datasetwe simply positioneda cameraabove a
slatetile during a snavstorm. The slatewas clearedof all
snawv before acquisition,and imageswere acquiredevery
few secondsasthe snov accumulatedFor the ripeningba-
nanadatasetyve usedseveralbananaglacedin alight-tight
aluminium box and allowed to ripen over approximately
oneweek.Two x edincandescertiulbsweretheonly light
sourcesn thebox. Below, we discussn somavhatmorede-
tail, the setupfor the rst threeexamplesin gure 2.

GrassGrowth: Achieving grassgrowth proveddif cult in

the enclosedernvironmentof the light tight box. Therefore,
we usedCosmicKittycat grass,a fastgrowing grasscom-
monly availableatpetstoresthatis packagedh its own soil.

After athreeday germinationperiod,wherethe seedsvere
keptin adark,moistlocation,thegrasseganto grow. It was
thenplacedin thelight tight box, andthe grassgrew rather
quickly. Theboxlid wasleft slightly openandcoveredwith

blacloutfabricfor ventilation.Two x edincandescertiulbs
providedtheonly lighting.

Weathered Paint: We useda pine board with DecoArt
weatheredvoodcrackingmediumandredacrylicpaint.The
weatheringnediumwasappliedto theboardandallowedto

dry for 20to 30 minutes.The paintwasthenappliedandthe
dataseacquiredn openair with two x edincandesceright

sourcesThesizeof crackscouldbe controlledby changing
thethicknessof theweatheringnediumor the paint.

Copper Oxidation: We useda piece of coppersheeting
with Sophisticated=inishesPatina GreenAntiquing Solu-
tion. Thesamplewasacquiredin openair to speecevapora-
tion time, and blaclout fabric was usedto keepthe light-
ing, provided by two x ed incandescenbulbs, consistent
throughoutthe acquisition. The liquid patinationsolution
was appliedto the copperand oxidation visibly beganim-
mediately As the chemicalevaporatedthe patinaformed.

Notethatall of our acquisitionsareassumedndependent
of geometryandareacquiredon planarsurfacesor asclose
to planaraspossiblein the caseof the bananafor example.
Althoughnon-planarityandgeometricdeformationglo lead
to movementof surfacepointsin theimage ,we considethis
effect to be relatively small—havever, it may leadto some
degradationin thevisualquality of our nal results.

5. TTF Synthesis

Mary algorithmsfor synthesizingtexturesin both 2D and
3D have beenintroducedin recentyears,as discussedn

2 Yale University / Time-\¢
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Section2. In generalthe mostsuccessfublgorithmshave

relied on copying pixels or patcheddirectly from the sam-
ple imageand nding bestt boundariedetweenthem. It

wouldthereforebeidealto nd asimpleadaptatiorof these
approacheto synthesizdime-varying textures.This would

alsoenablehemary recentextensionandimprovementgo

texture synthesigo alsoapplyimmediatelyto TTFs.

However, one cannotdirectly apply previous methodsto
TTF synthesisThe problemis dif cult becausdhe texture
canevolve, completelychangingits appearancever time.
There are three main challengeswe addresdn this work.
First, we must presere the temporalcoherenceand grad-
ualtime variationin theoriginalinputsequence—something
which statictexture synthesisnethodsdo not addressSec-
ond,we mustaddres®f ciency concerngiventhatwe may
be dealingwith hundredsto thousandof times more data
thanfor statictexture synthesisThird, we mustalleviatevi-
sualartifactsfrom temporaland spatialrepetitionsthat can
arisewith time-varyingtexture synthesisbut arenot present
for staticalgorithms.In this sectionwe developasimpleal-
gorithmthatsolvestheseproblemsandenablesmagequilt-
ing [EF0] to beadaptedo time-varyingtextures.

5.1. Presewring Temporal Coherence

Perhapghe mostbasicapproachis to quilt eachframein-
dependentlyAs shovn in gure 4b, while eachindividual
framelooksreasonabletheirtime sequenceoesnot exhibit
ary kind of temporalcoherencdgeadingto considerablean-
domnessand ick eringasshawvn in thevideo.

Thereareseveral possiblewaysto addresghis for time-
varying textures.Insteadof standardquilting, which quilts
blocksthathave a smallspatialextent,but are x edin time,
we could considerquilting regionsthat are one pixel wide
in spacebut vary over time. In general,one might imag-
ine quilting arbitraryspatiotemporalegions.In practice we
have foundit veryimportantto presere the entiretime vari-
ation of the original input block to maintaintemporalco-
herenceHence we chooseo quilt blocksthathave a small
spatialextentasin theoriginalalgorithm,but extendoverthe
entire time sequencé gure 4c). We have foundthis simple
approaclsuitablefor awide varietyof time-varyingtextures.

Considerthe input time-varyingtexture p(x;y;t). Thein-
ner loop of the quilting algorithm involves a comparison
phasewhich determinesavhich block shouldbe chosento
be pastedn the currentlocation.For statictextures,we can
form anerrormetricas

E= &(py(xy)  po(6¥)% 2)
Xy

wherewe arecomparingsmallblocks p; andp,. To extend
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Frame 139

Frame 238

Frame 239

time
Figure 4: Preservingtempoarl coheencein TTF synthesisin (a) we showthe original input data (zoomedn by a factor of 2). In (b), we
synthesizeead frame sepaately using standad image quilting, which losestemporl coheence(note the large differencein closeupsfor
adjacentirames)In (c), wequilt over theentire time sequencecomparingand copyingthefull time sequencéor sourceblods. Thisapproad

Frame 479

(a) Original
(zoomed 2x)

(b) Quilting each
frame separately

il

(¢) Quilting the entire
time sequence

preservesemponrl coheencemud better

thisideato the entiretime sequencewe insteaduse

Erre = ét AP 6yt Pyt 3)
Xy

Whenwe pastea block into the synthesizedexture, we
pastethe samespatial block for the entire time sequence,
preservingthe original time variation.In our approachwe
alsousethe sameseamto join blocksacrosshe entiretime
sequencethus also ensuringtemporalcoherenceof these
seams)with the bestseamor cut locationchoserbasedon
consideratiorof all the frames.In effect, insteadof quilting
smallsquareblockswith spatialbut no temporalextent, we
quilt cuboidswith asmallspatialextentasbefore but whose
temporalextentis the entireoriginal 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 acquiredonethousandrames,TTF syn-
thesiswill beonethousandimesslowerthansynthesizing
singlestatictexture.Furthermorethe memoryrequirements
will alsogrow linearly with the numberof frames.In this
subsectionwe developanoptimizationusingsingularvalue
decompositiorio compressheoriginal dataseaindspeedip
the comparisonsThis approachs inspiredby recentwork
on optimizing static2D texture synthesi§ZG04], andtech-
niguesto compresdighting andviewpointvariationfor bidi-
rectionaltexture functions,suchas 3D textons[LMO01]. We
usealinear SVD methodappliedto the very differentprob-
lemof representingariationwith time, to speedupthecom-
parisonphaseof thealgorithm.It shouldbeemphasizethat
this compressioronly optimizesthe comparisonsn equa-
tion 3. The nal outputalwayscopiesblocksdirectly from
theoriginal input without compression.

Since textures are by de nition repetitve 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 alarge

m n matrix (atypical sizewould be 65536 500),
0

P(xp:ypity)  P(XqiYgity) P(Xq:Yq:tn)
- :% P0G Yait) P0G Yaity) P(Xp: Y3 tn)
mn i o D
P(Xm;Ymity)  P(Xmi Ymity) P(Xm; Ym; tn)
4
Thesingularvaluedecompositiorof T is thenperformed,
Ton Un Sk ¥ i (5)

wherethe columnsof U andV hold the rst k eigervec-
torsor singularvectorsspatiallyandalongthe time axesre-
spectvely. This decompositiorcan be done separatelyfor
eachcolor channelfor RGB images,or we cansimply con-
siderusing3m pixel values.Comparisorof pixelsin inten-
sity spacen equation3 for eachpixel is simply replacecby
comparisonn time-varyingpixel coefcient spaceij.e.com-
paring the correspondingows of U, after weighting each
column by the magnitudeof the singularvaluesin S. The
major bene t is that eachrow of U hasonly k entries,in-
steadof then framesin the originalinput.

Figure5 (left) shavs aplot of thereconstructiorerrorus-
ing acertainnumberof eigervalues For mostof thetextures,
arank 15 approximatiorhasan error of under1%, andwe
obtaina speeduby oneto two ordersof magnituderelative
to usingthe full time sequenceFor the grassdatasetthe
errorfalls off moreslowly. Thisis becausghereis consider
ablevisualchangeover thelengthof the sequencewith the
grassgrowing andelongating. Nevertheless15 eigervalues
still areaccuratewith only a 5% error We alsoshow there-
constructionand error using a differentnumberof singular
valuesin gure 5 (right) for the snov datasetagain demon-
stratingthata low rank approximationis accurateandsuit-
ablefor thecomparisonsn texturesynthesis.

In terms of a computationaland memory savings, the
complity is now linearin the numberof eigervectorsk,
insteadof the numberof framesin the original input se-
guence.Sincewe use 15 eigervectorsinsteadof the hun-
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Figure 5: Speedupsf oneto two orders of magnitudecan be obtainedby compessingthe original datasetusingSVD.Left: Graphsshowing
percentage RMSerror in representinghe varioustime-varyingtexturesusinga certain numberof eigenvalues.Right: Comparisonof recon-
structionswith different rankson the snowaccumulationdataset.The magni ed differenceimages are shownin the bottomrow. While the
visualerror in usinga rank 1 approximationis clear, the approximationrapidly convergesto the true image, with little perceptibledifference

in arank15 approximation.

Figure 6: Time-varyingefiectssud as growing and elongatingof grasscan be addressedy settingan elongatedrectangularblodck sizefor
texture synthesis(a) is the original data, (b) is usingelongated320 64 rectangularblodks,and(c) is usingsmaller64 64 standad squae
blocks. Becauséhe grassgrowsupward, the elongatelodks performbetter particularly for later frames(204 and especially255).

dredsto thousand®f original frames,we obtaina speedup
of oneto two ordersof magnitudeNotethatwe usethe SVD
only for comparisonsto increaseef ciency, but copy theac-
tual image datafrom the original time-varying texture, so
thereis nolossin sharpnessr delity of the output.

5.3. ReducingVisual Artifacts

So far, we have devloped an efcient algorithm for time-
varyingtexturesynthesighatpreserestemporalcoherence.
Goodresultscanbe obtainedfor mostexamplesusingthis
approachl{see gure 4 for instance)However, in somecases,
the natureof time-varying texturesleadsto speci c visual
artifactsnot usuallyfoundin statictexture synthesisin this
subsectionye will describesomeof theseissuesshaving
how somesimpleapproacheto settingparameterandopti-
mizing thealgorithmcanimprove visualquality.

Setting block size—Elongatedrectangular blocks: In
standardquilting-basedmethods, one uses small square
blocksto pasteas patcheswith the block size setbasedon
thefeaturesizeof thetexture.For time-varyingtextures this
featuresizecanchangeovertime, suchaswhengrassgrows,

with thebladeselongating.An exampleis shavnin gure 6.
If we use64 64 squareblocks,asin gure 6c, goodre-
sultsare obtainedfor early frames(85 and 149). However,
for laterframes(204 andespecially255),asthe grassgrovs
longer thetiling becaus®f the blocksis fairly obvious.On
the other hand, simply using elongated rectangularlocks
of size320 64,asin gure 6b, allows usto synthesizean
effective texture over amuchlongersequence.

Reducing repetitions—Jittering time sequence: In the
basicalgorithm, the entire time sequencef eachpatchis
copied from the original data. Since the samepatch will
be placedat various parts of the image,ary eventin 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 happendn different placesat the sametime),
thatis notanissuefor statictexture synthesis.

We addresgthis problemby creatingsomerandomness
in thetime sequencéor differentinstance®f a patchin the
synthesizedexture.We dothis by jittering theway thepatch

2 Yale University / Time-\¢
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Figure 7: Theeffectsof somerepetitionsin time-varyingtexturescanbereducedoy usingjittering and Itering low-frequencygradients.The
toprow (a) showssomeearly framesanda later framefromtheoriginal cracking paintsequenceBelowthat (b), we showthebasicalgorithm.

In thiscasethere aretwoissuescausingthe nal repeatedexture patternontheright. First,thetimesequencés thesamefor thesameoriginal

blodk pastedat differentlocationsin thetexture (greencloseupsandgraphat the bottomright). Secondtheoriginal painthasa low-frequency
spatial gradientwith a slight color shift from left to right, that restrictsthe choiceof blodks for matding and the quality of the results(blue

closeup).Thelower row (c) showsa modi ed algorithmwhete the time sequencés jittered (seethe greencloseupsiowandthe graphon the

right) and a low-pass ter is appliedbefore texture synthesigo bettermatd the colors (blue closeup).The synthesizedime-varyingtexture

nowmorte faithfully representghe original, withoutthe repetitionsobservablen the basicalgorithm.

is copiedfrom the originalimage.Thatis, insteadof frame
100 comingexactly from frame 100 of the original, it may
comefrom frame97 or 103.To implementthis,

P y;t) = pP9OE YR F(1)); (6)

wheretheblockfrom (X2 y9) in theoriginalis pastednto the
synthesizedexture as usual,but we also copy the sample
from anew time locationt®= f(t).

Theinterestingssueis how to constructhefunction f to
allow jittering. Notethattherearetwo propertiesve wantto
maintain.First, thetime variation f (t) shouldbe monotoni-
cally non-decreasingecondit shouldnotdeviatetoomuch
fromtheoriginaltimeline,i.e.k f(t) tk efor someuser
speci ed value of e. A function with thesepropertiescan
be constructedusing a simple procedurattechniquewith a
random-numbegeneratord (that givesvaluesin the range
[ 1;1]). Weinitially de ne f(0) = 0. Then,we simply com-
putefor the next framein the sequence,

ft+ 1) = f()+ 1+ d; @)

providedthis keepsthe functionwithin thetolerancelf this
would causehetolerancdo beexceededwe setd = 0. This
approacltprovidesasimpleway of randomizinghetime se-
guenceasseenin thegraphatthebottomright of gure 7.

Filtering low-frequencygradients: In certaincasesthe
originalmaterialhasalow-frequeng gradientsuchasfrom

left to right in the paintexample.This makestexture synthe-
sishard,sincepatchedrom theright of the original sample
will not t well with patchedrom theleft, dueto theinten-
sity difference gvenif theirtime variationsmatch.This can
leadto two problemsasseerin gure 7 (row b) andtheblue
closeupFirst, therecanbedistractingcolor gradientswithin

a region of the synthesizedexture. Second becausef the

dif culty in nding good matchesthe synthesizedexture
may exhibit repetitions.

To addresghis problem,we may low-pass Iter theim-
ages(in practice,we choosea representatie framefor this
purpose)to obtainthe low frequeng gradient.The image
can then be normalizedwith respectto this gradient,and
all texture synthesiperationcanbe peformedon the nor
malizedimagesequencef desiredthe nal resultfor each
framecanthenbemultiplied by thelow-frequeng variation
to capturethe original spatialgradients.

The effects of jittering andlow-pass ltering are shavn
to improve the quality of the synthesizegaint sequencén
gure 7. Thebasicalgorithm(b) exhibits similar eventshap-
peningthroughoutthe texture due to identical patchesbe-
ing copied(greencloseups).The color gradientsalso lead
to adif culty in selectingpatchedor texture synthesigalso
leadingto the repetitionsin theresulton theright), andcre-
atesomevhatdistractingsmallcolor gradientdn theresults.
Applying jittering andlow-pass ltering largely eliminates
thesevisualartifactsin row (c).

5.4. Results

We have usedour algorithmto synthesizdéime-varying tex-
tures for several examplesin our databasejncluding all
thoseshawvnin gure 2. For example thegrassandpaintre-
sultswereshavnin gures 6 and7 respectiely. Thebanana
skin examplewasshawvn earlierin gure 4. Resultson the
snav dataseareshavn laterin gure 9. In all of thesecases,
we have beenableto generaténigh quality time-varyingtex-
tures.Sincethesedatasetsepresenareasonablyvide range
of naturalprocesseswe believe thatour TTF synthesisal-
gorithmis a simpleapproachthatcancapturea fairly broad
classof time-varyingappearancef®r computergraphics.
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Figure 8: A fruit bowl with ripeningbananasThebananaskinis a time-varyingtexture, synthesizedsingour algorithm. Notealsothat we
cancombinedynamicT TFswith standad statictexturesfor thetabletop andbowl.

Our algorithmcanalsobe appliedwith standardexture-
mappingto entirescenesln addition,TTFscanbecombined
with standardstatic textures.Figure 1 shows applying the
paint TTF to the wall of the house,andthe growing grass
TTF to the outside,to give the time-varying appearancef
paintcrackingon the wall andgrassgrowing in the garden.
Figure8 appliesthebanand TF to asceneof fruit in abowl,
shaving arealisticexampleof ripening.Thesescenesepre-
sentanew capabilityin computegraphicspf easilycreating
imagesandvideosof time-varyingsceneappearance.

6. Controllable TTF Synthesis

In real-world texturesand processesthe rate at which the
procesaunfoldsis a function of mary parameteréncluding
theunderlyingshapeandenvironmentalfactorsin thescene
suchaslighting, temperatureand humidity [ML93, Sti0Z].
For instancethe rate of grassgrowth will dependon the
lighting (growth will be fasterin well lit ratherthan shad-
owed regions). Paint may crack fasteron curved surfaces.
Theseissuesare usuallynot relevant to statictextures,and
have thereforebeenunexploredin previouswork on texture
synthesisFurthermoreit is notclearhow to obtaintheseef-
fects,sinceour input consistsof only a singletime-varying
texture sample,and we usually do not know the exact (or
evenapproximateflependencenervironmentaparameters
andspatiallocationsIn this paperwe addresshisimportant
problemby taking a phenomenologicahpproachdevelop-
ing a setof proceduratoolsthatareeasyto specifyandcan
be appliedto obtaindesirablausercontrolledeffects.

To controlthetime progressioof aTTF, we resamplehe
databasedon somepropertyof the surfaceor ervironment.
The desiredresamplerateis representethy a mapM(x;y),
which is a function at eachpoint on the taget surface.The
map M indicatesa “resamplefactor”, e.g.,M(x;y) = 1 in-
dicatesa pixel that shouldprogressat the samerate asthe
original capturedsequenceM(x;y) = 2 at twice the origi-
nal rate,M(x;y) = 0:5 at half the original rate,and so on.
In the examplesshavn here,the length of the sequencés
determinedy thefastespixel.

For eachpixel in eachframe of the outputsequencethe
sourceframe from the original sequencef;(x;y), for that
pixel is computedo implementtheresampling:

fi(xy) =t M(xy) (8)

wheret is the frame numberin the output sequenceand
M(x;y) is theresampldactorfor thatparticularpixel.

ThemapM canbe a function of ary surfaceor erviron-
mentalparameteideally, thefunctionwouldbedata-drven,
utilizing multiple datasetshattrack the rateof changever-
sustemperatureor surfacecurvature,for example.For the
purposeof demonstrationhowever, we computeM using
simple phenomenologicaxpressionsthat allows for easy
control by the user Figure 9 shows threeexampleswhere
the synthesizedl' TF is controlledaccordingto an outside
parameterfirst (a), the growth rateof grasss controlledby
theintensityof light falling onthe surface:

M= (ri2 cosq)? 9)

wherer is thedistanceo thesourceandq is theangleof the
sourceto the surfacenormalat pixel (x;y). The functionis
squaredo provide a moredramaticfalloff.

Next (b), the weatheringrate of paint is controlled by
the cunvatureof the surface.In this example,the cunature
changesn only onedimensionsowe canconsiderthe sur
faceasacollectionof planecurves,eachhaving theform of
asigmoidfunction:

y(x) = 1t e X (10)
Thecunatureis thencomputedusing:
i
g (12)

i1+ (§H33

Finally (c), the accumulationof snov on slateis con-

trolled by theuserde ned mapshawn, thatis simply thesig-

graphlogo.M is agrayscal@gexturemapwith valuesranging

from O to 1, which determineghe rateat which snov accu-

mulateson the surface.Thus,thefalling snav spellsout the
siggraphogo overtime.

In Figure 10, a soccerball is compositetbn grassandits
shadev mapis usedto controlthe grassgrowth TTF. Grass
growth occursat a slower ratein the shadaved region. An
image of the soccerball was capturedat a viewing angle
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Figure 9: Time-varyingtexturescanbe contolled simplyusingimagesthat correspondo resamplingnaps(leftmostcolumn)specifyingthe
rate of evolutionfor differentpixels.Themapsare determinecohenomenolgically basedon physicalconsideationsor userinput sud as(a)
light sourceintensity (b) curvatuee, and(c) manuallyspeci ed. Thebrighter regionson the mapevolvefasterin thetime-varyingtextures.

Figure 10: Our appmoad providesa numberof waysto control time-varyingtexturesto mimicthe behaviorof the physicalworld. In thiscase
thegrassgrowth TTF is contmlled usinga shadowmap,correspondingo the shadowof the soccerball.

closeto that of the grassacquisitionon a solid color back-
ground.The soccerball andthe shadev castby it ontothe
backgroundwere extractedfrom the image and overlayed
on the synthesizedyrass.The shadev mapactsasthe map
M for resamplinghe TTF.

7. Conclusionsand Futur e Work

We have introduceda new classof textures,namelytime-
varying texture functions (TTFs), that capturethe appear
anceof surfacesasthey evolve overtime. Thisleadsto anew
capability for computergraphicsrendering,to include the
dynamicevolution of surfacesandscenesgoingbeyondtra-
ditional notionsof statictexture.Our contritutionsincludea
newly acquireddatasebf time-lapseémagesfor mary natu-
ral processesytexture synthesislgorithmsuitedto thespe-
ci ¢ needsof time-varying textures,and nev methodsfor

controllingthetime variationandrateof progressiomf these
texturesbasedn ervironmentalconditionsanduserinput.

Futurework includesfurther studyof theideaof control-
lability. This would includeacquiringphysically basedcon-
trollability parametersi.e., texturesasthey changedepen-
denton shapeor ervironmentalfactors.For example, TTFs
couldbe capturedon morecomplicatedyeometryanda 3D
scancompletedsimultaneouslyto map the rate of change
to surfacenormalor cunvature.Anotherexamplewould be
capturinggrassgrownth TTFs,suchasthatshavn in this pa-
per, but with varying soil content,illumination conditions,
waterlevels, or temperaturedn acquiringthe datasetsised
in this work, we found that small changesn the environ-
mentor initial conditionswould leadto dramaticdifferences
in the progressiorand nal stateof the TTF. Understanding
thesourceof thesechangesvould certainlybeenlightening.

2 Yale University / Time-\8



SebastiarEnrique!, Melissakoudelka?, PeterBelhumeut, Julie Dorsey 2, ShieeNayar! andRaviRamamoortht! ColumbiaUniversity

Finally, aswe notedin table1, the TTF is only onetime-
varying appearanceepresentationWe are also interested
in exploring time-varying BRDFs (TBRDFs) and the full
time-varying bi-directionaltexture function or TBTF, that
includeslighting andview variationaswell. We predictthat
the study of time-varying appearanceropertieswill be a
subjectof signi cant futureinterest.
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