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Figure 1 Sampleinputimageswe animateusingour technique. The rst two picturesarephotograph®f a Japanes&@emple(a) anda harbor(b). The paintings
shawn in (c) and(d) areClaudeMonet's Le bateauatelier (TheBoat Studio)and TheBridge at Argenteuil We alsotry our methodon VanGogh's Sun ower(e) to

animatethe o wers.

Abstract

In this paper we explore the problemof taking a still pictureand
makingit movein corvincing ways.In this paperwe limit our do-
mainto scenesontainingpassve elementdhatrespondo natural
forcesin someoscillatory fashion.We usea semi-automatiap-
proach,in which a humanusersegmentsthe sceneinto a series
of layersto be individually animated.The automaticpart of the
approachworks by synthesizinga “stochasticmotion texture” us-
ing a spectralmethod— i.e., a ltered noisespectrunwhosein-
verseFourier transformis the motion texture. The motion texture
is a time-varying 2D displacementmap, which is appliedto each
layer Theresultingwarpedayersarerecompositecalongwith “in-
painting”to Il ary holes,to form the animatedrames.Theresult
is a videotexture createdfrom a singlestill image,which hasthe
adwantage®f beingmorecontrollableandof generallyhigherim-
agequality andresolutionthanavideotexturecreatedrom avideo
source We demonstrateéhe techniqueon a variety of photographs
andpaintings.

1 Introduction

Whenwe view a photograplor painting,we perceve muchmore
thanthestaticpicturebeforeus.We supplementhatimagewith our
life experiencesgiven a picture of a tree,we imagineit swaying;
givenapictureof apond,weimagineit rippling. In effect,we bring
to beara strongsetof “priors” (to usethe technicaljargon from
computewision), andthesepriorsenrichour perceptions.

In this paper we explore how a set of explicitly encodedpriors
might be usedto animatepictureson a computer The fully auto-
matic animationof arbitrary sceness, of course,a monumental
challenge.In orderto make progresswe make the problemeas-
ier in two ways. First, we usea semi-automaticuserassistedap-
proachIn particular we have a usersegmentthe scendnto a setof
animatabldayersandassigncertainparameterso eachone.Sec-
ond,we limit our scopeto scenegontainingpassve elementghat
respondo naturalforcesin someoscillatoryfashion.The typesof
passie elementsve explore include plantsandtrees,watet oat-
ing objectslike boats,and clouds.The motion of theseobjectsis
driven by the samenaturalforce, namely wind. While thesemay
seemlike alimited setof objectsandmotions,they occurin alarge
variety of picturesandpaintings,asshavn in Figurel.

It turnsout that all of theseelementscan be animatedin a simi-
lar way. First, we segmentthe pictureinto a setof userspeci ed

layersusingBayesianmatting[Chuanget al. 2001]. As eachlayer
is removed from the picture,“in-painting” is usedto Il in there-
sultinghole.Next, for eachlayer, we synthesize stodasticmotion
texture usingspectramethod4Stam1995].Spectramethodswvork
by generating noisespectrumnin thefrequeng domain;applyinga
(physically basedspectrumlter to thatnoise,whichis speci c to
thetypeof naturalforce andto thetype andparametersf the pas-
sive objectbeingaffected;andcomputinganinverseFouriertrans-
form to createthe stochastianotiontexture. This motiontextureis
atime-varying2D displacementnap,whichis appliedto the pixels
in thelayer Finally, thewarpedayersarerecompositedo form the
animatedicturefor eachframe.

Theresultingmoving picturecanbe thoughtof asakind of video
texture[Schodl et al. 2000]—althoughin this caseavideotexture
createdrom a singlestaticimageratherthanfrom a video source.
Thus,theseresultshave potentialapplicationwherever video tex-

turesdo, i.e.,in placeof still imageson Web sites,asscreersavers
or desktop“wallpapers”,or in presentationsind vacation slide
shaws. In addition, thereare several advantagego creatingvideo
texturesfrom a staticimageratherthanfrom avideosource.

First,becausehey arecreatedsyntheticallythey allow greatercre-
ative control in their appearance-or example,the wind direction
andamplitudecanbe tunedfor a particulardesiredeffect. Second,
consumeigradedigital still cameragienerallyprovide muchhigher
imagequality andgreaterresolutionthantheir videocameraoun-
terpartsThis setof advantagesnayallow videotexturesto beused
in entirelynew situationshatwerenot previously practical.For ex-
ample,controllable high-resolutiornvideotexturesmightbe usable
for animatedmattepaintingsin specialeffects.

For themostpart,thealgorithmswe describen this paperarefairly
simpleapplicationsof alreadyavailabletechniquesThus,perhaps
the papers greatestontritutionsareits formulationof the overall
problem;its introductionof the conceptof stochastiamotion tex-
tures,andits proof of the feasibility of applyinga warping-based
approachto creatingsurprisingly corvincing and appealingani-
matedpictures.

1.1 Related work

Our goal is to synthesizea stochasticvideo from a singleimage.
Hencepurworkis directlyrelatedto thework onvideotexturesand
dynamictextures [SzummerandPicard1996; Schidl et al. 2000;
Wei andLevoy 2000;Soattoetal. 2001;WangandZhu 2003].Like
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our work, video texturesfocus on “quasi-periodic”scenesHow-
ever, theinputsto videotexturealgorithmsareshortvideosthatcan
beanalyzedo mimic theappearancanddynamicsof thesceneln
contrasttheinputto ourwork is only asingleimage.

Our work is, in spirit, similar to the “Tour Into the Picture” sys-
tem developedby Horry et al. [1997]. Their systemallows users
to map a 2D imageonto a simple 3D box scenebasedon some
interactively selectedperspectie viewing parametersuchasvan-
ishing points.This allows usersto interactvely navigateinto a pic-
ture. Criminisi et al. [2000] proposean automatedechniquethat
can producesimilar effectsin a geometricallycorrectway. More
recently Oh et al. [2001] developedanimage-basedepthediting
systemcapableof augmentinga photographwith a more compli-
cateddepth eld to synthesizemorerealisticeffects.In our work,
insteadof synthesizinga depth eld to changethe viewpoint, we
addmotion elds to make the scenechangeovertime.

For certainclasse®f motions oursystenrequiregheusergo spec-
ify a skeletonfor alayer It thenperformsa physically-basedsim-
ulationon the skeletonto synthesizea motion eld; it is therefore
similar to skeleton-base@nimationapproachedLitwinowicz and
Williams [1994] usekeyframeline drawings to deformimagesto

create2D animations.Their systemis quite useful for traditional
2D animation.However, their techniqueis not suitablefor mod-
eling the naturalphenomenave tamget becausesuchmotionsare
dif cult to keyframe.Also, they usea smoothscatteredlatainter-

polationto synthesizenotion eld without ary physicaldynamics
model.

Our work also hassimilar componentgo the object-basedmage
editing systemproposedby Barrett and Cheng [2002], namely
objectselection matteextraction, andhole lling . Indeed,Barrett
etal. have alsodemonstratetiow to generate videofrom asingle
imageby editing andinterpolatingkeyframes.Lik e Litwinowicz's
systemthefocusis on key-framedratherthanstochasti¢temporal
texture-like) motions.

An earlier attemptto createthe illusion of motion from an im-

age was the “Motion without movement” paper by Freeman
etal. [1991]. They applyquadraturgairsof oriented Iters to vary

thelocal phasan animageto give theillusion of motion.While the
motion is quite compelling,the band-passltered imagesdo not

look photorealistic.

Even earlier at the turn of the (20th) century peoplepaintedout-
door sceneson piecesof masled vellum paperand usedseriesof
sequentiallytimedlights to createtheillusion of descendingvater
falls [Hathaway et al. 2003]. Peoplestill malke this kind of device,
whichis oftencalledakineticwaterfall. Anotherexampleof asim-
pleanimatedictureis thepopularJaraprogramLake applet which
takesasingleimageandperturbsheimagewith asetof simplerip-
ples[Grif ths 1997]. Thoughvisually pleasingtheseresultsoften
do notlook realisticbhecaus@f theirlack of physical properties.

Working on aninverseproblemto ours,Sunetal. [2003] propose
avideo-inputdriven animation(VIDA) systemto extract physical
parameterdikewind speedfrom realvideofootage They thenuse
theseparameterso drive the physical simulationsof syntheticob-
jectsto integratethemconsistentlywith the sourceimagery They
estimatephysicalparameterfrom obseneddisplacementsyesyn-
thesizedisplacementsising a physical simulationbasedon user
speci ed parametersThey targeta similar setof naturalphenom-
enato thosewe study suchasplants,waves,andboats,which can
all be explainedasharmonicoscillations

To simulate our dynamics,we use physically-basedsimulation
technigquepreviously developedn computeigraphicgor modeling
naturalphenemenaror waves,we usethe Fourier wave modelto
synthesizatime-varyingheight eld. Mastinetal. [1987]werethe
rst to introducestatisticalfrequeng-domainwave modelsfrom
oceanographinto computergraphicsln a similarway, we synthe-

size stochastiowind elds [Shinya and Fournier1992; Stamand
Fiume 1993] by applyinga differentspectrumlter . Whenapply-
ing thewind eld to trees,sincethe forceis oscillatoryin nature,
therespondingnotionsarealsoperiodicandcanbesolvedmorero-
bustly andef ciently in thefrequeny domain[Stam1997;Shirya
etal. 1998].

Aoki et al. [1999] coupledphysically-basedanimationsof plants
with imagemorphingtechniquesisanef cient alternatveto theex-
pensve physically-basedlant simulationandsynthesisandthere-
fore only demonstrateheir concepton syntheticimages.In our
work, we targetrealpicturesanduseour approactasawayto syn-
thesizevideotexturesfor stochasticscenes.

Our systenrequiresuserso sggmentanimageinto layers. To sup-
port seamlesgompositesa soft alphamattefor eachlayeris re-
quired. We userecentlyproposednteractve image matting algo-
rithms to extract alphamattesfrom the input image [Ruzon and
Tomasi2000; Chuanget al. 2001]. To Il in holesleft behindaf-
terremoving eachlayer, we useaninpaintingalgorithm[Bertalmio
et al. 2000; Criminisi et al. 2003; Jia and Tang 2003; Drori et al.
2003].

1.2 Overview

We beagin with a systemoverview that describesthe basic ow
of our system(Section2). We then addressour most important
subproblempamely synthesizingstochasticmotion texture (Sec-
tion 3). Finally, we discussour results(Section4) and end with
conclusionsandideasfor futurework.

2 System overview

Givenasingleimagel , how canwe generate continuouslymov-
ing animation?The approachwe follow is to breakthe imageup
into severallayersandto thensynthesizea motiontexture® andap-
ply it to eachlayerindividually.

A motion texture is essentiallya time-varyingdisplacementmap
de nedby amotiontype,asetof motionparametersgndoptionally
amotionskeleton.A displacemeninapD is a setof displacement
vectors,

D(p) = (dk(p); dy(P) @)

for pixelsp = (x;y). A motiontexture M (t) is amappingfrom a
timet to adisplacemenmapD .

Applying adisplacementeld D directlyto animagel resultsin a
forwardwarpedimagel ° suchthat

1%x + dy(p)iy + dy(p) = 1(x;y): )

However, sinceforward mappingis fraughtwith problemssuchas
aliasingandholes,we actuallyuseinversewarping,| ° = D°?1,
where

06 y) = 1(x+ di(p);y + dy(p)): @)

We could computetheinversedisplacemeninapD ° from D using
thetwo-passnethodsuggesteih [Shadectal. 1998].Insteadsince
ourmotion elds areall very smoothwe simply dilatethemby the
extentof thelargestpossiblemotionandreversetheir sign.

With thisnotationin place we cannow describehebasicwork ow
of oursystem(Figure2), which consistof threestepsiayeringand
matting motionspeci cationandediting and nally rendering

1We usethe termsmotion texture and stodastic motion texture inter-
changeablyn the paper Thetermmotiontexture wasalsousedin [Li etal.
2002]to referalineardynamicsystemearnedrom motion capturedata.
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Figure2 Overview of oursystemTheinputstill image(a) is manuallysggmentednto severallayers(b). EachlayerL ; is thenanimatedvith adifferentstochastic
motiontextureM (t) (c). Finally, theanimatedayersL ; (t) (d) arecompositedacktogetherto producethe nal animationl (t) (e).

Layering and matting. The rst step,layering is to segment
theinputimagel into layersso that, within eachlayer, the same
motiontexture canbeapplied.For example for the paintingin Fig-

ure2(a),we have thefollowing layers:water sky, bridgeandshore,
threeboats andtheeleventreesin thebackgroundFigure2(b)). To

accomplishthis, we useaninteractie objectselectiontool suchas
apaintingtool or intelligentscissorgMortenserandBarrett1995].

The tool is usedto specify a trimap for a layer; we then apply
Bayesiarmattingto extractthe colorimageanda soft alphamatte
for thatlayer[Chuangetal. 2001].

Becausesomelayerswill be moving, occludedpartsof the back-
groundmight becomevisible. Hence,after extracting a layer, we
usean inpaintingalgorithmto Il the holein the backgroundbe-
hind theforegroundlayer. We usethe example-basethpaintingal-
gorithm of [Criminisi et al. 2003] becausef its simplicity andits
capacityto handlebothlinear structuresandtexturedregions.Note
thattheinpaintingalgorithmdoesnothave to be perfect,sinceonly
pixels nearthe boundaryof the hole arelikely to becomevisible.
However, sometimeswe do have to performmanualinpaintingto
better maintainlayers' structuresfor example, the boatsin Fig-
ure 2. After the backgroundmagehasbeeninpainted we work on
thisimageto extractthenext layer We repeathis procesgrom the
closestiayerto thefurthestlayerto generateéhe desiredhumberof
layers.EachlayerL; containsa colorimageC;, amatte i, anda
depthd; . Thedepthcouldbe automaticallyassignedvith theorder
in whichthelayersareextracted.

Motion speci cation and editing. Theseconccomponenbf
our systemetsusspecifyandeditthemotiontexturefor eachlayer.
Currently we provide the following motiontypes:trees(swaying),
water (rippling), boat(bobbing),clouds(translation) andstone(no
motion :-). For eachmotiontype,the usercantunethe motion pa-
rametersand specifya motion skeleton,whereapplicable We de-
scribethemotionparameterandskeletonsn moredetailsfor each
motiontypein Section3.

Sinceall of themotionswe currentlysupporiaredrivenby wind, the
usercontrolsa singlewind speedanddirection,whichis sharecby
all thelayers.This allows all thelayersto respondo thewind con-
sistently Our motion synthesisalgorithmis fastenoughto animate
a singlelayer in real-time.Hence,the systemcan provide instant
visualfeedbacko changesn motionparametersyhich makesmo-
tion editing easier EachlayerL; hasits own motion texture, M,
asshavn in Figure2(c).

Rendering. During the rendering process,for eachtime in-

stancet andlayerL;, a displacemenmapM; (t) is synthesized.

This displacemenimap is then appliedto Ci and ; to obtain
Li(t) = M;(t) ?Li(0) (Figure2(d)). Noticethatthedisplacement
is evaluatedas an absolutedisplacemenbf the input imagel (0)
ratherthanarelative displacemenof the previousimagel (t  1).
In thisway, repeatedesamplings avoided.

Finally, all thewarpedlayersarecompositedogetherfrom backto
frontto synthesizéheframeattimet, 1 (t) = L1(t) La2(t)

Li(t), whered; d; di and s the standardbver opera-
tor [PorterandDuff 1984] (Figure2(e)). The usercanalsospecify
atime-varyingwind eld to createa morerealisticanimation.

3 Stochastic motion textures

In this section, we describeour approachto synthesizingthe
stochastiamotion texturesthat drive the animatedimage.In Sec-
tion 3.1, we describethe basic principles (spectralmethods) We
then describethe detailsof eachmotion type, i.e., trees(Section
3.2), water (Section3.3), bobbingboats(Section3.4), and clouds
(Section3.5).

3.1 Stochastic modeling of natural phenomena

Marny naturalmotionscan be seenas harmonicoscillations[Sun
etal. 2003],and,indeed hand-crafteguperpositionsf handfulsof
sinusoidshave often beenusedto approximatemary naturalphe-
nomendor computergraphics However, this simpleapproactas
somelimitations. First of all, it is tediousto tune the parameters
to producethe desiredeffects. Secondit is harderto hookall the
motionsin aconsistentvay sincethey lack aphysicalbasis Lastly,
theresultingmotionsdo notlook naturalsincethey arestrictly peri-
odic— irregularity actuallyplaysacentralrole in modelingnatural
phenomena.

One way to add randomnesss to introducea noise eld. Intro-
ducingthis noisedirectly into thetemporalor spatialdomainoften
leadsto erraticand unrealisticsimulationsof naturalphenomena.
Insteadwe simulatenoisein thefrequeng domain,andthensculpt
the spectralcharacteristicso matchthe behaiors of real systems
that have intrinsic periodicitiesand frequeng responsesSpeci ¢
spectrum lters needto be appliedto modelspeci ¢ phenomena,
leadingto so-calledspectal methods

The spectralmethodfor synthesizinga stochasticeld in general
hasthreesteps:(1) generatea complex Gaussiarrandom eld in
thefrequeng domain,(2) apply a domain-speci cspectrumlter,
(3) computethe inverseFouriertransformto synthesizea stochas-
tic eld in thetime or frequeng domain.A nice propertyof this
methodis that the synthesizedtochasticeld canbetiled seam-
lessly Hence we only needto synthesize patchof reasonablsize
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andetile it to produceamuchlargerstochastisignal. Thistiling ap-
proachworksreasonablyvell if thesizeof thepatchis largeenough
to avoid objectionableepetition.

To realistically model natural phenomenathe Iter should be
learnedfrom the real-world data.For the phenomenave simulate,
plantsand waves, suchexperimentaldataand statisticsare avail-
ablefrom other elds, e.g.,structuralengineeringand oceanogra-
phy, andhave alreadybeenusedby the graphicscommunityto cre-
atesyntheticimagery [ShinyaandFournier1992;StamandFiume
1993;Mastinetal. 1987]. We usethesemethodsto synthesizeour
stochastianotiontexturesin thefollowing sections.

3.2 Plants and trees

Thebrancheandtrunksof treesandplantscanbemodeledasphys-
ical systemsvith massdamping andstiffnesspropertiesThedriv-
ing function that causesbranchego sway is typically wind. Our
goal is to modelthe spectral ltering dueto the dynamicsof the
branchesppliedto the spectrunof thedriving wind force.

To modelthe physicsof brancheswe take a simpli ed view intro-
ducedby [Sunetal. 2003].In particular eachbranchis represented
asa 2D line sggmentparameterizedy u, which rangesfrom 0 to
1. This line segmentis drawn by the userfor eachlayer. Displace-
mentsof thetip of thebranchd;p (t) aretakento be perpendicular
to theline sggment.Modal analysisindicatesthatthedisplacement
perpendiculato the line for otherpointsalongthe branchcanbe
simpli ed to theform:
h i
d(u;t) = e 24 2 deip (1) (4)
3 3

We approximatehe (scalar)displacementf thetip in thedirection
of the projectedwind forceasa dampledharmonicoscillator:

dip (1) +  dep (t) + 4 *fZdyp () = r(t)=m (5)

wherem is the massof the branch,f, = k=m is the naturalfre-
queng of thesystem, = c=m is thevelocity dampingterm[Sun
etal. 2003]. Theseparametersiave a moreintuitive meaningthan
the damping(c) andstiffness(k) termsfound in moretraditional
formulations.Thedriving forcer (t) is derivedfrom thewind force
incidenton the branch asdetailedbelow.

TakingthetemporalFouriertransformof this equationgivesus:
R(f)exp '2
2m (f2 f2)%+ 2f2

Dip (f) = ®)

whereR(f ) is theFouriertransformof thedriving force. Thephase
shift is givenby:
tan = _f @)
T f2 f3
We canseefrom equation6 thatthe dynamicalsystemis actingas
anon-zerophasespectrallter ontheforcing spectrunR(f ).

Next, we modelthe forcing spectrumfor wind. Experimentalkevi-
dence[Simiu and Scanlanl1986,p. 55] indicatesthatthe temporal
velocity spectrunof wind at a point takesthefollowing form:

Vmean
Vi) ——————— ®)
1+ f =Vmean )5_3
wherevmean is themeanwind speedand is generallya function
of altitudewhich we take to be a constantWe thereforemodulate
arandomGaussiamoise eld G(f ) with thevelocity spectrunto
computethespectrunof aparticular(random)wind velocity eld:

v(f) = V(f)G(f) 9)

The force due to the wind is generallymodeledas a drag force
proportionalto ¥ (t). However, in our experimentswe have found
that makingthe wind force directly proportionalto wind velocity
producesnorepleasingresults.

Finally, we assemblesquations6-9 to constructthe spectrumof

thetip displacemenbDy, (f ), take theinverseFouriertransformto

generateahe tip displacementdy, (t), anddistribute the displace-
mentover thebranchaccordingto equatiord. The displacementf

pointsin the layer avay from the skeletonis obtainedby project-
ing all pixels orthogonallyontothe original skeletonandusingthe
correspondinglisplacement.

The usercancontrol the resultingmotion appearancéy indepen-
dentlychanginghe meanwind speed/mean andthe natural(oscil-
latory) frequeng f ,, masam, andvelocitydampingterm of each
branch.

3.3 Water

Water surfacesbelongto anotherclassof naturalphenomendhat

exhibit oscillatoryresponseto naturalforceslike wind. In this sec-
tion we describehow onecanspecifyawaterplanein aphotograph
andthende ne the mappingof water heightout of that planeto

displacement# imagespaceWe thendescribenow to synthesize
waterheightvariations again usinga spectraimethod.

The motion skeletonfor wateris simply a plane;we assumehat
theimageplaneis the x-y planeandthewatersurfaceis parallelto
the x-z plane To correctly modelthe perspectie effect, the users
roughly speci eswherethe planeis. This perspectie transforma-
tion T canbefully speci ed by thefocal lengthandthetilt of the
camerawhich canbevisualizedby draving the horizon[Criminisi
etal. 2000].

After specifyingthewaterplane thewateris animatedisingatime-
varyingheight eld h(q;t), whereq = (Xq;Yo; zq) is apointonthe
waterplane.To cornvertthe height eld h to the displacemenimap
M (p), for eachpixel p we rst nd its correspondingoint,q =
(Xq:Yo;zg) = Tp, onthewaterplane We thenaddthesynthesized
heighth(qg; t) asa vertical displacementwhich givesus a point,
d° = (Xq:Yo + h(g;t); zq). We thenprojectoP backto the image
planeto getp® = T ¢P. The displacementectorfor M((p) =
p® pistherefore:

Mi(p) = T ‘[Tp+ (0;h(Tp;t);0)] p (10)

The abore modelis technicallycorrectif we wantto displaceob-
jectsonthesurfaceof thewater In reality, theshimmerin thewater
is causedvy local changesn surfacenormals.Therefore,a more
physically realisticapproactwould beto usenormalmapping;.e.,
to corvert the surface normalscomputedfrom the spatial gradi-
entsof h(qg; t) into two-dimensionatlisplacementsNe have found
that our currentapproachproducespleasing,realistic-lookingre-
sults and plan to study the more physically-motivatedre ections
modelin thefuture.

To synthesize time-varying height eld for the water we usethe
time-varying wind velocity derived in the previous sectionto syn-
thesizea height eld matchingthe statisticsof real waves,asde-
scribedby Mastinetal. [1987].

The spectrum lter we use for waves is the Phillips spec-
trum [TessendorR001],which is a power spectrumdescribingthe

expectedsquareamplitudeof wavesacrossall spatialfrequencies,
s

exp 1=(sL)?

P(s) y

& Pmeanj’ (11)
wheres = jsj, L = V2. =0, g is the gravitational constantand
8 and¥mean arenormalizedspatialfrequeny andwind direction
vectors.
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The squareroot of the pawer spectrumdescribeghe amplitudeof
wave heights,which we canuseto lter arandomGaussiamoise
eld:

Ho(s) = a P(s)G(s) (12)

wherea is aconstanbf proportionalityandH ¢ is aninstanceof the
height eld whichwe cannow animateby introducingtime-varying
phaseHowever, wavesof differentspatialfrequenciesnove at dif-
ferentspeedsThe relationshipbetweenthe spatialfrequeny and
the phasevelocity is describedby the well-known dispersiorrela-
tion,

p

w(s) = " gs: (13)

Thetime varying heightspectruncanthusbe expressedas:
H(s;t) = Ho(s) exp[iw(s)t] + Ho( s)expf iw(s)tg (14)

wherethe H is the complex conjugate of Ho. We cannow com-
putetheheight eld attime, h(g; t) asthetwo-dimensionainverse
Fourier transformof H (s;t) with respecto spatialfrequencies.

We take the generatedheight eld andtile the watersurfaceusing
ascaleparameter , to controlthespatialfrequeng.

There are thus several motion parameterselatedto water: wind
speedwind direction, the size of the tile N, the amplitudescale
a, andthe spatialfrequeng scale . Thewind speedanddirection
arecontrolledglobally for the whole animationWe nd thatatile
of sizeN = 256 usuallyproducesice looking results.Userscan
changea to scalethe heightof the waves/ripples Finally, scaling
thefrequenciedy changeshescaleatwhichthewave simulation
is beingdone . Simulatingatalargerfrequeng scalegivesarougher
look, while a smallerscalegivesa smoothetook. Hence we call
theroughnessn our userinterface.

3.4 Boats

We approximatehe motionof abobbingboatby an2D rigid trans-
formationcomposedf a translationfor heasing anda rotationfor

rolling. A boatmoving on the surfaceof openwateris almostal-

waysin oscillatory motion [Sun et al. 2003]. Hence,the simplest
modelis to assigra sinusoidatranslationranda sinusoidakotation.
However, this oftenlooksfake. In principle, we could build a sim-

ple modelfor theboat,corverttheheight eld of waterinto aforce
interactingwith the hull and solve the dynamicsequationfor the
boatto estimateits displacementHowever, sinceour goalis only

to synthesizean approximatesolution, we directly usethe height
eld of thewave to move the boat,asfollows.

Welettheuserselectaline closeto thebottomof theboat.Then,we
sampleseveral pointsalongtheline. For eachpoint g , we look up
thecorrespondin@D projectionof theheight eld h(g;;t). Finally,
we uselinearregressionto t aline throughthe g;'s. The position
and orientationof the tted line then determinethe hearing and
rolling of theboat.

3.5 Clouds

Anothercommonelemenfor scenigicturesis clouds.In principle,
cloudscouldalsobe modeledasa stochastigprocessHowever, we
needthestochastiprocesso matchthecloudsin theimageatsome
point, which is harder Since cloudsoften move very slowly and
theirmotiondoesnotattracttoo muchattentionwe simply assigra
translationamotion eld tothem.As with water we have to extend
the cloudsoutsidetheimageframein someway, sincetheirmotion
in onedirectionwill createholesthatwe haveto Il

4 Results

We have developed an interactve system that supports mat-
ting, inpainting, motion editing, and previewing the results.

We have applied our systemto several photographsand fa-
mous paintings.The nal resultsare bestviewed in video form
(http://grail.cs.vashington.edu/projects/StochasticMotiexttires).
Here,we summarizesomeof the resultsand discusssomedetails
in creatingthem.

It takesfrom several minutesto several hoursto animatea picture
dependingnthecompleity of theinput. Matting andinpaintingis
the mosttime-consumingpartin our systemandusuallyconsumes
morethan90 percenbf theoveralltime for animatingapicture.For
example,for the picturein Figurel(a),becausef the complicated
structurejt is dif cult to specifythetrimapfor thebrancheonthe
left. Sincethe backgrounds smoothin color, we end up usinga
garbagematteto take outthetreeanduseinpaintingalgorithm rst
to estimatethe backgroundTaking advantageof the known back-
ground,thetrimap canbe paintedfairly roughly We modela total
of 10branche®ntheleft andtheright. We useasmallwave ampli-
tudeandhigh roughnesso give theripplesa ne-grainedlook. For
the harborpicturein Figure 1(b), we animatethe waterand have
nine boatsswing with the water The cloud andsky are animated
usingatranslationamotion eld.

Figure1(c)-(e)shaws threepaintingswe have animated Our tech-
nigueactuallyworksevenbetterwith paintingsperhapdecausén

thissituationwe arelesssensitve to anythingthatdoesnotlook per

fectly realistic.For ClaudeMonet's paintingin Figurel(c), we ani-
matethe waterwith lower amplituderoughnesso keepthe strokes
intact. We alsolet the boatsway with the water AnotherMonet's
painting shavn in Figure 1(d) is a more comple« example,with

morethantwenty layers.We usethis exampleto demonstrat¢hat
we canchangeheappearancef thewaterby controllingthe phys-
ical parametersin Figure 3, we shaw look of the waterunderdif-

ferentwind speedsdirections andsimulationscales.

For Van Gogh's sun ower painting (Figure 1(e)), we use our
stochastiavind modelto animatetheforty plantlayers.With asim-
ple sinusoidaimodel,theviewer usuallycanquickly gure outthat
the plantsswing in synchrory andthe motion loosesa lot of its
interest.With the stochastionvind model,the o wers' motionsde-
correlatein phaseandtheresultedanimationis moreappealing.

5 Conclusion and future work

In this paperwe have describecainapproactor animatingstill pic-
turesof alimited classof scenes—irparticulay sceneshatcontain
passie elementsespondindo naturalforcesin anoscillatoryfash-
ion. We ervisionthiswork asjustthe rst stepin thelargerproblem
of animatinga muchmoregeneraklassof pictures.

Even for the scenesve canalreadyanimate ,our systemcurrently
makesanumberof assumptionghatwe would liketo relax.For ex-
ample,we assumehatthe elementf theinputimagearein their
equilibriumpositions.Thisis oftennotthe casen reality — for in-
stancefor a scenewith waterthatalreadyhasripples.Indeed,an
interestingchallengewould be to usetheseripplesto estimatethe
water motion andthen animateit correctly (In addition, rippling
wateralsoalternatedetweeractingasatransmitterandasare ec-
tor nearthe Fresnelngle.This effect shouldalsobeincorporated.)
As anotherexample,our methodcurrentlyworks bestfor treesata
distanceFor closertrees,it is dif cult andtediousto segmentthe
treesproperly It would alsobeinterestingo addshimmeringnside
thetreesto simulateleaf motion usingsomekind of turbulent o w
elds.

There are other classesof motion that could be modeled us-
ing a similar approach.For example, waterflls could perhaps
be animatedusing a techniquesimilar to “motion without move-
ment” [Freemanret al. 1991]. Oceanwavescould be simulatedus-
ing stochastienodels althoughmatchingtheappearancef thestill
posesomeinterestingchallengesFlying birdsandothersmallani-
malscouldbeanimatedisingideasfrom videospriteg Schodl etal.
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(a) composite (b) lowerwind speed

(c) wind of differentdirection (d) roughemwatersurface

Figure 3 We cancontrolthe appearancef watersurfaceby adjustingsomephysical parametersuchaswind speed We shav oneof the compositega) asthe
referencein which thewind blow at5 m/sin z direction.We decreas¢hewind speedo 3 m/s (b) andchangethewind directionto bealongz axis(c). In (d), we

changethe scaleof the simulationto renderwaterwith ner ripples.

2000]. We believe thatit might alsobe possibleto animate uids
like ame or smole. However, this requiresa constrainedstochas-
tic simulation,sincethe stateof simulationshouldresembleheap-
pearancef theinputimage.Recentadwancesn controllingsmole
simulationby keyframescould be usedfor this purpose[Treuille
etal. 2003].

In our systemall the layersare hooked up togetherto a synthetic
wind force. Currently the samewind force is appliedeverywhere
in the scenealbeitwith differentphaseslit shouldnot be too dif-

cult to extendthe formulationto handlea completevector elds

of evolving wind forcesin orderto provide a morerealisticstyle of

animationIn addition,we would lik e to addmorecontrollability so
thattheuserscould possiblyinteractwith thetreesindividually.

Currently we usephysically-baseagimulationto synthesize para-
metricmotion eld. Oneway to improve the quality of the motion
would beto uselearningalgorithmsto transfemmotionfrom similar
type of objectsin videos.Indeed the physically-basedpproaches
we usearebasedon empirically derived models.Learningthe mo-
tion directly atthe pixel level couldgive ner-gainedmotions.This
approachalsomight provide atype of “canned’motionlibrary that
couldbeusedto paintmotion elds interactizely ontoascene.

Our systemnow requiresa fair amountof userinteraction.For ex-
ample,to modela treerealistically the userhasto manuallysey-
mentatreeinto clumpsandthendraw a skeletonto connecthem.
One way to reducethis burdenwould be to let the user sketch
branchesn the tree, and let the systemautomatically gure out
how thetreeshouldbe subdividedandassociateavith theskeleton.

Anotherpossibilitywould beto usemultiple picturesasinput. Most
moderndigital camerashave a “motor-drive” mode that allows
usersto take high-resolutionphotographsat a restrictedsampling
rate,aroundl—-3framespersecondFromsuchasetof photographs,
we mightbeableto automaticallysegmentapictureinto severalco-
herentlymoving regionsand gure outthemotionparameterf§om
thesamplestill imagesit mayalsobeinterestingto combinehigh-
resolutionstills with lower-resolutionvideo to produceattractve
animations Our approactcould alsobe combinedwith “Tour into
thepicture”to provide evenrichercontrolover animatedictures.

In conclusionwe arepleasedy theeasewith whichit is possibleo
breathdife into pictures baseddn recenimprovementsn matting,
in-painting,andstochastienodelingalgorithmsandwefeellike we
have only justbegunto explorethe creatie possibilitiesin thisrich
domain.
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