
TechnicalReportUW-CSE-04-04-02

Animating Pictures with Stoc hastic Motion Textures
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(a) Japanesetemple (b) Harbor (c) TheBoatStudio (d) Argenteuil (e)Sun�ower

Figure 1 Sampleinput imageswe animateusingour technique.The�rst two picturesarephotographsof a JapaneseTemple(a) anda harbor(b). Thepaintings
shown in (c) and(d) areClaudeMonet'sLebateauatelier (TheBoatStudio)andTheBridgeat Argenteuil. Wealsotry ourmethodonVanGogh'sSun�ower(e) to
animatethe�o wers.

Abstract
In this paper, we explore the problemof taking a still pictureand
makingit move in convincing ways.In this paper, we limit our do-
mainto scenescontainingpassive elementsthatrespondto natural
forcesin someoscillatory fashion.We usea semi-automaticap-
proach,in which a humanusersegmentsthe sceneinto a series
of layers to be individually animated.The automaticpart of the
approachworks by synthesizinga “stochasticmotion texture” us-
ing a spectralmethod— i.e., a �ltered noisespectrumwhosein-
verseFourier transformis the motion texture.The motion texture
is a time-varying 2D displacementmap,which is appliedto each
layer. Theresultingwarpedlayersarerecomposited,alongwith “in-
painting” to �ll any holes,to form theanimatedframes.Theresult
is a video texture createdfrom a singlestill image,which hasthe
advantagesof beingmorecontrollableandof generallyhigherim-
agequalityandresolutionthanavideotexturecreatedfrom avideo
source.We demonstratethe techniqueon a varietyof photographs
andpaintings.

1 Intr oduction
Whenwe view a photographor painting,we perceive muchmore
thanthestaticpicturebeforeus.Wesupplementthatimagewith our
life experiences:given a pictureof a tree,we imagineit swaying;
givenapictureof apond,weimagineit rippling. In effect,webring
to beara strongset of “priors” (to usethe technicaljargon from
computervision),andthesepriorsenrichourperceptions.
In this paper, we explore how a set of explicitly encodedpriors
might be usedto animatepictureson a computer. The fully auto-
matic animationof arbitrary scenesis, of course,a monumental
challenge.In order to make progress,we make the problemeas-
ier in two ways.First, we usea semi-automatic,user-assisted,ap-
proach.In particular, wehaveausersegmentthesceneinto asetof
animatablelayersandassigncertainparametersto eachone.Sec-
ond,we limit our scopeto scenescontainingpassive elementsthat
respondto naturalforcesin someoscillatoryfashion.Thetypesof
passive elementswe explore includeplantsandtrees,water, �oat-
ing objectslike boats,andclouds.The motion of theseobjectsis
driven by the samenaturalforce,namely, wind. While thesemay
seemlikea limited setof objectsandmotions,they occurin a large
varietyof picturesandpaintings,asshown in Figure1.
It turnsout that all of theseelementscanbe animatedin a simi-
lar way. First, we segmentthe picture into a setof user-speci�ed

layersusingBayesianmatting[Chuanget al. 2001].As eachlayer
is removed from thepicture,“in-painting” is usedto �ll in the re-
sultinghole.Next, for eachlayer, wesynthesizeastochasticmotion
textureusingspectralmethods[Stam1995].Spectralmethodswork
by generatinganoisespectrumin thefrequency domain;applyinga
(physically based)spectrum�lter to thatnoise,which is speci�c to
thetypeof naturalforceandto thetypeandparametersof thepas-
sive objectbeingaffected;andcomputinganinverseFouriertrans-
form to createthestochasticmotiontexture.This motiontextureis
a time-varying2D displacementmap,which is appliedto thepixels
in thelayer. Finally, thewarpedlayersarerecompositedto form the
animatedpicturefor eachframe.
Theresultingmoving picturecanbe thoughtof asa kind of video
texture[Schödl etal. 2000]—although,in thiscase,avideotexture
createdfrom a singlestaticimageratherthanfrom a videosource.
Thus,theseresultshave potentialapplicationwherever video tex-
turesdo, i.e., in placeof still imageson Websites,asscreensavers
or desktop“wallpapers”,or in presentationsand vacationslide
shows. In addition,thereareseveral advantagesto creatingvideo
texturesfrom astaticimageratherthanfrom avideosource.
First,becausethey arecreatedsynthetically, they allow greatercre-
ative control in their appearance.For example,the wind direction
andamplitudecanbetunedfor a particulardesiredeffect.Second,
consumer-gradedigital still camerasgenerallyprovidemuchhigher
imagequality andgreaterresolutionthantheir videocameracoun-
terparts.Thissetof advantagesmayallow videotexturesto beused
in entirelynew situationsthatwerenotpreviouslypractical.For ex-
ample,controllable,high-resolutionvideotexturesmightbeusable
for animatedmattepaintingsin specialeffects.
For themostpart,thealgorithmswedescribein thispaperarefairly
simpleapplicationsof alreadyavailabletechniques.Thus,perhaps
thepaper's greatestcontributionsareits formulationof theoverall
problem,its introductionof the conceptof stochasticmotion tex-
tures,andits proof of the feasibility of applyinga warping-based
approachto creatingsurprisingly convincing and appealingani-
matedpictures.

1.1 Related work
Our goal is to synthesizea stochasticvideo from a single image.
Hence,ourwork isdirectlyrelatedto theworkonvideotexturesand
dynamictextures [SzummerandPicard1996;Scḧodl et al. 2000;
Wei andLevoy 2000;Soattoetal. 2001;WangandZhu2003].Like
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our work, video texturesfocuson “quasi-periodic”scenes.How-
ever, theinputsto videotexturealgorithmsareshortvideosthatcan
beanalyzedto mimic theappearanceanddynamicsof thescene.In
contrast,theinput to 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 selectedperspective viewing parameterssuchasvan-
ishingpoints.This allows usersto interactively navigateinto a pic-
ture. Criminisi et al. [2000] proposean automatedtechniquethat
canproducesimilar effects in a geometricallycorrectway. More
recently, Oh et al. [2001] developedan image-baseddepthediting
systemcapableof augmentinga photographwith a morecompli-
cateddepth�eld to synthesizemorerealisticeffects.In our work,
insteadof synthesizinga depth�eld to changethe viewpoint, we
addmotion�elds to make thescenechangeover time.
Forcertainclassesof motions,oursystemrequirestheuserstospec-
ify a skeletonfor a layer. It thenperformsa physically-basedsim-
ulationon theskeletonto synthesizea motion �eld; it is therefore
similar to skeleton-basedanimationapproaches.Litwinowicz 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 naturalphenomenawe target becausesuchmotionsare
dif�cult to keyframe.Also, they usea smoothscattereddatainter-
polationto synthesizemotion �eld without any physicaldynamics
model.
Our work alsohassimilar componentsto the object-basedimage
editing systemproposedby Barrett and Cheney [2002], namely,
objectselection, matteextraction, andhole �lling . Indeed,Barrett
etal. havealsodemonstratedhow to generateavideofrom asingle
imageby editingandinterpolatingkeyframes.Like Litwinowicz's
system,thefocusis onkey-framedratherthanstochastic(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 applyquadraturepairsof oriented�lters to vary
thelocalphasein animageto givetheillusion of motion.While the
motion is quite compelling,the band-pass�ltered imagesdo not
look photorealistic.
Even earlier, at the turn of the (20th) century, peoplepaintedout-
door sceneson piecesof masked vellum paperandusedseriesof
sequentiallytimedlights to createtheillusion of descendingwater-
falls [Hathaway et al. 2003].Peoplestill make this kind of device,
which is oftencalledakineticwaterfall. Anotherexampleof asim-
pleanimatedpictureis thepopularJavaprogramLakeapplet, which
takesasingleimageandperturbstheimagewith asetof simplerip-
ples[Grif �ths 1997].Thoughvisually pleasing,theseresultsoften
donot look realisticbecauseof their lackof physicalproperties.
Working on an inverseproblemto ours,Sunet al. [2003] propose
a video-inputdrivenanimation(VIDA) systemto extractphysical
parameters,likewind speed,from realvideofootage.They thenuse
theseparametersto drive thephysicalsimulationsof syntheticob-
jectsto integratethemconsistentlywith the sourceimagery. They
estimatephysicalparametersfromobserveddisplacements;wesyn-
thesizedisplacementsusinga physical simulationbasedon user-
speci�ed parameters.They target a similar setof naturalphenom-
enato thosewe study, suchasplants,waves,andboats,which can
all beexplainedasharmonicoscillations.
To simulate our dynamics,we use physically-basedsimulation
techniquespreviouslydevelopedin computergraphicsfor modeling
naturalphenemena.For waves,we usethe Fourier wave modelto
synthesizeatime-varyingheight�eld. Mastinetal. [1987]werethe
�rst to introducestatisticalfrequency-domainwave modelsfrom
oceanography into computergraphics.In asimilarway, wesynthe-

sizestochasticwind �elds [Shinya andFournier1992;Stamand
Fiume1993] by applyinga differentspectrum�lter . Whenapply-
ing the wind �eld to trees,sincethe force is oscillatoryin nature,
therespondingmotionsarealsoperiodicandcanbesolvedmorero-
bustly andef�ciently in thefrequency domain[Stam1997;Shinya
etal. 1998].

Aoki et al. [1999] coupledphysically-basedanimationsof plants
with imagemorphingtechniquesasanef�cient alternativeto theex-
pensive physically-basedplantsimulationandsynthesisandthere-
fore only demonstratetheir concepton syntheticimages.In our
work, we targetrealpicturesanduseourapproachasaway to syn-
thesizevideotexturesfor stochasticscenes.

Oursystemrequiresusersto segmentanimageinto layers. To sup-
port seamlesscomposites,a soft alphamattefor eachlayer is re-
quired.We userecentlyproposedinteractive imagemattingalgo-
rithms to extract alphamattesfrom the input image[Ruzon and
Tomasi2000;Chuanget al. 2001].To �ll in holesleft behindaf-
ter removing eachlayer, weuseaninpaintingalgorithm[Bertalmio
et al. 2000;Criminisi et al. 2003;Jia andTang2003;Drori et al.
2003].

1.2 Overview

We begin with a systemoverview that describesthe basic �o w
of our system(Section2). We then addressour most important
subproblem,namelysynthesizingstochasticmotion texture (Sec-
tion 3). Finally, we discussour results(Section4) and end with
conclusionsandideasfor futurework.

2 System overview
Givena singleimageI , how canwe generatea continuouslymov-
ing animation?The approachwe follow is to breakthe imageup
into several layersandto thensynthesizea motiontexture1 andap-
ply it to eachlayerindividually.

A motion texture is essentiallya time-varyingdisplacementmap
de�nedby amotiontype,asetof motionparameters,andoptionally
a motionskeleton.A displacementmapD is a setof displacement
vectors,

D (p) = (dx (p); dy (p)) (1)

for pixelsp = (x; y). A motiontextureM (t) is a mappingfrom a
time t to adisplacementmapD .

Applying a displacement�eld D directly to animageI resultsin a
forwardwarpedimageI 0 suchthat

I 0(x + dx (p); y + dy (p)) = I (x; y): (2)

However, sinceforwardmappingis fraughtwith problemssuchas
aliasingandholes,we actuallyuseinversewarping,I 0 = D 0 ? I ,
where

I 0(x; y) = I (x + d0
x (p); y + d0

y (p)) : (3)

We couldcomputetheinversedisplacementmapD 0 from D using
thetwo-passmethodsuggestedin [Shadeetal.1998].Instead,since
ourmotion�elds areall verysmooth,wesimplydilatethemby the
extentof thelargestpossiblemotionandreversetheir sign.

With thisnotationin place,wecannow describethebasicwork�o w
of oursystem(Figure2),whichconsistsof threesteps:layeringand
matting, motionspeci�cationandediting, and�nally rendering.

1We usethe termsmotion texture and stochastic motion texture inter-
changeablyin thepaper. Thetermmotiontexture wasalsousedin [Li et al.
2002]to refera lineardynamicsystemlearnedfrom motioncapturedata.

2



TechnicalReportUW-CSE-04-04-02

Figure2 Overview of oursystem.Theinputstill image(a) is manuallysegmentedinto severallayers(b).EachlayerL i is thenanimatedwith adifferentstochastic
motiontextureM (t ) (c). Finally, theanimatedlayersL i ( t ) (d) arecompositedbacktogetherto producethe�nal animationI ( t ) (e).

Layering and matting. The �rst step,layering, is to segment
the input imageI into layersso that, within eachlayer, the same
motiontexturecanbeapplied.For example,for thepaintingin Fig-
ure2(a),wehavethefollowing layers:water, sky, bridgeandshore,
threeboats,andtheeleventreesin thebackground(Figure2(b)).To
accomplishthis,we useaninteractive objectselectiontool suchas
apaintingtool or intelligentscissors[MortensenandBarrett1995].
The tool is usedto specify a trimap for a layer; we then apply
Bayesianmattingto extract thecolor imageanda soft alphamatte
for thatlayer[Chuangetal. 2001].
Becausesomelayerswill be moving, occludedpartsof the back-
groundmight becomevisible. Hence,after extractinga layer, we
usean inpaintingalgorithmto �ll the hole in the backgroundbe-
hind theforegroundlayer. Weusetheexample-basedinpaintingal-
gorithmof [Criminisi et al. 2003]becauseof its simplicity andits
capacityto handlebothlinearstructuresandtexturedregions.Note
thattheinpaintingalgorithmdoesnothaveto beperfect,sinceonly
pixels nearthe boundaryof the hole arelikely to becomevisible.
However, sometimes,we do have to performmanualinpaintingto
bettermaintain layers' structures,for example,the boatsin Fig-
ure2. After thebackgroundimagehasbeeninpainted,we work on
this imageto extractthenext layer. Werepeatthisprocessfrom the
closestlayerto thefurthestlayerto generatethedesirednumberof
layers.EachlayerL i containsa color imageCi , a matte� i , anda
depthdi . Thedepthcouldbeautomaticallyassignedwith theorder
in which thelayersareextracted.

Motion speci�cation and editing. Thesecondcomponentof
oursystemletsusspecifyandedit themotiontexturefor eachlayer.
Currently, we provide thefollowing motiontypes:trees(swaying),
water(rippling), boat(bobbing),clouds(translation),andstone(no
motion:-). For eachmotiontype,theusercantunethemotionpa-
rametersandspecifya motionskeleton,whereapplicable.We de-
scribethemotionparametersandskeletonsin moredetailsfor each
motiontypein Section3.
Sinceall of themotionswecurrentlysupportaredrivenbywind, the
usercontrolsa singlewind speedanddirection,which is sharedby
all thelayers.Thisallowsall thelayersto respondto thewind con-
sistently. Our motionsynthesisalgorithmis fastenoughto animate
a single layer in real-time.Hence,the systemcanprovide instant
visualfeedbackto changesin motionparameters,whichmakesmo-
tion editing easier. Eachlayer L i hasits own motion texture,M i ,
asshown in Figure2(c).

Rendering. During the rendering process,for each time in-
stancet and layer L i , a displacementmapM i (t) is synthesized.

This displacementmap is then applied to Ci and � i to obtain
L i (t) = M i (t) ? L i (0) (Figure2(d)).Noticethatthedisplacement
is evaluatedasan absolutedisplacementof the input imageI (0)
ratherthana relative displacementof thepreviousimageI (t � 1).
In thisway, repeatedresamplingis avoided.

Finally, all thewarpedlayersarecompositedtogetherfrom backto
front to synthesizetheframeattimet, I (t) = L 1(t) � L 2(t) � : : :�
L l (t), whered1 � d2 � � � � dl and� is thestandardover opera-
tor [PorterandDuff 1984](Figure2(e)).Theusercanalsospecify
a time-varyingwind �eld to createamorerealisticanimation.

3 Stoc hastic motion textures
In this section, we describeour approachto synthesizingthe
stochasticmotion texturesthat drive the animatedimage.In Sec-
tion 3.1, we describethe basicprinciples(spectralmethods).We
then describethe detailsof eachmotion type, i.e., trees(Section
3.2), water(Section3.3), bobbingboats(Section3.4), andclouds
(Section3.5).

3.1 Stoc hastic modeling of natural phenomena

Many naturalmotionscan be seenas harmonicoscillations[Sun
etal.2003],and,indeed,hand-craftedsuperpositionsof handfulsof
sinusoidshave often beenusedto approximatemany naturalphe-
nomenafor computergraphics.However, this simpleapproachhas
somelimitations. First of all, it is tediousto tune the parameters
to producethe desiredeffects.Second,it is harderto hook all the
motionsin aconsistentwaysincethey lackaphysicalbasis.Lastly,
theresultingmotionsdonot look naturalsincethey arestrictly peri-
odic— irregularityactuallyplaysacentralrole in modelingnatural
phenomena.

One way to add randomnessis to introducea noise �eld. Intro-
ducingthis noisedirectly into thetemporalor spatialdomainoften
leadsto erraticandunrealisticsimulationsof naturalphenomena.
Instead,wesimulatenoisein thefrequency domain,andthensculpt
the spectralcharacteristicsto matchthe behaviors of real systems
that have intrinsic periodicitiesandfrequency responses.Speci�c
spectrum�lters needto be appliedto modelspeci�c phenomena,
leadingto so-calledspectral methods.

The spectralmethodfor synthesizinga stochastic�eld in general
hasthreesteps:(1) generatea complex Gaussianrandom�eld in
the frequency domain,(2) applya domain-speci�cspectrum�lter ,
(3) computethe inverseFourier transformto synthesizea stochas-
tic �eld in the time or frequency domain.A nice propertyof this
methodis that the synthesizedstochastic�eld canbe tiled seam-
lessly. Hence,weonly needto synthesizeapatchof reasonablesize
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andtile it to produceamuchlargerstochasticsignal.This tiling ap-
proachworksreasonablywell if thesizeof thepatchis largeenough
to avoid objectionablerepetition.
To realistically model natural phenomena,the �lter should be
learnedfrom thereal-world data.For thephenomenawe simulate,
plantsandwaves,suchexperimentaldataandstatisticsareavail-
ablefrom other�elds, e.g.,structuralengineeringandoceanogra-
phy, andhavealreadybeenusedby thegraphicscommunityto cre-
atesyntheticimagery [ShinyaandFournier1992;StamandFiume
1993;Mastinet al. 1987].We usethesemethodsto synthesizeour
stochasticmotiontexturesin thefollowing sections.

3.2 Plants and trees
Thebranchesandtrunksof treesandplantscanbemodeledasphys-
ical systemswith mass,damping,andstiffnessproperties.Thedriv-
ing function that causesbranchesto sway is typically wind. Our
goal is to model the spectral�ltering due to the dynamicsof the
branchesappliedto thespectrumof thedriving wind force.
To modelthephysicsof branches,we take a simpli�ed view intro-
ducedby [Sunetal. 2003].In particular, eachbranchis represented
asa 2D line segmentparameterizedby u, which rangesfrom 0 to
1. This line segmentis drawn by theuserfor eachlayer. Displace-
mentsof thetip of thebranchdtip (t) aretakento beperpendicular
to theline segment.Modal analysisindicatesthatthedisplacement
perpendicularto the line for otherpointsalongthe branchcanbe
simpli�ed to theform:

d(u; t) =
h1

3
u4 �

4
3

u3 + 2u2
i

dtip (t) (4)

Weapproximatethe(scalar)displacementof thetip in thedirection
of theprojectedwind forceasadampledharmonicoscillator:

•dtip (t) + 
 _dtip (t) + 4� 2 f 2
o dtip (t) = r (t)=m (5)

wherem is the massof the branch,f o = k=m is the naturalfre-
quency of thesystem,
 = c=m is thevelocity dampingterm[Sun
et al. 2003].Theseparametershave a moreintuitive meaningthan
the damping(c) andstiffness(k) termsfound in more traditional
formulations.Thedriving forcer (t) is derivedfrom thewind force
incidenton thebranch,asdetailedbelow.
TakingthetemporalFouriertransformof thisequationgivesus:

D tip (f ) =
R(f ) exp� i 2� �

2� m
�
(f 2 � f 2

o )2 + 
 2 f 2
� � 1=2

(6)

whereR(f ) is theFouriertransformof thedriving force.Thephase
shift � is givenby:

tan � =

 f

f 2 � f 2
o

(7)

We canseefrom equation6 that thedynamicalsystemis actingas
anon-zerophasespectral�lter on theforcingspectrumR(f ).
Next, we modelthe forcing spectrumfor wind. Experimentalevi-
dence[Simiu andScanlan1986,p. 55] indicatesthat the temporal
velocityspectrumof wind atapoint takesthefollowing form:

V (f ) �
vmean

(1 + �f =vmean )5=3
(8)

wherevmean is themeanwind speedand� is generallya function
of altitudewhich we take to bea constant.We thereforemodulate
a randomGaussiannoise�eld G(f ) with thevelocity spectrumto
computethespectrumof aparticular(random)wind velocity�eld:

~V (f ) = V (f )G(f ) (9)

The force due to the wind is generallymodeledas a drag force
proportionalto ~v2(t). However, in ourexperiments,wehave found
that makingthe wind force directly proportionalto wind velocity
producesmorepleasingresults.
Finally, we assembleequations6-9 to constructthe spectrumof
thetip displacementD tip (f ), take theinverseFouriertransformto
generatethe tip displacement,dtip (t), anddistribute the displace-
mentover thebranchaccordingto equation4. Thedisplacementof
pointsin the layer away from the skeletonis obtainedby project-
ing all pixelsorthogonallyontotheoriginal skeletonandusingthe
correspondingdisplacement.
The usercancontrol the resultingmotionappearanceby indepen-
dentlychangingthemeanwind speedvmean andthenatural(oscil-
latory) frequency f o , massm, andvelocitydampingterm
 of each
branch.

3.3 Water
Watersurfacesbelongto anotherclassof naturalphenomenathat
exhibit oscillatoryresponsesto naturalforceslikewind. In thissec-
tion wedescribehow onecanspecifyawaterplanein aphotograph
and thende�ne the mappingof waterheightout of that planeto
displacementsin imagespace.We thendescribehow to synthesize
waterheightvariations,againusingaspectralmethod.
The motion skeletonfor water is simply a plane;we assumethat
theimageplaneis thex-y planeandthewatersurfaceis parallelto
the x-z plane. To correctlymodel the perspective effect, the users
roughly speci�eswherethe planeis. This perspective transforma-
tion T canbe fully speci�ed by the focal lengthandthe tilt of the
camera,whichcanbevisualizedby drawing thehorizon[Criminisi
et al. 2000].
After specifyingthewaterplane,thewateris animatedusingatime-
varyingheight�eld h(q; t), whereq = (xq ; y0 ; zq) is apointonthe
waterplane.To convert theheight�eld h to thedisplacementmap
M t (p), for eachpixel p we �rst �nd its correspondingpoint, q =
(xq ; y0 ; zq) = Tp, onthewaterplane.Wethenaddthesynthesized
heighth(q; t) asa vertical displacement,which givesus a point,
q0 = (xq ; y0 + h(q; t); zq). We thenprojectq0 backto the image
planeto get p0 = T � 1q0. The displacementvector for M t (p) =
p0 � p is therefore:

M t (p) = T � 1 [Tp + (0; h(Tp; t); 0)] � p (10)

The above modelis technicallycorrectif we want to displaceob-
jectsonthesurfaceof thewater. In reality, theshimmerin thewater
is causedby local changesin surfacenormals.Therefore,a more
physically realisticapproachwouldbeto usenormalmapping,i.e.,
to convert the surfacenormalscomputedfrom the spatialgradi-
entsof h(q; t) into two-dimensionaldisplacements.Wehave found
that our currentapproachproducespleasing,realistic-lookingre-
sults and plan to study the more physically-motivatedre�ections
modelin thefuture.
To synthesizea time-varyingheight�eld for thewater, we usethe
time-varyingwind velocity derived in theprevioussectionto syn-
thesizea height �eld matchingthe statisticsof real waves,asde-
scribedby Mastinetal. [1987].
The spectrum �lter we use for waves is the Phillips spec-
trum [Tessendorf2001],which is a power spectrumdescribingthe
expectedsquareamplitudeof wavesacrossall spatialfrequencies,
s:

P (s) �
exp

�
� 1=(sL)2

�

s4
jŝ � v̂ mean j2 (11)

wheres = jsj, L = v2
mean =g, g is the gravitational constantand

ŝ andv̂ mean arenormalizedspatialfrequency andwind direction
vectors.
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Thesquareroot of thepower spectrumdescribestheamplitudeof
wave heights,which we canuseto �lter a randomGaussiannoise
�eld:

H 0(s) = a
p

P(s)G(s) (12)

wherea is aconstantof proportionalityandH 0 is aninstanceof the
height�eld whichwecannow animateby introducingtime-varying
phase.However, wavesof differentspatialfrequenciesmoveatdif-
ferentspeeds.The relationshipbetweenthe spatialfrequency and
thephasevelocity is describedby thewell-known dispersionrela-
tion,

w(s) =
p

gs: (13)

Thetimevaryingheightspectrumcanthusbeexpressedas:

H (s; t) = H 0(s) exp [iw (s)t ] + H �
0 (� s) expf� iw (s)tg (14)

wheretheH �
0 is thecomplex conjugateof H 0 . We cannow com-

putetheheight�eld at time,h(q; t) asthetwo-dimensionalinverse
Fourier transformof H (s; t) with respectto spatialfrequenciess.
We take thegeneratedheight�eld andtile thewatersurfaceusing
ascaleparameter, � , to controlthespatialfrequency.
Thereare thus several motion parametersrelatedto water: wind
speed,wind direction,the sizeof the tile N , the amplitudescale
a, andthespatialfrequency scale� . Thewind speedanddirection
arecontrolledglobally for thewholeanimation.We �nd thata tile
of sizeN = 256 usuallyproducesnice looking results.Userscan
changea to scalethe heightof the waves/ripples.Finally, scaling
thefrequenciesby � changesthescaleatwhichthewavesimulation
is beingdone.Simulatingatalargerfrequency scalegivesarougher
look, while asmallerscalegivesasmootherlook. Hence,wecall �
theroughnessin ouruserinterface.

3.4 Boats
Weapproximatethemotionof abobbingboatby an2D rigid trans-
formationcomposedof a translationfor heaving anda rotationfor
rolling. A boatmoving on the surfaceof openwater is almostal-
ways in oscillatorymotion [Sun et al. 2003].Hence,the simplest
modelis to assignasinusoidaltranslationandasinusoidalrotation.
However, this oftenlooksfake. In principle,we couldbuild a sim-
plemodelfor theboat,convert theheight�eld of waterinto a force
interactingwith the hull andsolve the dynamicsequationfor the
boatto estimateits displacement.However, sinceour goal is only
to synthesizean approximatesolution,we directly usethe height
�eld of thewave to move theboat,asfollows.
Welet theuserselectaline closeto thebottomof theboat.Then,we
sampleseveralpointsalongtheline. For eachpoint qi , we look up
thecorresponding2D projectionof theheight�eld h(qi ; t ). Finally,
we uselinear regressionto �t a line throughtheqi 's. Theposition
and orientationof the �tted line then determinethe heaving and
rolling of theboat.

3.5 Clouds
Anothercommonelementfor scenicpicturesis clouds.In principle,
cloudscouldalsobemodeledasastochasticprocess.However, we
needthestochasticprocessto matchthecloudsin theimageatsome
point, which is harder. Sincecloudsoften move very slowly and
theirmotiondoesnotattracttoomuchattention,wesimplyassigna
translationalmotion�eld to them.As with water, wehaveto extend
thecloudsoutsidetheimageframein someway, sincetheirmotion
in onedirectionwill createholesthatwehave to �ll.

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

We have applied our system to several photographsand fa-
mouspaintings.The �nal resultsare bestviewed in video form
(http://grail.cs.washington.edu/projects/StochasticMotionTextures).
Here,we summarizesomeof the resultsanddiscusssomedetails
in creatingthem.
It takesfrom severalminutesto severalhoursto animatea picture
dependingonthecomplexity of theinput.Mattingandinpaintingis
themosttime-consumingpart in our systemandusuallyconsumes
morethan90percentof theoverall timefor animatingapicture.For
example,for thepicturein Figure1(a),becauseof thecomplicated
structure,it is dif�cult to specifythetrimapfor thebrancheson the
left. Sincethe backgroundis smoothin color, we endup usinga
garbagematteto takeout thetreeanduseinpaintingalgorithm�rst
to estimatethebackground.Takingadvantageof theknown back-
ground,thetrimapcanbepaintedfairly roughly. We modela total
of 10branchesontheleft andtheright.Weuseasmallwaveampli-
tudeandhigh roughnessto give theripplesa �ne-grainedlook. For
the harborpicture in Figure1(b), we animatethe waterandhave
nine boatsswing with the water. The cloud andsky areanimated
usinga translationalmotion�eld.
Figure1(c)-(e)shows threepaintingswe have animated.Our tech-
niqueactuallyworksevenbetterwith paintings,perhapsbecausein
thissituationwearelesssensitivetoanythingthatdoesnotlookper-
fectly realistic.For ClaudeMonet'spaintingin Figure1(c),weani-
matethewaterwith lower amplituderoughnessto keepthestrokes
intact.We alsolet the boatsway with the water. AnotherMonet's
painting shown in Figure 1(d) is a more complex example,with
morethantwenty layers.We usethis exampleto demonstratethat
wecanchangetheappearanceof thewaterby controllingthephys-
ical parameters.In Figure3, we show look of thewaterunderdif-
ferentwind speeds,directions,andsimulationscales.
For Van Gogh's sun�ower painting (Figure 1(e)), we use our
stochasticwind modelto animatetheforty plantlayers.With asim-
plesinusoidalmodel,theviewerusuallycanquickly �gure out that
the plantsswing in synchrony and the motion loosesa lot of its
interest.With thestochasticwind model,the �o wers' motionsde-
correlatein phaseandtheresultedanimationis moreappealing.

5 Conc lusion and future work
In thispaper, wehavedescribedanapproachfor animatingstill pic-
turesof a limited classof scenes—inparticular, scenesthatcontain
passiveelementsrespondingto naturalforcesin anoscillatoryfash-
ion.Weenvisionthiswork asjust the�rst stepin thelargerproblem
of animatingamuchmoregeneralclassof pictures.
Even for the sceneswe canalreadyanimate,our systemcurrently
makesanumberof assumptionsthatwewould liketo relax.For ex-
ample,we assumethat theelementsof theinput imagearein their
equilibriumpositions.This is oftennot thecasein reality— for in-
stance,for a scenewith waterthat alreadyhasripples.Indeed,an
interestingchallengewould be to usetheseripplesto estimatethe
watermotion and thenanimateit correctly. (In addition,rippling
wateralsoalternatesbetweenactingasatransmitterandasare�ec-
tor neartheFresnelangle.Thiseffect shouldalsobeincorporated.)
As anotherexample,our methodcurrentlyworksbestfor treesat a
distance.For closertrees,it is dif�cult andtediousto segmentthe
treesproperly. It wouldalsobeinterestingto addshimmeringinside
thetreesto simulateleaf motionusingsomekind of turbulent�o w
�elds.
There are other classesof motion that could be modeled us-
ing a similar approach.For example, waterfalls could perhaps
be animatedusinga techniquesimilar to “motion without move-
ment” [Freemanet al. 1991].Oceanwavescouldbesimulatedus-
ing stochasticmodels,althoughmatchingtheappearanceof thestill
posessomeinterestingchallenges.Flying birdsandothersmallani-
malscouldbeanimatedusingideasfrom videosprites[Schödl etal.
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(a) composite (b) lowerwind speed (c) wind of differentdirection (d) rougherwatersurface

Figure 3 We cancontrol theappearanceof watersurfaceby adjustingsomephysicalparameterssuchaswind speed.We show oneof thecomposites(a) asthe
reference,in which thewind blow at 5 m/sin z direction.We decreasethewind speedto 3 m/s(b) andchangethewind directionto bealongz axis(c). In (d), we
changethescaleof thesimulationto renderwaterwith �ner ripples.

2000].We believe that it might alsobe possibleto animate�uids
like �ame or smoke. However, this requiresa constrainedstochas-
tic simulation,sincethestateof simulationshouldresembletheap-
pearanceof theinput image.Recentadvancesin controllingsmoke
simulationby keyframescould be usedfor this purpose[Treuille
etal. 2003].
In our system,all the layersarehooked up togetherto a synthetic
wind force.Currently, the samewind force is appliedeverywhere
in the scene,albeit with differentphases.It shouldnot be too dif-
�cult to extendthe formulationto handlea completevector�elds
of evolving wind forcesin orderto provideamorerealisticstyleof
animation.In addition,wewouldliketo addmorecontrollabilityso
thattheuserscouldpossiblyinteractwith thetreesindividually.
Currently, weusephysically-basedsimulationto synthesizeapara-
metricmotion�eld. Oneway to improve thequality of themotion
wouldbeto uselearningalgorithmsto transfermotionfrom similar
typeof objectsin videos.Indeed,thephysically-basedapproaches
we usearebasedon empiricallyderivedmodels.Learningthemo-
tion directlyat thepixel level couldgive �ner -gainedmotions.This
approachalsomightprovidea typeof “canned”motionlibrary that
couldbeusedto paintmotion�elds interactively ontoascene.
Our systemnow requiresa fair amountof userinteraction.For ex-
ample,to modela treerealistically, the userhasto manuallyseg-
menta treeinto clumpsandthendraw a skeletonto connectthem.
One way to reducethis burden would be to let the user sketch
brancheson the tree,and let the systemautomatically�gure out
how thetreeshouldbesubdividedandassociatedwith theskeleton.
Anotherpossibilitywouldbeto usemultiplepicturesasinput.Most
moderndigital camerashave a “motor-drive” mode that allows
usersto take high-resolutionphotographsat a restrictedsampling
rate,around1–3framespersecond.Fromsuchasetof photographs,
wemightbeableto automaticallysegmentapictureinto severalco-
herentlymoving regionsand�gure out themotionparametersfrom
thesamplestill images.It mayalsobeinterestingto combinehigh-
resolutionstills with lower-resolutionvideo to produceattractive
animations.Our approachcouldalsobecombinedwith “Tour into
thepicture” to provideevenrichercontroloveranimatedpictures.
In conclusion,wearepleasedby theeasewith whichit ispossibleto
breathelife into pictures,basedonrecentimprovementsin matting,
in-painting,andstochasticmodelingalgorithmsandwefeel likewe
haveonly justbegunto explorethecreativepossibilitiesin this rich
domain.
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