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Abstract

In this paper we explore the problemof enhancingstill pictures
with subtly animatedmotions.We limit our domainto sceneson-
tainingpassie elementshatrespondo naturafforcesin somefash-
ion. We usea semi-automati@pproachin whichahumanuserseg-
mentsthe sceneinto a seriesof layersto beindividually animated.
Then,a“stochastianotiontexture” is automaticallysynthesizedis-
ing aspectramethodj.e.,theinverseFouriertransformof a Itered
noisespectrumThe motiontextureis atime-varying 2D displace-
ment map, which is appliedto eachlayer The resultingwarped
layersarethenrecompositedo form the animatedrames.There-
sult is a looping video texture createdfrom a single still image,
which hasthe advantage®f beingmorecontrollableandof gener
ally higherimagequality andresolutionthanavideotexturecreated
from avideo source We demonstratéhe technigueon a variety of
photographsindpaintings.

CR Categories: 1.3.3 [Computer Graphics]: Picture/Image
Generation—Displayalgorithms; 1.4.9 [Image Processingand
ComputeVision]: Applications

Keywords: Animation,image-basednimation,image-baseden-
dering,naturalphenomengphysicalsimulation,videotexture

1 Introduction

Whenwe view a photograplor painting,we perceve muchmore
thanthe static picture beforeus. We supplementhatimagewith
our life experiencesgivena pictureof atree,we imagineit sway-
ing; givena pictureof apond,we imagineit rippling. In effect, we
bring to beara strongsetof “priors,” andthesepriors enrich our
perception.

http://grail.cs.vashington.edu/projects/StochasticMotiextlires/

In this paper we explore howv a set of explicitly encodedpriors

might be usedto animatestill imageson a computer The fully au-

tomaticanimationof arbitrary sceness, of coursea monumental
challengeln orderto make progressye make the problemeasier
in two ways.

First, we usea semi-automaticyserassistedapproachlin particu-
lar, a usersegmentsthe sceneinto a setof animatabldayersand
assignsertainparameterso eachone.Seconde limit our scope
to scenegontainingpassie elementghatrespondo naturalforces
in somefashion.We explore arangeof passie elementsncluding
plantsandtrees,water oating objectssuchasboats,andclouds.
The motion of eachof theseobjectsis driven by a single natural
force, namely the wind. Although this setof objectsand motions
may seemlimited, they occurin a large variety of picturesand
paintings,asshowvn in Figurel.

We have foundthatall of theseelementsanbe animatedusinga
uni ed approachFirst, we segmentthe pictureinto a setof user
speci ed layersusing Bayesianmatting [Chuanget al. 2001]. As
eachlayeris removedfrom thepicture,“inpainting” isusedto Il in
theresultinghole.Next, the userannotate®neor morelayerswith
a motionarmature, a line segmentwhich approximateghe struc-
ture of alayer Usingtheseconstraintsye synthesizea stohastic
motiontexture usingspectraimethoddStam1995]. Spectraimeth-
odswork by generatinga randomnoisespectrunin the frequeng
domain,applyinga physically basedspectrumlter to thatnoise,
andcomputinganinverseFouriertransformto createthe stochastic
motiontexture. This motiontextureis atime-varying 2D displace-
mentmap, which is appliedto the pixelsin the layer. Finally, the
warpedlayersare recompositedo form the animatedpicture for
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 presentationsnd vacation slide
shaws.

In addition,thereareseveral advantagego creatingvideotextures
from a staticimageratherthanfrom a video source First, because
they are createdsynthetically they allow greatercreatve control
in theirappearanced-or example thewind directionandamplitude



canbetunedfor aparticulardesireceffect. Secondconsumeigrade
digital still cameragyenerallyprovide muchhigherimagequality

andgreateresolutionthantheir video cameracounterpartsThese
adwantagesllow animatedstills to be usedin new situationssuch
asanimatedmatte paintingsfor specialeffects. Furthermorethey

canbe appliedto sourceshat exist only in a staticform suchas
paintingsandhistoric photographs.

For the mostpart, the algorithmswe describen this paperareap-
plicationsof techniquesrom a variety of disparatesourcessuch
asimagematting and inpainting, and physically basedanimation
of naturalphenomenaNe shav how thesetechniquesanbe com-
bined,seamlesshandsyneugistically into aneasy-to-ussystenfor
animatingstill imagesThus,our majorcontritutionsarein thefor-
mulation of the overall problem,including the recognitionthatan
interestingclassof phenomenaanall beanimatedhttractiely viaa
singlewind sourceusingsimplecontrols;themarshallingof a vari-
ety of techniquesimostnotablystochastianotiontextures,to solv-
ing this problem;the designof a userinterfacethat allows novice
usergto animatepictureswith little or notraining;andlastly, aproof
of the viability andquality of applyingimagewarpingapproaches
to synthesizingappealinganimatedpictures.

1.1 Related work

Our goalis to synthesizea stochasticvideo from a singleimage.
Hence,our work is similar in spirit to the work on video textures
and dynamic textures [Szummerand Picard 1996; Schodl et al.
2000; Wei and Levoy 2000; Soattoet al. 2001; Wang and Zhu
2003]. Like our work, video textures focus on “quasi-periodic”
scenesHowever, the inputsto video texture algorithmsare short
videosthat canbe analyzedto mimic the appearancanddynam-
ics of the sceneln contrasttheinput to our work is only a single
image.

Our work is, in spirit, similar to the “Tour Into the Picture” sys-
temdevelopedby Horry etal. [1997]. Their systemallows usersto
mapa 2D imageonto a simple3D box scenebasedbn someinter-
actively selectedperspectie viewing parametersuchasvanishing
points. This approachallows usersto interactvely navigateinto a
picture.Criminisi etal. [2000] proposeanautomatedechniquehat
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 thescenechangeovertime.

For certain classesof motions, our system requiresthe user
to specify a motion armaturefor a layer, and then performs
physically-basedsimulationon the armatureto synthesizea mo-
tion eld. It is thereforesimilar to the methodof Litwinowicz and
Williams [1994], which useskeyframeline drawingsto deformim-
agesto create2D animationsTheir systemis quite usefulfor tra-
ditional 2D animation.However, their techniquds not suitablefor
modelingthe naturalphenomenave taget becausesuchmotions
are dif cult to keyframe. Also, they usea smoothscattereddata
interpolationto synthesizea motion eld withoutarny physicaldy-
namics.

Ourwork is alsorelatedto the object-basedmage editing system
proposedby Barrettand Cheng [2002], namely objectselection
matteextraction, andhole lling . Indeed,Barrettet al. have also
demonstratetiow to generate videofrom a singleimageby edit-
ing andinterpolatingkeyframesLik e Litwinowicz's systemthefo-

cusis on key-framedratherthan stochastiqtemporaltexture-like)

motions.

Freemaret al. [1991] previously attemptedto createthe illusion
of motionin a staticimagein their “Motion without movement”
paper They apply quadraturepairs of oriented Iters to vary the

local phasein animageto give the illusion of motion. While the
motion is quite compelling,the band-passltered imagesdo not
look photorealistic.

Even earlier at the turn of the 20" century peoplepaintedout-

door sceneon piecesof masled vellum paperand usedseriesof

sequentiallytimed lights to createthe illusion of descendingva-

terfalls [Hathavay et al. 2003]. Peoplestill make this kind of de-
vice, which is often calleda kinetic waterfall. Anotherexampleof

a simple animatedpicture is the popularJava program,Lake ap-

plet, which takesa singleimageand perturbstheimagewith a set
of simpleripples[Grif ths 1997]. Thoughvisually pleasing these
resultsoften do not look realistichecausef their lack of physical
properties.

Working on aninverseproblemto ours,Sunetal. [2003] propose
a video-inputdriven animation (VIDA) systemto extract physi-
cal parametersuchaswind speedfrom real video footage.They
thenusetheseparameterso drive the physical simulationof syn-
thetic objectsto integratethemconsistentlywith the sourcevideo.
They estimatephysical parameterdrom obsenred displacements;
we synthesizalisplacementsisinga physical simulationbasedon
userspeci ed parametersThey tamgeta similar setof naturalphe-
nomenao thosewe study:plants,waves,andboats,which canall
be explainedasharmonicoscillations

To simulatedynamics,we use physically-basedsimulationtech-
niguespreviously developedin computergraphicsfor modeling
naturalphenomenakor waves,we usethe Fourier wave modelto
synthesizatime-varyingheight eld. Mastinetal. [1987]werethe
rst to introducestatisticalfrequeng-domainwave modelsfrom
oceanographinto computergraphicsln a similar way, we synthe-
size stochastiowind elds [Shinya and Fournier1992; Stamand
Fiume 1993] by applyinga differentspectrumlter . Whenapply-
ingthewind eld totreessincetheforceis oscillatoryin naturethe
correspondingnotionsarealsoperiodicandcanbesolvedmorero-
bustly andef ciently in thefrequeng domain[Stam1997;Shirya
etal. 1998].

Aoki et al. [1999] coupledphysically-basedanimationsof plants
with imagemorphingtechniquesas an ef cient alternatve to ex-
pensve physically-basedlant simulationandsynthesisHowever,
they only demonstrateheir concepton syntheticimages.In our
work, we targetrealpicturesanduseour approactasaway to syn-
thesizevideotexturesfor stochastiscenes.

Our systenrequiresuserso sggmentanimageinto layers. To sup-
port seamlesgompositesa soft alphamattefor eachlayeris re-
quired. We userecentlyproposednteractize 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 Tang2003; Drori et al.
2003].

1.2 Overview

We begin with a systemoverview that describeghe basic o w of
our system(Section2). We thenaddresour mostimportantsub-
problem, namely synthesizinga stochasticmotion texture (Sec-
tion 3). Finally, we discussour results(Section4) and end with
conclusionsandideasfor futurework.

2 System overview

Givenasingleimage,how canwe generate continuouslymaoving
animationquickly andeasily?Onepossibilityis to usea keyframe-
basedipproachasdid Litwinowicz andWilliams [1994]. However,
suchanapproachs problematidor nave usersspecifyingthemo-
tionsis comple, andachieving ary kind of movementresembling
physicalrealismis quitedif cult. Anotherstraightforvardapproach
is to usecompositionsof sinusoidsto createoscillatory motions
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Figure 2 Overview of our system.The input still image(a) is manuallysegmentedinto several layers(b). EachlayerL; is thenanimatedwith a
differentstochastianotiontexture d; (t) (c). Finally, the animatedayersL  (t) (d) arecompositecbacktogetherto producethe nal animationl (t)

(e).

[Grif ths 1997],buttheresultingeffectmaynotmaintainaviewer's
interestover morethana shortperiodof time, on accounf its pe-
riodicity andpredictability

The approachwe ultimately settledupon— which hasthe adwan-
tagesof being quite simple for usersto specify and of creating
interesting,comple, andplausiblyrealisticmotion — is to break
the image up into several layersandto then synthesizea differ-
entmotiontexture® for eachlayer A motion texture is essentially
a time-varyingdisplacemenmap de ned by a motion type, a set
of motion parametersandin somecasesa motion armature.This
displacemenmapd(p;t) is a function of pixel coordinateg and
timet. Applying it directlyto animagelayerL resultsin aforward
warpedimagelayerL ° suchthat

L%p+ d(p;t)) = L(p) 1)

However, sinceforward mappingis fraughtwith problemssuchas
aliasingandholes,we actuallyuseinversewarping,de ned as

L%p) = L(p+ dUp;t))

We denotethisoperationasL.°= L d°

We could computethe inversedisplacementmap d® from d using
the two-passmethodsuggestedy Shadeet al. [1998]. Instead,
sinceour motion elds areall very smooth,we simply dilate them
by the extentof thelargestpossiblemotionandreversetheir sign.

With this notationin place we cannow describehebasicwork o w
of oursystem(Figure2), which consist®f threestepsiayeringand
matting motionspeci cationandediting and nally rendering

@)

Layering and matting. The rst step,layering is to segment
the inputimagel into layersso that, within eachlayer, the same
motiontexture canbeapplied.For example for the paintingin Fig-
ure 2(a), we have the following layers:onefor eachof the water
sky, bridgeandshore;onefor eachof the threeboats;andonefor
eachof theeleventreesin thebackgroundFigure2(b)). To accom-
plishthis,we useaninteractve objectselectiortool suchasapaint-
ing tool or intelligent scissordMortensenand Barrett1995]. The
tool is usedto specifyatrimap for alayer;we thenapply Bayesian

1We usethe termsmotion texture and stodastic motion texture inter-
changeablyin this paper The term motiontexture wasalsousedby Li et.
al [2002] to referto a linear dynamicsystemlearnedfrom motion capture
data.

mattingto extract the color imageand a soft alphamattefor that
layer[Chuangetal. 2001].

Becausesomelayerswill be moving, occludedpartsof the back-
groundmight becomevisible. Hence,after extracting a layer, we
usean enhancednpaintingalgorithmto Il the holein the back-
groundbehindthe foregroundlayer. We usean example-basedh-
paintingalgorithmbasedn thework of Criminisi etal. [2003] be-
causeof its simplicity andits capacityto handleboth linear struc-
turesandtexturedregions.

Notethattheinpaintingalgorithmdoesnot have to be perfectsince
only pixelsnearthe boundaryof the hole arelikely to becomevis-

ible. We canthereforeaccelerateghe inpaintingalgorithmby con-
sideringonly nearbypixelsin the searchfor similar patchesThis

shortcutmaysacri ce somequality, soin casesvheretheautomatic
inpaintingalgorithmproducegoorresults,we provide a touch-up
interfacewith which a usercanselectregionsto berepaintedThe
automaticalgorithmis thenreappliedto thesesmallerregionsus-
ing a larger searchradius.We have found that mostsigni cant in-

paintingartifactscanberemovedafteronly oneor two suchbrush-
strokes.Althoughthismayseemessef cient thanafully automatic
algorithm,we have foundthatexploiting thehumaneyein this sim-

ple fashioncan producesuperiorresultsin lessthanhalf the time

of thefully automaticalgorithm.Notethatif alayerexhibits large
motions(suchasa wildly swingingbranch),artifactsdeepinside
the inpaintedregions behindthat layer may be revealed.In prac-
tice, theseartifactsmaynotbeobjectionableasthe motiontendsto

draw attentionaway from them.Whenthey are objectionablethe
userhasthe optionof improving theinpaintingresults.

After the backgroundmagehasbeeninpainted,we work on this
imageto extract the next layer We repeatthis processfrom the
closestlayerto thefurthestlayerto generatéhe desiredhumberof
layers.EachlayerL; containsa colorimageC;, amatte ;, anda
compositingorderz; . The compositingorderis presentlyspeci ed
by hand,but couldin principle be automaticallyassignedvith the
orderin whichthelayersareextracted.

Motion speci cation and editing. Thesecondcomponenbf

our systenletsusspecifyandeditthemotiontexturefor eachlayer

Currently we provide the following motiontypes:trees(swaying),
water (rippling), boats(bobbing),clouds(translation) andstill (no

motion).For eachmotiontype,theusercantunethemotionparam-
etersandspecifya motionarmaturewhereapplicable We describe
themotionparameterandarmaturesn moredetailfor eachmotion
typein Section3.



Sinceall of the motionswe currently supportare driven by the
wind, the usercontrolsa singlewind speedanddirection,whichis
sharedby all thelayers.This allows all thelayersto respondo the
wind consistently Our motion synthesisalgorithmis fastenough
to animatea half-dozenlayersin real-time.Hence the systemcan
provide instantvisual feedbackto changesn motion parameters,
which makesmotionediting easierEachlayerL; hasits own mo-
tion texture,d;, asshovn in Figure2(c).

Rendering. During the rendering process,for eachtime in-

stancet andlayerL;, a displacementmap d;(t) is synthesized.
(Here,we have droppedthe dependenciesf L; andd; on p for

notationalconciseness.Jhis displacemenmapis thenappliedto

Ci and  toobtainL;(t) = L;(0) di(t) (Figure2(d)).Noticethat
thedisplacemenis evaluatedasanabsolutalisplacemenof thein-

putimagel (0) ratherthanarelative displacemenbf the previous

imagel (t  1). In this way, repeatedesamplingand numerical
erroraccumulatiorareavoided.

Finally, all thewarpedlayersarecompositedogetherfrom backto

front to synthesizeghe frameattimet, I (t) = Lai(t) L2a(t)
Li(t), wherezy 2 z, and is the standardover

operatoifPorterandDuff 1984](Figure2(e)).

3 Stochastic motion textures

In this section, we describeour approachto synthesizingthe
stochastianotion texturesthat drive the animatedmage.We rst

describethe basic principleson which our systemis based(Sec-
tion 3.1).Wethendescribaghedetailsof eachmotiontype,i.e.,trees
(Section 3.2),water(Section3.3),bobbingboats(Section3.4),and
clouds(Section3.5).

3.1 Stochastic modeling of natural phenomena

Mary naturalmotionscanbeviewedasharmonicoscillations[Sun
et al. 2003], and, indeed,hand-craftedsuperposition®f a small
numberof sinusoidshave often beenusedto approximatenatural
phenomendor computergraphics However, this simpleapproach
has somelimitations, as we discosered after experimentingwith
thisidea.Firstof all, it is tediousto tunethe parameterso produce
the desiredeffects. Second,it is hardto createmotionsfor each
layerthatareconsistentvith oneanothersincethey lack a physical
basis.Lastly, the resultingmotionsdo not look naturalsincethey
arestrictly periodic— irregularity actually playsa centralrole in
modelingnaturalphenomena.

Oneway to add randomnesss to introducea noise eld. Intro-
ducingthis noisedirectly into the temporalor spatialdomainoften
leadsto erraticand unrealisticsimulationsof naturalphenomena.
Insteadwe simulatenoisein thefrequeng domain,andthensculpt
the spectralcharacteristicso matchthe behaiors of real systems
that have intrinsic periodicitiesand frequeng responsesSpeci ¢
spectrum Iters needto be appliedto modelspeci ¢ phenomena,
leadingto so-calledspectal methodgStam1995].

The spectralmethodfor synthesizinga stochasticeld hasthree
steps:(1) generatea complex Gaussiarrandom eld in the fre-

quengy domain, (2) apply a domain-speci cspectrum lter, and

(3) computethe inverseFourier transformto synthesizea stochas-
tic eld in thetime or frequeny domain.A nice propertyof this

methodis that the synthesizedstochasticeld canbetiled seam-
lessly Hencewe only needto synthesizeapatchof reasonablsize
andtile it to produceamuchlargerstochastisignal. Thistiling ap-

proachworksreasonablyvell if thesizeof thepatchis largeenough
to avoid objectionableepetition.Furthermoregachlayercanusea

patchof a differentsize,which obscuresry repetitve motionthat

mayremainin individual layers.

To realistically model natural phenomenathe lIter should be
learnedfrom 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]. After experimentingwith several differ-
entvariantspublishedn boththecomputelgraphicsandsimulation
literature,we selectedhefollowing setof techniquego synthesize
stochastienotiontexturesthatarebothrealisticandeasyto control.

3.2 Plants and trees

Thebranchesndtrunksof treesandplantscanbemodeledasphys-
ical systemsvith massdamping andstiffnesspropertiesThedriv-
ing functionthat causesranchego sway is typically wind [Stam
1997]. Our goal is to modelthe spectral ltering dueto the dy-
namicsof the branchesppliedto the spectrunof the driving wind
force.

To modelthephysicsof brancheswetake thesimpli ed view intro-
ducedby Sunetal. [2003].In particular the motionof eachbranch
is constrainedy a motionarmaturea 2D line sggmentparameter
ized by u, which rangesfrom 0 to 1. This line segmentis dravn
by the userfor eachlayer Notethat,to modela correctmechanical
structure the line sggmentmay needto extend outsidethe image.
Displacementsf thetip of the branchdy, (t) aretakento be per
pendicularto the line segment.Modal analysisindicatesthat the
displacemenperpendiculato the line for other points along the
branchcanbe simpli ed to theform:
h 1 4 [
d(u;t) = §u4 éu3 + 2u% dyp (1) (3)

We approximatehe (scalar)displacementf thetip in thedirection
of theprojectedwind force asa dampecharmonicoscillator:

ip (1) +  dip (1) + 4 *fIdip () = w(t)=m @)
wherem is the massof the branch,f, = k=m is the natural
frequeng of the system,and = c=m is the velocity damping

term [Sun et al. 2003]. Theseparametersave a more intuitive
meaninghanthedamping(c) andstiffness(k) termsfoundin more
traditionalformulations.Thedriving forcew(t) is derivedfrom the
wind forceincidenton thebranch,asdetailedbelow.

TakingthetemporalFouriertransformF fg of equation(4) andnot-
ingthatF fdsp (t)g=i2 f Ffdgp (t)g, wearrive at

4 5Dy (1) + 12 fDmﬁ)+42ﬁDWU)=M%Qw)
wherei = ” “TandDyp (f) andW (f ) aretheFouriertransforms
of dyp (t) andw(t), respectiely. Solvingfor D, (f ) andexpress-

ing theresultin complex exponentialnotationgives

W (f )e'?

Dus (1) = ;
2m [2 (f2 f))%+ 2f2

= ©)

whereW (f ) is the Fourier transformof the driving wind force,a
function of frequeny f , asde ned in equationg8) and(9) below.
Thephaseshift is givenby

f

tan = o7 7 (@)

Next, we modeltheforcing spectrunfor wind. An empiricalmodel
madefrom experimentalmeasurementSimiu and Scanlan1986,
p. 55] indicatesthat the temporalpower spectrumof the wind ve-
locity ata pointtakesthefollowing form:

Pv ()

Vmean
== 8
1+ f =vmean)5‘3 ®)



wherevmean is themeanwind speedand is generallya function

of altitude,which we take to be a constantThe velocity spectrum
is given by the squareroot of the power spectrumWe therefore
modulatea randomGaussiamoise eld G(f) with the velocity

spectrumto computethe spectrumof a particular(random)wind

velocity eld:

V(f)= G(f)p Pv (f) )

Theforce dueto thewind is complicatedby the presencef turbu-
lence[Feynmanet al. 1964,Fig. 41-4], but canbe generallymod-
eledasadragforceproportionako thesquaredvind velocity. How-
ever, in our experimentswe have foundthatmakingthewind force
directly proportionalto wind velocity produceamore pleasingre-
sults.

Finally, we assembl&quationg6)-(9) to constructhe spectrunof
thetip displacemenbD , (f ), take theinverseFouriertransformto
generatehe tip displacementy, (t), anddistribute the displace-
mentover the branchaccordingto equation(3). We apply the dis-
placementsa rotationof eachpoint aboutthe root positionof the
branch.Thedisplacementsf pointsin thelayeraway from themo-
tion armaturearegiven by the displacementf the pointonthe ar
maturethatis the samedistancerom theroot.

The usercancontrol the resultingmotion appearancéy indepen-
dentlychanginghe meanwind speedvmean andthenatural(oscil-
latory) frequeng f o, masam, andvelocity dampingterm of each
branch.

3.3 Water

Watersurfacesbelongto anotherclassof naturalphenomenahat
exhibit oscillatoryresponseto naturalforceslik e wind. In this sec-
tion we describehow onecanspecifya 3D waterplanein a photo-
graphandthende ne the mappingof waterheightout of thatplane
to displacement imagespace We thendescribehow to synthe-
sizewaterheightvariations,again usinga spectramethod.

The motion armaturefor wateris simply a plane;we assumehat
theimageplaneis thexy planeandthewatersurfaceis thexzplane
To correctlymodelthe perspectie effect, theuserroughlyspeci es
wherethe planeis. This perspectie transformatiorM canbefully
speci ed by the focal lengthandthetilt of the camerawhich can
bevisualizedby draving the horizon[Criminisi etal. 2000].

After specifyingthe 3D water plane,the wateris animatedusing

atime-varying height eld h(q;t), whereq = (Xq;Yo;2q)" is a

point on the water plane,andyo, = O is the elevation of the wa-

ter plane.To convert the height eld h to the displacementnap

d(p;t), for eachpixel p we rst nd that pixel's corresponding
pointg = M p on the water plane.We then add the synthesized
heighth(g; t) asa vertical displacementwhich gives us a point

o’ = (xq;h(qg;1);zq)" . Wethenprojectq® backto theimageplane
togetp’ = M 1g° Thedisplacementectorfor d(p;t) = p° p

is therefore

d(p;t) =M *[Mp+ (0;h(Mp;t);0)"] p (10)

Notethatp andp® areaf ne points,d is avector andM isa3 3
matrix.

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(g; t) into two-dimensionatlisplacementsf there ected
rays.However, we have found that applyingthis normalmapping
approachwithout a 3-dimensionamodel of the surroundingervi-

ronmentproducesconfusingdistortionscomparedto our current

approachwhich generallyproducespleasing realistic-lookingre-
ections aslong asthe wave amplitudeis relatively small.

To synthesizea time-varying height eld for the water we
use the userspeci ed wind velocity to synthesizea height eld

matching the statistics of real ocean waves, as describedby
Mastin et al. [1987]. Note that this approachdeals only with
oceanwaves,which aregravity waves.Althoughit doesnot phys-
ically describeshort-lengthwaves, non-wind-generatedaves on
rivers/brooks/streants largewaveson shallov water it givesplau-
sibleresultsfor our application.

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

e[ 1=(sL)?]

Pu(s)  ——g—I8 mean)’ (11)

wheres = jsj, andL = V2., =g, andg is the gravitational con-
stant,and$ and®mean arenormalizedspatialfrequeny andwind
directionvectorsin thexz plane,respectrely. (We denote2D vec-
torsin boldface.)

The squareroot of the power spectrumdescribeghe amplitudeof
wave heights which we canuseto Iter arandomGaussiamoise
eld G(s):

Ho(s) = aG(s)p P (s) (12)

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

1(s)= g8 (13)
Thetime varying heightspectruncanthusbe expresseds
H(s;t) = Ho(s)e" '+ Ho( s)e " Ot (14)

where Hy is the complex conjugate of Ho [Tessendorf2001].
We cannow computethe height eld at time h(qg;t) asthe two-
dimensionalinverseFourier transformof H (s;t) with respectto
spatialfrequenciess. We take the generatecheight eld andtile
the watersurfaceusinga scaleparameter , to controlthe spatial
frequeng.

To recapthe processgiven the wind speedanddirection,we syn-

thesizeaspectrumlter usingequation(11)andapplyit to aspatial
Gaussiamoise eld to obtainaninitial height eld (12). Thisheight
eld is thenanimatedusingequation(14) to synthesizehe Fourier
transformH (s; t) of the height eld h(qg;t) attimet. Takingthe
inverseFouriertransform,we recover the height eld, useit to tile

the water plane and substituteit into equation(10) to synthesize
motiontextured; attimet.

There are thus several motion parameterselatedto water: wind
speedwind direction, the size of the tile N, the amplitudescale
a, andthe spatialfrequeng scale . The wind speedand direc-
tion arecontrolledglobally for thewholeanimationWe nd thata
tile of sizeN = 256 usuallyproducesicelooking resultsfor the
sizesof imageswe used.Userscanchangea to scalethe heightof
thewaves/ripplesFinally, scalingthefrequencieby changeshe
scaleat which the wave simulationis beingdone.Simulatingat a
larger frequeng scalegivesa rougherlook, while a smallerscale
givesa smoothelook. Hence we call theroughnessn our user
interface.



3.4 Boats

We approximatehe motion of a bobbingboatby a 2D rigid trans-
formationcomposedf a translationfor heaving anda rotationfor

rolling. A boatmoving on the surfaceof openwateris almostal-

waysin oscillatory motion [Sun et al. 2003]. Hence,the simplest
modelis to assigna sinusoidaltranslationand a sinusoidalrota-
tion. However, this often looks fake. In principle, we could build

a simplemodelfor the boat,convert the height eld of waterinto

aforceinteractingwith the hull, andsolve the dynamicsequation
for the boatto estimateits displacementHowever, sinceour goal
is to synthesize quickly computablesolution,we directly usethe
height eld of thewave to move theboat,asfollows.

Welettheuserselectaline closeto thebottomof theboat. Then,we
sampleseveralpointsq alongtheline andassumehesepointsare
onthewaterplanesurroundingheboat.At timet, for eachpointq;,
we look up its displacementectord(p; ; t) (10) and calculatethe
correspondingositionp? of p; attimet asp;+d(pi; t). Finally, we
uselinear regressionto t a line throughthe displacedpositions.
The position and orientationof the tted line then determinethe
heaving androlling of theboat.

3.5 Clouds

Anothercommonrelemenfor scenigicturesis clouds.In principle,
cloudscouldalsobe modeledasa stochastigprocessHowever, we
needthestochastiprocesso matchthecloudsin theimageatsome
point, which is harder Since cloudsoften move very slovly and
their motion doesnot attracttoo muchattention,we simply assign
atranslationaimotion eld to them.We extendthe cloudsoutside
theimageframeto createa cyclic textureusingourinpaintingalgo-
rithm, sincetheir motionin onedirectionwill createholesthatwe
haveto Il.

4 Results

We have developedaninteractve systemthat supportamatting,in-
painting, motion editing, and previewing the results.We have ap-
plied our systenmto several photographsndfamouspaintings.The
accompaying video providesa senseof the userinterfacefor cre-
ating the animatedpictures,aswell asa demonstratiorof the ani-
matedresults.

Table 1 summarizeshe numberof layersof eachtype createdfor
the ve animatedpicturesshavn in Figurel, the motionspeci ca-
tion, alongwith thetime thatit took a userto performthe matting
andin-paintingstepgwhichareinterlearedin the processandthus
dif cult to separatén time),andtheplaybackspeedsGenerallythe
mattingandin-paintingstepstake thelarge majority of thetime. In
all casesthe animatedpaintingstake from alittle underanhourto
afew hoursto create Notethattwo of theanimatedictureswhose
timingsarepresente@bove, “Boat Studio” and“Sun owers; were
createdby a completenovice userwho only hada few minutesof
instructionbeforebeginningwork onthepictures We provide play-

backspeeddor our currentunoptimizedsoftwareimplementation:

Our code presentlytakes no specialadwantageof graphicshard-
ware, but all of the operationscould be readily mappedto GPUs,
therebygreatlyincreasingramerates.

For the Japanesd@emple (Figure 1(a)), we model a total of 10
brancheon theleft andtheright. We usea small wave amplitude
(a = 1:0) andhighroughnesg = 200) to give theripplesa ne-

grainedlook. For the harborpicturein Figure1(b), we animatethe
waterandhave nine boatsswingwith thewater The cloudandsky
areanimatedisingatranslationamotion eld.

Figure1(c)-(e)shavs threepaintingswe have animated Our tech-
nigue works reasonablywell with paintings,probablybecausen
this situationwe are even lesssensitve to arything that doesnot
look perfectlyrealistic.For ClaudeMonet's paintingin Figurel(c),
we animatethe waterwith lower amplituderoughnesgo keepthe

strokesintact. We alsolet the boatsway with thewater Anotherof
Monet's paintings shavn in Figure1(d), is amorecomple exam-
ple, with morethantwenty layers.We usethis exampleto demon-
stratethat we canchangethe appearancef the waterby control-
ling the physical parametersin Figure3, we shav the appearance
of thewaterunderdifferentwind speedsdirections andsimulation
scales.

For Van Gogh's sun ower painting (Figure 1(e)), we use our
stochastiavind modelto animatethetwenty- ve plantlayers.With
asimplesinusoidamodel.theviewerusuallycanquickly gure out
thatthe plantsswingin synchrory, andthe motionlosesalot of its
interest.With the stochastiovind model,the o wers' motionsde-
correlaten phaseandtheresultedanimationis moreappealingWe
also experimentedwith a very small amountof scalingalongthe
brancharmaturen orderto simulateforeshorteningf the o wers
asthey move in andout of theimageplane.

5 Conclusion and future work

In this paper we have describedan approachfor animatingstill

picturesof outdoorsceneghat containdynamicelementghat re-
spondto naturalforcesin a simplequasi-periodidashion.We see
our work asjusta rst stepin the larger problemof animatinga
muchmoregeneraklassof pictures.

Beforewe beganthis work, it wasnotatall clearwhetherit would
bepossibleo make still imagesometo life asanimatedscenesWe
believe our judiciousselectionrandenhancemerdf recentlydevel-
opedmatting,inpainting,stochastianotionsynthesisimagewarp-
ing, andcompositingalgorithmsprovidesan effective andeasy-to-
usesystenfor generatingealisticanimationsrom staticimages.

We pointoutthatour choiceof techniquess especiallywell-suited
to this problem,in thata relatively high-quality compositeanima-
tion canbe producedevenwhenthe resultsof eachautomatedtep
areof objectively lower quality. First, the useof mattingproduces
layersthatarecolor-coherentlongtheir boundariesevenif there-
sulting mattedoesnot follow objectboundariesWhenin motion,
theselayersoften seemperceptuallyplausibleeven whentechni-
callyincorrect.Secondthelimited amouniof displacemenive seek
to introduceimplies that the inpainting processcan be relatively
low-quality andstill produceseamlesgompositesThis allows us
to useheuristicmeasureso reducethe searchspaceandspeedup
theinpaintingprocessFinally, we do notaskendusergo keyframe
animationshput ratherin uence the scendn physical,easilyunder
stoodterms,suchaswind speedanddirection.We provide a user
interfacethat is accessiblego usersat all levels. Many usersare
alreadyfamiliar with mattingandinpaintingprocessesrom com-
mercial productssuchas Photoshopandthe additionalburdenof
assigning‘canned”motiontypesis minimal.

Our systemcurrently makes a numberof assumptionghat we
wouldlik eto relax.For example we assuméhattheelement®f the
inputimagearein their equilibriumpositions.This is oftennotthe
case.e.g.,for a scenewith waterthat alreadyhasripples.Indeed,
an interestingchallengewould be to usetheseripplesto estimate
the watermotion, unwarp the referencemageandthenanimateit
correctly In addition,we currentlyignorethe effects of shadaevs,
transpareng andre ections. For example,the re ections of the
boatmove with the deformationsof the water but do not account
for ary additionalmotion dueto the boat's bobbingup anddown.
Whenthemotionis large,theresultsarelessrealistic.Onesolution
wouldbeto sggmentoutre ections,transparenayersandshadavs
somehay, andlet themmove with the castingobjectsaccordingly

Many of our approximationdimit the plausibility of very large-
scalemotions,in which pixels arewarpedmorethana few dozen
pixels from their sourceposition. For example,we simulateboats
rolling asa 2D rigid motion. It might be possibleto fake a slight
3D rotationwith a non-rigid distortion,to allow for moreplausible



(a) composite (b) lowerwind speed

(c) wind of differentdirection (d) roughemwatersurface

Figure 3 We cancontrolthe appearancef watersurfaceby adjustingsomephysical parametersuchaswind speedWe shav oneof the composites
(a) asthereferencein whichthewind blow at5 m/sin z direction.We decreas¢hewind speedo 3 m/s(b) andchangehewind directionto bealong
z axis(c). In (d), we changethe scaleof the simulationto renderwaterwith ner ripples.

TreesWater Boats Clouds Still Layering Animating RenderingResolution

Japanseséemple 10 1 0 0
Harbor 0 2 9 1

Boat Studio 0 1 1 0
Argenteuil 16 1 3 1
Sunowers 25 0 0 0

P WEFEOIN

45m 10m 7fps 900x675
90m 10m  3.8fps 900x600
30m 10m 10fps 600x692
120m 15m  4.1fps 800x598
210m 20m 5.1fps 576x480

Table 1 The numberof layersof eachtypefor eachof the ve examplesin Figurel, alongwith approximateimesin minutesfor a userto perform
thelayeringstepg(including mattingandinpainting),animatingstep(including motionspeci cationandediting),andplaybackspeeds.

large-scalamotions.Very large warpsof the watersurfacecanap-
peardistorteddueto warpingfrom outsidethe imageboundaries,
andwhenthe waterwavesbecomdarge enoughundervery windy
conditions,we expectto seea numberof additionalreal-world ef-
fectssuchaswater“lapping up” againstthe shoreor boats, white-
caps, splashesor otherturhulentsurfaceeffects.

Ourmethodcurrentlyworks bestfor treesat a distanceFor nearby
trees,it is presentlydif cult andtediousto sggmentthe leaf and
branchstructureproperly It would also be interestingto add the
“shimmering”effect of leavesblowing in thewind by applyingtur-
bulent ow elds within thetreelayers.

Thereare other classesof motion that could be modeledusing a
similar approachWe imaginethat waterflls, oceanwaves, ying
birds and other small animals, ame, and smole may all be pos-
sible. For example,waterfalls could perhapshe animatedusinga
techniguesimilar to "motion without movement” [Freemanet al.
1991]. Oceanwaves could be simulatedusing stochastianodels,
althoughmatchingthe appearancef the sourceimageposessome
interestingchallengesFlying birds and othersmall animalscould
beanimatedusingideasfrom videospritegSchodl etal. 2000].We
believe thatit mightalsobe possibleto animate uids like ame or
smole. However, this would requirea constrainedtochastisimu-
lation, sincethe stateof simulationshouldresemblgheappearance
of the inputimage.Recentadvancesn controlling smole simula-
tion by keyframescould be usedfor this purpose[Treuille et al.
2003].

In our systemall the layersare hooked up togetherto a synthetic
wind force. Currently the samemeanwind velocity is appliedev-

erywherdn thescenelt would bestraightforvardto extendthefor-

mulationto handlecompletevector elds of evolving wind forces
in orderto provide a morerealisticstyle of animationsuchasmov-

ing gustsof wind. In addition,we couldaddmorecontrollability so
thatthe userscouldinteractwith treesindividually.

Currently we usephysically-basedimulationto synthesize para-
metricmotion eld, but the quality of the motion could potentially
beimprovedusinglearningalgorithmsto transfemotionfrom sim-
ilar type of objectsin videos.

Furthermorepur motionmodeladdressesnly arestrictedrangeof
motions.We imaginefuture systemamight handletransitionsbe-
tweendifferenttypesof motion, animationto or from a reststate,

waterfeaturesuchasstreamshatmove continuouslyin asingledi-

rection,andtransitionsbetweendifferentscenestatesand/ortypes
of motion(e.g.weatherchangingrom calmto stormy skieschang-
ing from clearto cloudy, boatstraveling to andfrom the horizon,
etc.).

Our systempresentlyrequiresafair amountof userinteraction We
hopeto further reducethe time and effort to createtheseanima-
tions by exploiting continuedadwancesn intelligentimageselec-
tion and mattingalgorithmssuchas GrabCut[Rotheret al. 2004]
or Lazy Snapping[Li et al. 2004]. Furthermore an automatecr
semi-automatedegion classi cation to identify featuressuchas
foreground tree branchesand water would enablea much more
automategrocessFor example,onecouldimagineautomatically
identifying the “white water” of awaterfll, andthenautomatically
animatingthewaterfll. For alake with a simpleboundarysuchas
in Figure1(a), it might alsobe possibleto automaticallysegment
thethewaterregion by identifying re ections.

Another possibility would be to use multiple picturesas input.

Most moderndigital camerashave a “motor-drive” modethat al-

lows usersto take high-resolutiorphotographst a restrictedsam-
pling rate,around1-3framesper second From sucha setof pho-

tographswe might be ableto automaticallysegmenta pictureinto

severalcoherentlymoving regionsand gure outthemotionparam-
etersfrom the samplestill images.lt would alsobe interestingto

combinehigh-resolutionstills with lower-resolutionvideo to pro-

duceattractize animations Our approachcould alsobe combined
with “Tour into the picture” to provide an evenricher experience,
with theability to move thecameraandlessconstrainegberspectie

planes.

In conclusion,we have shavn the easewith which it is possible
to breathdife into pictures,basedon recentlydevelopedmatting,
inpainting, and stochastianodelingalgorithms.We hopethat our
work will inspireotherto explore the creative possibilitiesin this
rich domain.
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