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Figure1 Sampleinput imagesweanimateusingour technique.The�rst two picturesarephotographsof aJapaneseTemple(a)andaharbor(b). The
paintingsshown in (c) and(d) areClaudeMonet's TheBoatStudioandTheBridge at Argenteuil. We alsoapplyour methodto VanGogh's Sun�ower
(e) to animatethe�o wers.(Thelastthreepaintingsarecourtesyof WebMuseum,http://www.ibiblio.org/wm/.)

Abstract
In this paper, we explore the problemof enhancingstill pictures
with subtlyanimatedmotions.We limit our domainto scenescon-
tainingpassiveelementsthatrespondto naturalforcesin somefash-
ion.Weuseasemi-automaticapproach,in whichahumanuserseg-
mentsthesceneinto a seriesof layersto beindividually animated.
Then,a“stochasticmotiontexture” is automaticallysynthesizedus-
ing aspectralmethod,i.e.,theinverseFouriertransformof a�ltered
noisespectrum.Themotiontexture is a time-varying2D displace-
ment map, which is appliedto eachlayer. The resultingwarped
layersarethenrecompositedto form theanimatedframes.There-
sult is a looping video texture createdfrom a single still image,
which hastheadvantagesof beingmorecontrollableandof gener-
ally higherimagequalityandresolutionthanavideotexturecreated
from a videosource.We demonstratethetechniqueon a varietyof
photographsandpaintings.

CR Categories: I.3.3 [Computer Graphics]: Picture/Image
Generation—Displayalgorithms; I.4.9 [Image Processingand
ComputerVision]: Applications

Keywords: Animation,image-basedanimation,image-basedren-
dering,naturalphenomena,physicalsimulation,videotexture

1 Intr oduction
Whenwe view a photographor painting,we perceive muchmore
than the staticpicturebeforeus. We supplementthat imagewith
our life experiences:givena pictureof a tree,we imagineit sway-
ing; givena pictureof a pond,we imagineit rippling. In effect,we
bring to beara strongsetof “priors,” and thesepriors enrichour
perception.

http://grail.cs.washington.edu/projects/StochasticMotionTextures/

In this paper, we explore how a set of explicitly encodedpriors
might beusedto animatestill imageson a computer. Thefully au-
tomaticanimationof arbitrary scenesis, of course,a monumental
challenge.In orderto make progress,we make theproblemeasier
in two ways.

First, we usea semi-automatic,user-assistedapproach.In particu-
lar, a usersegmentsthe sceneinto a setof animatablelayersand
assignscertainparametersto eachone.Second,we limit our scope
to scenescontainingpassiveelementsthatrespondto naturalforces
in somefashion.We explorea rangeof passive elementsincluding
plantsandtrees,water, �oating objectssuchasboats,andclouds.
The motion of eachof theseobjectsis driven by a singlenatural
force,namely, the wind. Although this setof objectsandmotions
may seemlimited, they occur in a large variety of picturesand
paintings,asshown in Figure1.

We have found that all of theseelementscanbe animatedusinga
uni�ed approach.First, we segmentthe pictureinto a setof user-
speci�ed layersusingBayesianmatting [Chuanget al. 2001]. As
eachlayeris removedfrom thepicture,“inpainting” is usedto �ll in
theresultinghole.Next, theuserannotatesoneor morelayerswith
a motionarmature, a line segmentwhich approximatesthe struc-
tureof a layer. Using theseconstraints,we synthesizea stochastic
motiontexture usingspectralmethods[Stam1995].Spectralmeth-
odswork by generatinga randomnoisespectrumin thefrequency
domain,applyinga physically basedspectrum�lter to that noise,
andcomputinganinverseFouriertransformto createthestochastic
motiontexture.This motiontextureis a time-varying2D displace-
mentmap,which is appliedto the pixels in the layer. Finally, the
warpedlayersare recompositedto form the animatedpicture for
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 vacation slide
shows.

In addition,thereareseveraladvantagesto creatingvideotextures
from a staticimageratherthanfrom a videosource.First, because
they are createdsynthetically, they allow greatercreative control
in theirappearance.For example,thewind directionandamplitude



canbetunedfor aparticulardesiredeffect.Second,consumer-grade
digital still camerasgenerallyprovide muchhigher imagequality
andgreaterresolutionthantheir videocameracounterparts.These
advantagesallow animatedstills to beusedin new situationssuch
asanimatedmattepaintingsfor specialeffects.Furthermore,they
canbe appliedto sourcesthat exist only in a static form suchas
paintingsandhistoricphotographs.

For themostpart, thealgorithmswe describein this paperareap-
plicationsof techniquesfrom a variety of disparatesourcessuch
as imagemattingand inpainting,andphysically basedanimation
of naturalphenomena.Weshow how thesetechniquescanbecom-
bined,seamlesslyandsynergistically into aneasy-to-usesystemfor
animatingstill images.Thus,ourmajorcontributionsarein thefor-
mulationof the overall problem,including the recognitionthat an
interestingclassof phenomenacanall beanimatedattractively via a
singlewind sourceusingsimplecontrols;themarshallingof avari-
ety of techniques,mostnotablystochasticmotiontextures,to solv-
ing this problem;the designof a userinterfacethat allows novice
usersto animatepictureswith little or notraining;andlastly, aproof
of theviability andquality of applyingimagewarpingapproaches
to synthesizingappealinganimatedpictures.

1.1 Related work

Our goal is to synthesizea stochasticvideo from a single image.
Hence,our work is similar in spirit to the work on video textures
and dynamic textures [Szummerand Picard 1996; Scḧodl et al.
2000; Wei and Levoy 2000; Soattoet al. 2001; Wang and Zhu
2003]. Like our work, video textures focus on “quasi-periodic”
scenes.However, the inputs to video texture algorithmsareshort
videosthat canbe analyzedto mimic the appearanceanddynam-
ics of thescene.In contrast,the input to our work is only a single
image.

Our work is, in spirit, similar to the “Tour Into the Picture” sys-
temdevelopedby Horry et al. [1997].Their systemallows usersto
mapa 2D imageontoa simple3D box scenebasedon someinter-
actively selectedperspective viewing parameterssuchasvanishing
points.This approachallows usersto interactively navigateinto a
picture.Criminisi etal. [2000]proposeanautomatedtechniquethat
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.

For certain classesof motions, our system requires the user
to specify a motion armature for a layer, and then performs
physically-basedsimulationon the armatureto synthesizea mo-
tion �eld. It is thereforesimilar to themethodof Litwinowicz and
Williams [1994],whichuseskeyframeline drawingsto deformim-
agesto create2D animations.Their systemis quiteusefulfor tra-
ditional 2D animation.However, their techniqueis not suitablefor
modelingthe naturalphenomenawe target becausesuchmotions
are dif�cult to keyframe.Also, they usea smoothscattereddata
interpolationto synthesizea motion�eld without any physicaldy-
namics.

Our work is alsorelatedto theobject-basedimage editingsystem
proposedby BarrettandCheney [2002], namely, objectselection,
matteextraction, andhole �lling . Indeed,Barrettet al. have also
demonstratedhow to generatea videofrom a singleimageby edit-
ing andinterpolatingkeyframes.LikeLitwinowicz'ssystem,thefo-
cusis on key-framedratherthanstochastic(temporaltexture-like)
motions.

Freemanet al. [1991] previously attemptedto createthe illusion
of motion in a static imagein their “Motion without movement”
paper. They apply quadraturepairs of oriented�lters to vary the

local phasein an imageto give the illusion 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
sequentiallytimed lights to createthe illusion of descendingwa-
terfalls [Hathaway et al. 2003].Peoplestill make this kind of de-
vice, which is oftencalleda kineticwaterfall. Anotherexampleof
a simpleanimatedpicture is the popularJava program,Lake ap-
plet, which takesa singleimageandperturbsthe imagewith a set
of simpleripples[Grif �ths 1997].Thoughvisually pleasing,these
resultsoftendo not look realisticbecauseof their lack of physical
properties.
Working on an inverseproblemto ours,Sunet al. [2003] propose
a video-inputdriven animation (VIDA) systemto extract physi-
cal parameterssuchaswind speedfrom real video footage.They
thenusetheseparametersto drive the physical simulationof syn-
theticobjectsto integratethemconsistentlywith thesourcevideo.
They estimatephysical parametersfrom observed displacements;
we synthesizedisplacementsusinga physicalsimulationbasedon
user-speci�ed parameters.They targeta similar setof naturalphe-
nomenato thosewe study:plants,waves,andboats,which canall
beexplainedasharmonicoscillations.
To simulatedynamics,we usephysically-basedsimulation tech-
niquespreviously developedin computergraphicsfor modeling
naturalphenomena.For waves,we usetheFourierwave 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 thewind �eld to trees,sincetheforceis oscillatoryin nature,the
correspondingmotionsarealsoperiodicandcanbesolvedmorero-
bustly andef�ciently in thefrequency domain[Stam1997;Shinya
etal. 1998].
Aoki et al. [1999] coupledphysically-basedanimationsof plants
with imagemorphingtechniquesasan ef�cient alternative to ex-
pensive physically-basedplantsimulationandsynthesis.However,
they 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 thenaddressour most importantsub-
problem,namely synthesizinga stochasticmotion texture (Sec-
tion 3). Finally, we discussour results(Section4) and end with
conclusionsandideasfor futurework.

2 System overview
Givena singleimage,how canwe generatea continuouslymoving
animationquickly andeasily?Onepossibilityis to useakeyframe-
basedapproach,asdid Litwinowicz andWilliams [1994].However,
suchanapproachis problematicfor nä�veusers:specifyingthemo-
tions is complex, andachieving any kind of movementresembling
physicalrealismisquitedif�cult. Anotherstraightforwardapproach
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). Eachlayer L i is thenanimatedwith a
differentstochasticmotion texturedi (t ) (c). Finally, theanimatedlayersL i (t ) (d) arecompositedbacktogetherto producethe �nal animationI (t )
(e).

[Grif �ths 1997],but theresultingeffectmaynotmaintainaviewer's
interestover morethana shortperiodof time,onaccountof its pe-
riodicity andpredictability.

Theapproachwe ultimatelysettledupon— which hastheadvan-
tagesof being quite simple for usersto specify, and of creating
interesting,complex, andplausiblyrealisticmotion — is to break
the imageup into several layersand to then synthesizea differ-
ent motiontexture1 for eachlayer. A motion texture is essentially
a time-varyingdisplacementmapde�ned by a motion type, a set
of motion parameters,andin somecasesa motion armature.This
displacementmapd(p; t) is a function of pixel coordinatesp and
time t. Applying it directly to animagelayerL resultsin a forward
warpedimagelayerL 0 suchthat

L 0(p + d(p; t)) = L (p) (1)

However, sinceforwardmappingis fraughtwith problemssuchas
aliasingandholes,weactuallyuseinversewarping,de�ned as

L 0(p) = L (p + d0(p; t)) (2)

WedenotethisoperationasL 0 = L 
 d0.

We could computethe inversedisplacementmapd0 from d using
the two-passmethodsuggestedby Shadeet al. [1998]. Instead,
sinceour motion�elds areall very smooth,we simply dilate them
by theextentof thelargestpossiblemotionandreversetheir sign.

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

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-
ure 2(a),we have the following layers:onefor eachof the water,
sky, bridgeandshore;onefor eachof the threeboats;andonefor
eachof theeleventreesin thebackground(Figure2(b)).To accom-
plishthis,weuseaninteractiveobjectselectiontool suchasapaint-
ing tool or intelligent scissors[MortensenandBarrett1995].The
tool is usedto specifya trimap for a layer;we thenapplyBayesian

1We usethe termsmotion texture and stochastic motion texture inter-
changeablyin this paper. The term motiontexture wasalsousedby Li et.
al [2002] to refer to a lineardynamicsystemlearnedfrom motioncapture
data.

mattingto extract the color imageanda soft alphamattefor that
layer[Chuangetal. 2001].
Becausesomelayerswill be moving, occludedpartsof the back-
groundmight becomevisible. Hence,after extractinga layer, we
usean enhancedinpaintingalgorithmto �ll the hole in the back-
groundbehindthe foregroundlayer. We useanexample-basedin-
paintingalgorithmbasedon thework of Criminisi etal. [2003]be-
causeof its simplicity andits capacityto handleboth linearstruc-
turesandtexturedregions.
Notethattheinpaintingalgorithmdoesnothave to beperfectsince
only pixelsneartheboundaryof theholearelikely to becomevis-
ible. We canthereforeacceleratethe inpaintingalgorithmby con-
sideringonly nearbypixels in the searchfor similar patches.This
shortcutmaysacri�cesomequality, soin caseswheretheautomatic
inpaintingalgorithmproducespoor results,we provide a touch-up
interfacewith which a usercanselectregionsto berepainted.The
automaticalgorithmis thenreappliedto thesesmallerregionsus-
ing a largersearchradius.We have found thatmostsigni�cant in-
paintingartifactscanberemovedafteronly oneor two suchbrush-
strokes.Althoughthismayseemlessef�cient thanafully automatic
algorithm,wehavefoundthatexploiting thehumaneyein thissim-
ple fashioncanproducesuperiorresultsin lessthanhalf the time
of thefully automaticalgorithm.Notethat if a layerexhibits large
motions(suchasa wildly swingingbranch),artifactsdeepinside
the inpaintedregionsbehindthat layer may be revealed.In prac-
tice,theseartifactsmaynotbeobjectionable,asthemotiontendsto
draw attentionaway from them.Whenthey areobjectionable,the
userhastheoptionof improving theinpaintingresults.
After the backgroundimagehasbeeninpainted,we work on this
imageto extract the next layer. We repeatthis processfrom the
closestlayerto thefurthestlayerto generatethedesirednumberof
layers.EachlayerL i containsa color imageCi , a matte� i , anda
compositingorderzi . Thecompositingorderis presentlyspeci�ed
by hand,but could in principlebeautomaticallyassignedwith the
orderin which thelayersareextracted.

Motion speci�cation and editing. Thesecondcomponentof
oursystemletsusspecifyandedit themotiontexturefor eachlayer.
Currently, we provide thefollowing motiontypes:trees(swaying),
water(rippling), boats(bobbing),clouds(translation),andstill (no
motion).For eachmotiontype,theusercantunethemotionparam-
etersandspecifyamotionarmature,whereapplicable.Wedescribe
themotionparametersandarmaturesin moredetailfor eachmotion
typein Section3.



Sinceall of the motionswe currently supportare driven by the
wind, theusercontrolsa singlewind speedanddirection,which is
sharedby all thelayers.This allows all thelayersto respondto the
wind consistently. Our motion synthesisalgorithmis fastenough
to animatea half-dozenlayersin real-time.Hence,thesystemcan
provide instantvisual feedbackto changesin motion parameters,
which makesmotioneditingeasier. EachlayerL i hasits own mo-
tion texture,di , asshown in Figure2(c).

Rendering. During the rendering process,for each time in-
stancet and layer L i , a displacementmap di (t) is synthesized.
(Here,we have droppedthe dependenciesof L i and di on p for
notationalconciseness.)This displacementmapis thenappliedto
Ci and� i toobtainL i (t) = L i (0) 
 di (t) (Figure2(d)).Noticethat
thedisplacementis evaluatedasanabsolutedisplacementof thein-
put imageI (0) ratherthana relative displacementof theprevious
imageI (t � 1). In this way, repeatedresamplingand numerical
erroraccumulationareavoided.
Finally, all thewarpedlayersarecompositedtogetherfrom backto
front to synthesizethe frameat time t, I (t) = L 1(t) � L 2(t) �
: : : � L l (t), wherez1 � z2 � � � � zl and� is the standardover
operator[PorterandDuff 1984](Figure2(e)).

3 Stoc hastic motion textures
In this section, we describeour approachto synthesizingthe
stochasticmotion texturesthat drive the animatedimage.We �rst
describethe basicprincipleson which our systemis based(Sec-
tion3.1).Wethendescribethedetailsof eachmotiontype,i.e.,trees
(Section3.2),water(Section3.3),bobbingboats(Section3.4),and
clouds(Section3.5).

3.1 Stoc hastic modeling of natural phenomena
Many naturalmotionscanbeviewedasharmonicoscillations[Sun
et al. 2003], and, indeed,hand-craftedsuperpositionsof a small
numberof sinusoidshave often beenusedto approximatenatural
phenomenafor computergraphics.However, this simpleapproach
hassomelimitations, as we discoveredafter experimentingwith
this idea.First of all, it is tediousto tunetheparametersto produce
the desiredeffects.Second,it is hard to createmotionsfor each
layerthatareconsistentwith oneanothersincethey lackaphysical
basis.Lastly, the resultingmotionsdo not look naturalsincethey
arestrictly periodic— irregularity actuallyplaysa centralrole in
modelingnaturalphenomena.
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[Stam1995].
The spectralmethodfor synthesizinga stochastic�eld hasthree
steps:(1) generatea complex Gaussianrandom�eld in the fre-
quency domain,(2) apply a domain-speci�cspectrum�lter , and
(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
andtile it to produceamuchlargerstochasticsignal.This tiling ap-
proachworksreasonablywell if thesizeof thepatchis largeenough
to avoid objectionablerepetition.Furthermore,eachlayercanusea
patchof a differentsize,which obscuresany repetitive motionthat
mayremainin individual layers.
To realistically model natural phenomena,the �lter should be
learnedfrom real-world data. For the phenomenawe simulate,

plantsandwaves,suchexperimentaldataandstatisticsareavail-
ablefrom other�elds, e.g.,structuralengineeringandoceanogra-
phy, andhavealreadybeenusedby thegraphicscommunityto cre-
atesyntheticimagery [ShinyaandFournier1992;StamandFiume
1993;Mastinet al. 1987].After experimentingwith severaldiffer-
entvariantspublishedin boththecomputergraphicsandsimulation
literature,weselectedthefollowing setof techniquesto synthesize
stochasticmotiontexturesthatarebothrealisticandeasyto control.

3.2 Plants and trees
Thebranchesandtrunksof treesandplantscanbemodeledasphys-
ical systemswith mass,damping,andstiffnessproperties.Thedriv-
ing function that causesbranchesto sway is typically wind [Stam
1997]. Our goal is to model the spectral�ltering due to the dy-
namicsof thebranchesappliedto thespectrumof thedriving wind
force.
To modelthephysicsof branches,wetakethesimpli�ed view intro-
ducedby Sunetal. [2003].In particular, themotionof eachbranch
is constrainedby a motionarmature;a 2D line segmentparameter-
ized by u, which rangesfrom 0 to 1. This line segmentis drawn
by theuserfor eachlayer. Notethat,to modelacorrectmechanical
structure,the line segmentmay needto extendoutsidethe image.
Displacementsof the tip of thebranchdtip (t) aretaken to beper-
pendicularto the line segment.Modal analysisindicatesthat the
displacementperpendicularto the line for other points along the
branchcanbesimpli�ed to theform:

d(u; t) =
h1

3
u4 �

4
3

u3 + 2u2
i

dtip (t) (3)

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

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

where m is the massof the branch,f o = k=m is the natural
frequency of the system,and 
 = c=m is the velocity damping
term [Sun et al. 2003]. Theseparametershave a more intuitive
meaningthanthedamping(c) andstiffness(k) termsfoundin more
traditionalformulations.Thedriving forcew(t) is derivedfrom the
wind forceincidenton thebranch,asdetailedbelow.
TakingthetemporalFouriertransformF fg of equation(4) andnot-
ing thatF f _dtip (t)g = i2� f F f dtip (t)g, wearriveat

� 4� 2 f 2D tip (f ) + i2� 
 f D tip (f ) + 4� 2 f 2
o D tip (f ) =

W (f )
m

(5)

wherei =
p

� 1 andD tip (f ) andW (f ) aretheFouriertransforms
of dtip (t) andw(t), respectively. Solvingfor D tip (f ) andexpress-
ing theresultin complex exponentialnotationgives

D tip (f ) =
W (f )ei 2� �

2� m
�

[2� (f 2 � f 2
o )]2 + 
 2 f 2

	 1=2
(6)

whereW (f ) is the Fourier transformof the driving wind force,a
functionof frequency f , asde�ned in equations(8) and(9) below.
Thephaseshift � is givenby

tan � =

 f

2� (f 2 � f 2
o )

(7)

Next, wemodeltheforcingspectrumfor wind.An empiricalmodel
madefrom experimentalmeasurements[Simiu andScanlan1986,
p. 55] indicatesthat the temporalpower spectrumof the wind ve-
locity atapoint takesthefollowing form:

PV (f ) �
vmean

(1 + �f =vmean )5=3
(8)



wherevmean is themeanwind speedand� is generallya function
of altitude,which we take to bea constant.Thevelocity spectrum
is given by the squareroot of the power spectrum.We therefore
modulatea randomGaussiannoise �eld G(f ) with the velocity
spectrumto computethe spectrumof a particular(random)wind
velocity �eld:

V (f ) = G(f )
p

PV (f ) (9)

Theforcedueto thewind is complicatedby thepresenceof turbu-
lence[Feynmanet al. 1964,Fig. 41-4], but canbegenerallymod-
eledasadragforceproportionalto thesquaredwindvelocity. How-
ever, in ourexperiments,wehavefoundthatmakingthewind force
directly proportionalto wind velocity producesmorepleasingre-
sults.

Finally, weassembleEquations(6)-(9) to constructthespectrumof
thetip displacementD tip (f ), take theinverseFouriertransformto
generatethe tip displacementdtip (t), anddistribute the displace-
mentover thebranchaccordingto equation(3). We apply thedis-
placementasa rotationof eachpoint abouttheroot positionof the
branch.Thedisplacementsof pointsin thelayerawayfrom themo-
tion armaturearegivenby thedisplacementof thepoint on thear-
maturethatis thesamedistancefrom theroot.

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 we describehow onecanspecifya 3D waterplanein a photo-
graphandthende�ne themappingof waterheightoutof thatplane
to displacementsin imagespace.We thendescribehow to synthe-
sizewaterheightvariations,againusingaspectralmethod.

The motion armaturefor water is simply a plane;we assumethat
theimageplaneis thexyplaneandthewatersurfaceis thexzplane.
To correctlymodeltheperspectiveeffect,theuserroughlyspeci�es
wheretheplaneis. Thisperspective transformationM canbefully
speci�ed by the focal lengthandthe tilt of thecamera,which can
bevisualizedby drawing thehorizon[Criminisi et al. 2000].

After specifyingthe 3D waterplane,the water is animatedusing
a time-varying height �eld h(q; t), whereq = (xq ; y0 ; zq)T is a
point on the waterplane,andy0 = 0 is the elevation of the wa-
ter plane.To convert the height �eld h to the displacementmap
d(p; t), for eachpixel p we �rst �nd that pixel's corresponding
point q = M p on the waterplane.We thenadd the synthesized
height h(q; t) as a vertical displacement,which gives us a point
q0 = (xq ; h(q; t); zq)T . We thenprojectq0 backto theimageplane
to getp0 = M � 1q0. Thedisplacementvectorfor d(p; t) = p0 � p
is therefore

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

Notethatp andp0 areaf�ne points,d is a vector, andM is a 3 � 3
matrix.

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-dimensionaldisplacementsof there�ected
rays.However, we have found that applyingthis normalmapping
approachwithout a 3-dimensionalmodelof the surroundingenvi-
ronmentproducesconfusingdistortionscomparedto our current

approach,which generallyproducespleasing,realistic-lookingre-
�ections aslongasthewaveamplitudeis relatively small.

To synthesizea time-varying height �eld for the water, we
use the user-speci�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-generatedwaves on
rivers/brooks/streamsor largewavesonshallow water, it givesplau-
sibleresultsfor ourapplication.

The spectrum �lter we use for waves is the Phillips spec-
trum [Tessendorf2001],which is a power spectrumdescribingthe
expectedsquareamplitudeof wavesacrossall spatialfrequenciess

PH (s) �
e[� 1=( sL ) 2 ]

s4
jŝ � v̂ mean j2 (11)

wheres = jsj, andL = v2
mean =g, andg is the gravitational con-

stant,andŝ andv̂ mean arenormalizedspatialfrequency andwind
directionvectorsin thexz plane,respectively. (We denote2D vec-
torsin boldface.)

Thesquareroot of thepower spectrumdescribestheamplitudeof
wave heights,which we canuseto �lter a randomGaussiannoise
�eld G(s):

H 0(s) = aG(s)
p

PH (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,

! (s) =
p

gs (13)

Thetimevaryingheightspectrumcanthusbeexpressedas

H (s; t) = H 0(s)ei! ( s) t + H �
0 (� s)e� i! ( s) t (14)

where H �
0 is the complex conjugate of H 0 [Tessendorf2001].

We cannow computethe height �eld at time h(q; t) as the two-
dimensionalinverseFourier transformof H (s; t) with respectto
spatial frequenciess. We take the generatedheight �eld and tile
thewatersurfaceusinga scaleparameter, � , to control thespatial
frequency.

To recaptheprocess,given thewind speedanddirection,we syn-
thesizeaspectrum�lter usingequation(11)andapplyit to aspatial
Gaussiannoise�eld to obtainaninitial height�eld (12).Thisheight
�eld is thenanimatedusingequation(14) to synthesizetheFourier
transformH (s; t) of the height �eld h(q; t) at time t. Taking the
inverseFourier transform,we recover theheight�eld, useit to tile
the water planeand substituteit into equation(10) to synthesize
motiontexturedi at time t.

Thereare thus several motion parametersrelatedto water: wind
speed,wind direction, the sizeof the tile N , the amplitudescale
a, and the spatial frequency scale� . The wind speedand direc-
tion arecontrolledglobally for thewholeanimation.We �nd thata
tile of sizeN = 256 usuallyproducesnice looking resultsfor the
sizesof imageswe used.Userscanchangea to scaletheheightof
thewaves/ripples.Finally, scalingthefrequenciesby � changesthe
scaleat which the wave simulationis beingdone.Simulatingat a
larger frequency scalegivesa rougherlook, while a smallerscale
givesa smootherlook. Hence,we call � theroughnessin our user
interface.



3.4 Boats
We approximatethemotionof a bobbingboatby a 2D 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
model is 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
a force interactingwith the hull, andsolve the dynamicsequation
for the boatto estimateits displacement.However, sinceour goal
is to synthesizea quickly computablesolution,we directly usethe
height�eld of thewave to move theboat,asfollows.
Welet theuserselectaline closeto thebottomof theboat.Then,we
sampleseveralpointsqi alongtheline andassumethesepointsare
onthewaterplanesurroundingtheboat.At timet, for eachpointqi ,
we look up its displacementvectord(pi ; t ) (10) andcalculatethe
correspondingpositionp0

i of pi at timet aspi + 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
Anothercommonelementfor scenicpicturesis clouds.In principle,
cloudscouldalsobemodeledasastochasticprocess.However, we
needthestochasticprocessto matchthecloudsin theimageatsome
point, which is harder. Sincecloudsoften move very slowly and
their motiondoesnot attracttoo muchattention,we simply assign
a translationalmotion �eld to them.We extendthecloudsoutside
theimageframeto createacyclic textureusingour inpaintingalgo-
rithm, sincetheir motion in onedirectionwill createholesthatwe
have to �ll.

4 Results
We have developedaninteractive systemthatsupportsmatting,in-
painting,motion editing,andpreviewing the results.We have ap-
plied our systemto severalphotographsandfamouspaintings.The
accompanying videoprovidesa senseof theuserinterfacefor cre-
ating theanimatedpictures,aswell asa demonstrationof theani-
matedresults.
Table1 summarizesthenumberof layersof eachtypecreatedfor
the� ve animatedpicturesshown in Figure1, themotionspeci�ca-
tion, alongwith the time that it took a userto performthematting
andin-paintingsteps(whichareinterleavedin theprocess,andthus
dif�cult to separatein time),andtheplaybackspeeds.Generallythe
mattingandin-paintingstepstake thelargemajorityof thetime. In
all cases,theanimatedpaintingstake from a little underanhourto
a few hoursto create.Notethattwo of theanimatedpictureswhose
timingsarepresentedabove,“Boat Studio”and“Sun�owers,” were
createdby a completenovice userwho only hada few minutesof
instructionbeforebeginningwork onthepictures.Weprovideplay-
backspeedsfor our currentunoptimizedsoftwareimplementation:
Our codepresentlytakes no specialadvantageof graphicshard-
ware,but all of the operationscould be readily mappedto GPUs,
therebygreatlyincreasingframerates.
For the JapaneseTemple (Figure 1(a)), we model a total of 10
brancheson the left andtheright. We usea smallwave amplitude
(a = 1:0) andhigh roughness(� = 200) to give theripplesa �ne-
grainedlook. For theharborpicturein Figure1(b),we animatethe
waterandhave nineboatsswingwith thewater. Thecloudandsky
areanimatedusinga translationalmotion�eld.
Figure1(c)-(e)shows threepaintingswe have animated.Our tech-
niqueworks reasonablywell with paintings,probablybecausein
this situationwe areeven lesssensitive to anything that doesnot
look perfectlyrealistic.For ClaudeMonet'spaintingin Figure1(c),
we animatethewaterwith lower amplituderoughnessto keepthe

strokesintact.We alsolet theboatsway with thewater. Anotherof
Monet's paintings,shown in Figure1(d), is a morecomplex exam-
ple, with morethantwenty layers.We usethis exampleto demon-
stratethat we canchangethe appearanceof the waterby control-
ling thephysicalparameters.In Figure3, we show theappearance
of thewaterunderdifferentwind speeds,directions,andsimulation
scales.
For Van Gogh's sun�ower painting (Figure 1(e)), we use our
stochasticwind modelto animatethetwenty-�veplantlayers.With
asimplesinusoidalmodel,theviewerusuallycanquickly �gure out
thattheplantsswingin synchrony, andthemotionlosesa lot of its
interest.With thestochasticwind model,the �o wers' motionsde-
correlatein phaseandtheresultedanimationis moreappealing.We
alsoexperimentedwith a very small amountof scalingalongthe
brancharmaturein orderto simulateforeshorteningof the �o wers
asthey move in andoutof theimageplane.

5 Conc lusion and future work
In this paper, we have describedan approachfor animatingstill
picturesof outdoorscenesthat containdynamicelementsthat re-
spondto naturalforcesin a simplequasi-periodicfashion.We see
our work as just a �rst stepin the larger problemof animatinga
muchmoregeneralclassof pictures.
Beforewe beganthis work, it wasnot at all clearwhetherit would
bepossibletomakestill imagescometo life asanimatedscenes.We
believe our judiciousselectionandenhancementof recentlydevel-
opedmatting,inpainting,stochasticmotionsynthesis,imagewarp-
ing, andcompositingalgorithmsprovidesaneffective andeasy-to-
usesystemfor generatingrealisticanimationsfrom staticimages.
Wepointout thatourchoiceof techniquesis especiallywell-suited
to this problem,in thata relatively high-qualitycompositeanima-
tion canbeproducedevenwhentheresultsof eachautomatedstep
areof objectively lower quality. First, theuseof mattingproduces
layersthatarecolor-coherentalongtheirboundaries,evenif there-
sulting mattedoesnot follow objectboundaries.Whenin motion,
theselayersoften seemperceptuallyplausibleeven when techni-
cally incorrect.Second,thelimitedamountof displacementweseek
to introduceimplies that the inpainting processcan be relatively
low-quality andstill produceseamlesscomposites.This allows us
to useheuristicmeasuresto reducethesearchspaceandspeedup
theinpaintingprocess.Finally, wedonotaskendusersto keyframe
animations,but ratherin�uence thescenein physical,easilyunder-
stoodterms,suchaswind speedanddirection.We provide a user
interfacethat is accessibleto usersat all levels. Many usersare
alreadyfamiliar with mattingandinpaintingprocessesfrom com-
mercialproductssuchasPhotoshop,andthe additionalburdenof
assigning“canned”motiontypesis minimal.
Our systemcurrently makes a number of assumptionsthat we
wouldliketo relax.Forexample,weassumethattheelementsof the
input imagearein their equilibriumpositions.This is oftennot the
case,e.g.,for a scenewith waterthat alreadyhasripples.Indeed,
an interestingchallengewould be to usetheseripplesto estimate
thewatermotion,unwarp the referenceimageandthenanimateit
correctly. In addition,we currently ignorethe effectsof shadows,
transparency, and re�ections. For example,the re�ections of the
boatmove with the deformationsof the water, but do not account
for any additionalmotiondueto theboat's bobbingup anddown.
Whenthemotionis large,theresultsarelessrealistic.Onesolution
wouldbeto segmentoutre�ections,transparentlayersandshadows
somehow, andlet themmovewith thecastingobjectsaccordingly.
Many of our approximationslimit 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-rigiddistortion,to allow for moreplausible



(a) composite (b) lowerwind speed (c) wind of differentdirection (d) rougherwatersurface

Figure 3 We cancontroltheappearanceof watersurfaceby adjustingsomephysicalparameterssuchaswind speed.We show oneof thecomposites
(a)asthereference,in which thewind blow at5 m/sin z direction.Wedecreasethewind speedto 3 m/s(b) andchangethewind directionto bealong
z axis(c). In (d), wechangethescaleof thesimulationto renderwaterwith �ner ripples.

TreesWater Boats Clouds Still Layering Animating RenderingResolution
JapanseseTemple 10 1 0 0 2 45m 10m 7 fps 900x675

Harbor 0 2 9 1 5 90m 10m 3.8fps 900x600
BoatStudio 0 1 1 0 1 30m 10m 10 fps 600x692
Argenteuil 16 1 3 1 3 120m 15m 4.1fps 800x598
Sun�owers 25 0 0 0 1 210m 20m 5.1fps 576x480

Table 1 Thenumberof layersof eachtypefor eachof the � ve examplesin Figure1, alongwith approximatetimesin minutesfor a userto perform
thelayeringsteps(includingmattingandinpainting),animatingstep(includingmotionspeci�cationandediting),andplaybackspeeds.

large-scalemotions.Very largewarpsof thewatersurfacecanap-
peardistorteddueto warpingfrom outsidethe imageboundaries,
andwhenthewaterwavesbecomelargeenoughundervery windy
conditions,we expectto seea numberof additionalreal-world ef-
fectssuchaswater“lappingup” againsttheshoreor boats,“white-
caps,” splashes,or otherturbulentsurfaceeffects.

Ourmethodcurrentlyworksbestfor treesatadistance.For nearby
trees,it is presentlydif�cult and tediousto segmentthe leaf and
branchstructureproperly. It would also be interestingto add the
“shimmering”effectof leavesblowing in thewind by applyingtur-
bulent�o w �elds within thetreelayers.

Thereareotherclassesof motion that could be modeledusinga
similar approach.We imaginethat waterfalls, oceanwaves,�ying
birds andothersmall animals,�ame, andsmoke may all be pos-
sible. For example,waterfalls could perhapsbe animatedusinga
techniquesimilar to ”motion without movement” [Freemanet al.
1991]. Oceanwavescould be simulatedusingstochasticmodels,
althoughmatchingtheappearanceof thesourceimageposessome
interestingchallenges.Flying birdsandothersmall animalscould
beanimatedusingideasfrom videosprites[Schödl etal. 2000].We
believe thatit mightalsobepossibleto animate�uids like �ame or
smoke.However, this would requirea constrainedstochasticsimu-
lation,sincethestateof simulationshouldresembletheappearance
of the input image.Recentadvancesin controllingsmoke simula-
tion by keyframescould be usedfor this purpose[Treuille et al.
2003].

In our system,all the layersarehooked up togetherto a synthetic
wind force.Currently, thesamemeanwind velocity is appliedev-
erywherein thescene.It wouldbestraightforwardto extendthefor-
mulationto handlecompletevector�elds of evolving wind forces
in orderto provideamorerealisticstyleof animationsuchasmov-
ing gustsof wind. In addition,wecouldaddmorecontrollabilityso
thattheuserscouldinteractwith treesindividually.

Currently, weusephysically-basedsimulationto synthesizeapara-
metricmotion�eld, but thequality of themotioncouldpotentially
beimprovedusinglearningalgorithmsto transfermotionfrom sim-
ilar typeof objectsin videos.

Furthermore,ourmotionmodeladdressesonly arestrictedrangeof
motions.We imaginefuture systemsmight handletransitionsbe-
tweendifferenttypesof motion,animationto or from a reststate,

waterfeaturessuchasstreamsthatmovecontinuouslyin asingledi-
rection,andtransitionsbetweendifferentscenestatesand/ortypes
of motion(e.g.weatherchangingfrom calmto stormy, skieschang-
ing from clearto cloudy, boatstraveling to andfrom the horizon,
etc.).
Oursystempresentlyrequiresa fair amountof userinteraction.We
hopeto further reducethe time and effort to createtheseanima-
tions by exploiting continuedadvancesin intelligent imageselec-
tion andmattingalgorithmssuchasGrabCut[Rotheret al. 2004]
or Lazy Snapping[Li et al. 2004]. Furthermore,an automatedor
semi-automatedregion classi�cation to identify featuressuchas
foreground tree branchesand water would enablea much more
automatedprocess.For example,onecould imagineautomatically
identifying the“white water”of awaterfall, andthenautomatically
animatingthewaterfall. For a lake with a simpleboundary, suchas
in Figure1(a), it might alsobe possibleto automaticallysegment
thethewaterregionby identifying re�ections.
Another possibility would be to use multiple picturesas input.
Most moderndigital camerashave a “motor-drive” modethat al-
lows usersto take high-resolutionphotographsat a restrictedsam-
pling rate,around1–3framespersecond.Fromsucha setof pho-
tographswe might beableto automaticallysegmenta pictureinto
severalcoherentlymoving regionsand�gure outthemotionparam-
etersfrom the samplestill images.It would alsobe interestingto
combinehigh-resolutionstills with lower-resolutionvideo to pro-
duceattractive animations.Our approachcould alsobe combined
with “Tour into the picture” to provide an even richer experience,
with theability to movethecameraandlessconstrainedperspective
planes.
In conclusion,we have shown the easewith which it is possible
to breathelife into pictures,basedon recentlydevelopedmatting,
inpainting,andstochasticmodelingalgorithms.We hopethat our
work will inspireotherto explore the creative possibilitiesin this
rich domain.
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Keyframecontrolof smokesimulations.ACM Trans.Graph.22, 3, 716–
723.

WANG, Y., AND ZHU, S. C. 2003. Modeling texturedmotion: Particle,
wave andsketch. In Proceedingsof IEEE InternationalConferenceon
ComputerVision (ICCV)2003, 213–220.

WEI , L.-Y., AND LEVOY, M. 2000. Fast texture synthesisusing tree-
structuredvector quantization. In Proceedingsof ACM SIGGRAPH
2000, 479–488.


