Animating Animal Motion from Still
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animated motion of an eephant

Figurel: Givenstill picturesof animalgroupswe caninfer the motion of animalsandperformrealisticanimationssuchas(a) theanimated
motionof a bird and(b) theanimatedmotionof anelephantin (b), we alsosuperimpos¢he adjacenframesto illustratethe motion.

Abstract

Eventhoughthetemporalinformationis lost, astill pictureof mov-

ing animalshintsattheir motion. In this paperwe infer motioncy-

cle of animalsfrom the “motion snapshots{snapshotef different
individuals)capturedn a still picture. By nding the motionpath
in thegraphconnectingnotionsnapshotsye caninfer theorderof

motionsnapshotsvith respecto time, andhencethemotioncycle.
Both “half-cycle” and“full-c ycle” motionscanbeinferredin auni-

ed manner Thereforewe cananimatea still pictureof amoving

animal group by morphingamongthe orderedsnapshots.By re-
ning the pose morphologyandappearanceonsistenciesmooth
andrealisticanimalmotioncanbesynthesizedOur resultsdemon-
stratethe applicability of the proposedmethodto a wide rangeof

speciesincludingbirds, shes, mammalsandreptiles.

Keywords: still picture,animalgroup, motion cycle, motionin-
ferenceconsisteng re nement

1 Introduction

Animal groupsare ubiquitousin nature. Consideringa picture of
moving animalsof the samespeciege.g. Figuresl(a)& (b)), it is
notdif cult to obsenethatin onesinglepicture,theanimalmotion
can be encodedn differentindividuals, due to the motion asyn-
chronismof differentindividualsin the group. Althoughindividu-
als mayvary morphologically their motion snapshotsuggestow
this speciesmoves. This obsenation motivatesus to deduceand
synthesizehe motion of an animalgroupfrom a still picture, by
ordering and morphingthe motion snapshotgapturedn onesin-
gle picture. To thebestof our knowledge the proposedvork is the
rst attemptto animatea still pictureof moving animals.

Previous work on animating a still picture includes physically

simulatingnaturalphenomendShinya et al. 1999][Chuanget al.

2005], navigatinginsidethe pictureby reconstructingscenegeom-
etry [Horry etal. 1997][Criminisiet al. 2000][Ohetal. 2001],and
deformingstaticobjectusingshapedeformationLitwinowicz and
Williams 1994][Barrettand Cheng 2002] [Igarashiet al. 2005].

However, animatingthe motion by physical modelingand/orge-

ometryreconstructiormay requirea lot of userintervention. Un-

like the previous methods,we proposean image-base@pproach
whichis simpleranddoesnotrely on ary physicalmodelingor re-

constructionasthe motion snapshotsirealreadyembeddedn the

picture. The sameframavork allows usto animatea wide variety
of speciesfrom birdsto mammals.

The framework of our system(Figure 2) startsby extracting the
individuals, or equivalently the motion snapshotsin a single pic-
ture. Thesesnapshotdorm the “key frames” of the motion cy-
cle. However, they aredisorderednitially. Our key contritutionis
an optimizationthat determineghe optimal orderingof snapshots
in orderto reconstructhe motion cycle (Section3). To achieve
this,we rst construcia snapshographbasedn the snapshotex-
tracted. Then,an objective function, which maximizesthe overall
shapedistinctionof all snapshot&nd minimizesthe shapediffer-
encebetweenadjacentsnapshotsis usedto determinethe motion
pathin thegraph(correspondso themotioncycle). To alleviatethe
pose morphology andappearanceariationof snapshotslongthe
motion path,we furtherproposeo performconsisteng re nement
(Sectiond). Finally, asmoothmotionsequenceanbe synthesized
by morphingamongthe orderedsnapshotgFigure 1). However,
certaininformation,suchasmotiontrajectoryandspeedis unavail-
ablefrom the still (Section5). Hence,we requirethe userto draw
the motion trajectoryfor eachindividual in the picture. The tim-
ing of the motionis also provided via a userinterfacein orderto
producerealisticmotion.

2 Related Work

Animating from a singlepictureor a sparsesetof picturesremains
aninterestingandchallengingoroblemin computeigraphics.Since
astill picturelacksthemotioninformation,researcherattemptedo
introduceprior knowledgeto achieve the physicalrealism. Shirya
etal. [1999]employedphysically basedechniquesindimagemor
phingto create2D animationof plantsin aninputimage. Chuang
etal.[2005] simulatechaturalphenomenaelying on physicalmod-
els. They mainly handledthe imagescontainingpassve elements
with themotiondrivenby wind, like water trees andboats.
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Figure2: An overview of our system.

Researcheralsocarriedout studieson navigatinginto the 2D im-
agesvia scenereconstruction. Horry et al. [1997] let usersex-
ploretheimagein 3D by rst obtainingamesh-basedcenemodel.
Their systemrequiresthe interactize selectionof cameraposition
andvanishingpoints. Criminisi et al. [2000] computed3D af ne
measurementfrom a single perspectie view of a scene. They
mainly handledscenesontainingplanesandparallellines. Oh et
al. [2001] representea@ sceneasa layeredcollectionof depthim-
agesanddevelopedtheeditingoperationgor modifyingtheshape,
colorandillumination of the objects.

Otherthanthe physicalrealism techniquefave beendevelopedto
ef ciently manipulateheimageobjectsviausercontrol. Litwinow-
icz and Williams [1994] appliedimagedeformationto create2D
animationbasedon the key-frame skeletonsprovided by the user
Ngo et al. [2000] embeddedree-formconstraintdnto a graphical
modelsothatuserscaneasilymanipulateherenderedmage.Bar
rettandCheng [2002]triangulateca manuallyselectebject,and
thenallowedtheuserto performinteractve editing,suchasscaling,
stretching,bending,anddeleting. Igarashiet al. [2005] presented
aninteractve systemthat deformsa 2D shapeby moving several
verticesasconstrainechandles. Their work wasfurtherimproved
by Schaefeetal. [2006] to createfastdeformation.

Our approactdoesnot rely on physical modelingor geometryre-
constructionto simulate complex animal motions. Instead,we
male useof themotionsnapshotembeddedh theimage,andorder
themto synthesizea realisticmotion sequence For motion infer-
ence,our work is somavhatrelatedto video texture [Schodl et al.
2000][Soatteet al. 2001][Wangand Zhu 2003], which modelsthe
stochastienotionfrom avideosequenceandthework of [Lin etal.
2007]which synthesizeshe partialtemporalorderof the dynamic
motion from a sparsesetof images.While Lin etal's focusis on
natural phenomenasuch as water wind and re, we emphasize
living creatureghat exhibit essentiallyhighly regularandperiodic
motions. In addition, Schindleret al. [2007] inferredthe temporal
orderingof a collectionof imageshy estimatingthe 3D structures.

3 Motion Inference

Unlike somenaturalphenomenauchaswaterandwind, whichare
stochasticallystationary[Chetwerikov and Fazekas2006], animal
motion is highly regular and repetitve. Assumingthat the input
picture containssufcient snapshotgeachcorrespondgo onein-
dividual), we recover the motion cycle by inferring the order of
thesesnapshotsvith respecto time. To achieve this,we rst inter
actively extractthe snapshotsising GrabCut[Rotheret al. 2004],
which provides alpha-mattefor eachsnapshotiswell. Occluded
individuals are simply discarded. Then, we constructa snapshot
graphusinga shapesimilarity metric. Inferring the motion cycle
is furtherformulatedasdeterminingthe optimal pathin the graph,
basecdbn anobjective function.

3.1 Building Snapshot Graph

Thesnapshographis a completegraph,in which eachnoderepre-
sentsasnapshotandtheweightof theedgeconnectingwo nodeds

the similarity measuredetweerthe two correspondingnapshots.

An exampleis shavn in Figure7(a).

The similarity betweentwo snapshotsre measuredusing shape
features.The shapeof snapshots representetby a setof discrete
pointsuniformly sampledon the shapecontour(Figure 3(b)). We
call thesepoints the contour points Thenwe emplg the shape
contet [Belongieetal. 2002][Mori et al. 2005],a commonlyused
shapedescriptor to quantify the shapefeatures. This descriptor
is invariantto translation,scaling,rotation,and even robust under
smallgeometricabistortion,occlusionandoutliers. For eachcon-
tour point, shapecontect describeghe distribution of the relative
positionsof all the otherpointsin a spatialhistogram. As shavn
in Figure 3(c), we constructbins that are uniformly distributedin
log-polarspaceandthe numberof contourpointsfalling into each
bin is onecorrespondingomponenin the resultingshapefeature
vector Thefeaturevectorsof all coutourpointsarethencombined
togetherto describehe shape.

(a (b)
Figure 3: Shapefeatureextraction. (a) a snapshoimage, (b) the
sampledcontourpoints, and (c) the shapecontet usingthe log-
polarhistogramto computethedistribution of therelative positions
of all theothercontourpointsto thereferencepoint.

The shapesimilarity betweentwo snapshots$Sy andS, is further

measuredy consideringhe distancedrom Sy to S; andfrom S

to Sk, respectiely [Belongie et al. 2002]. This symmetricmea-

surements morestable.Theformulationis givenby

X

D(SGS)= —  if by i+ = if

kS = W It il M, Nt
i2M i2Mm,

hiji; (1)

whereMy (M) is thetotal numberof contourpointsof Sy (S)); fi
(hj) is the shapecontet featurevectorfor thei-th (j -th) contour
pointon Sy (Si). Thej -th contourpointonS; correspondso the
i-th contourpointon S, wherej = agmin jifi  hjjj. Simi-
larly, i = amgminjjfi  h;jjj. This metricis simplebut accurate.
Figure4 shaws the queryresulton snapshoshapeusingthis met-
ric. Obviously, smalltopologicalshapechangeganbesuccessfully
handled.

Theabore shapesimilarity metric,however, may nd semantically
incorrectcorrespondingpoints due to the self-occlusionof limbs
for someanimalsasviewed from certainviewpoints. For instance,
the elephantsnapshotén Figures5(a) & (c) have very similar sil-
houetteshut in facttheleft andright legsareinterchangedHence,
the contourpoint i in Figure 5(b) may be incorrectly associated
with the contourpoint j, in Figure5(d) ratherthanthe semanti-
cally correctcontourpointj,. This problemcould be potentially
solved by usingthe techniqueof humanbody trackingandrecon-
structionfrom single camera[Sminchisescl2006] [Agarwal and
Triggs 2005][Agarwal 2006]. However, mostexisting techniques
adoptlearning-basedtratgiesthatrequirealargetrainingset,and
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Figure4: Shortlistsof snapshotiuery The rst columnshaws the
guerysnapshotsandthe restcolumnsshawv the closestsnapshots
with decreasinghapesimilarity from left to right.
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(a) snapshot 1 (b) expanded contour of (a)

S

(d) expanded contour of (c)

Figure5: Handlingself-occlusion.(a) snapshot and(c) snapshot
4 have very similar shapecontours. The contourpointi in snap-
shot1 maybe incorrectlyassociatedvith the pointj; in snapshot
4. To handlethis problem,we manuallydrav auxiliary contours
(in dashedines)to eliminatethe ambiguity andcolor-codeall the
contoursto indicatewhich two legs are on the sameside. Finally
thecorrespondingointj, canbelocatedcorrectly

(c) snapshot 4

the 3D poseghey usedare even from motion capture.Thus,their

works arenot applicablein our case.In orderto tacklethis prob-

lem, we introduceauxiliary contoursto eliminatethe ambiguityon

shapecontour Auxiliary contoursareassignednteractvely by user
in theoccludedegions,for example thedashedinesonthebound-
ariesof the elephantegs (Figures5(b) & (d)). We alsocolorcode
the contoursto provide the correspondence-ere,we usered and
greencolorsto labellegsondifferentsides.Whencomputingshape
distancewe matchthe pointsonly on the contourswith the same
color. In this way, we canavoid the shapeambiguity Note that
suchauxiliary contoursarenot alwaysneededIn all our examples,
only the elephanexamplerequireshis treatment.

3.2 Reconstruction of Motion Cycle

The questionnow is on how to reconstructhe motion cycle with

the snapshograph.Recallthe basicassumptiorthatthe input pic-

ture containssufcient numberof snapshotso form the motioncy-

cle. Intuitively, we want the reconstructeanotion cycle to cover
distinct motion statesand represensmoothmovement Thereis

no needto make useof all snapshotso form the motioncycle, as
somesnapshotaretoo similar to be usefulandsomeareoutliers.
Instead,we nd anoptimal pathin the snapshograph,which we
call the motionpath, thatcorresponds$o the motioncycle. To ap-
proximatesmoothandnaturalmotion,theadjacensnapshotenthe
motion pathshouldbe closein shape.To cover theimportantmo-
tion statesthe snapshot®n the motion pathshouldbe asdistinct
aspossible.ldeally, the snapshotareuniformly sampledrom the
motioncycle. Theserequirementgeadto our objective for optimiz-
ing threefactors:local similarity, global distinction,andsampling
uniformity.

If we denotethe total numberof snapshotasN , the motion path
of snapshot@asan orderedsetl = fl;g, wherel; is a node(or
shapshot)andthe pathlength (the numberof nodes)asL N,

thenthelocal similarity is de ned asthemeanof all shapalistances
betweeradjacenhodeson the path:

Cs = E(fD(li;li+1)0); 2
where D(li;1i+1) is evaluatedby Equationl, and E( ) com-
putesthe meanvalue. The normalizationfactor is setto be
max(D (Sk; Si)), the maximumdistancebetweentwo snapshots
in the graph. Samplinguniformity is measuredy the varianceof
the shapedistanceshetweenary two adjacentnodeson the path,
andis givenby

Cu = Var(fD(Ii;1i+1)0); (3)
whereVar( ) evaluatesthe variance. Finally, global distinctionis
measuredy the meanof the distancebetweenrary two nodeson
thepath,whichis formulatlgda]i_)

PLIURI) @
L (L 1) '
Basedontheabove threeterms themotionpathl isfoundby min-
imizing thefollowing enegy function:

C(| ) =Cs+ 1Cy+ 2(1 Cd)i (5)

Thecoefcients areempiricallysetas ; = 2:5and , = 0:5. We
solve this discreteoptimizationproblemusingsimulatedannealing
on the graph,and the pathlength L is automaticallydetermined
during the optimizationprocesg(refer to Appendix A). Note that
althoughwe employ the simulatedannealinghere, other discrete
optimizationtechniquessuchassomeML techniquesmayalsobe

applicable.
A o\

Cd: i

N>

>
(a (b)

Figure6: Two typesof motions:(a) half-cycle motionand(b) full-

cycle motion. In half-cycle motion, the motionsof the two half

cycles are mirrored, while in full-cycle motion, all the statesare
completelydistinct.

Conceptuallywe canclassifyanimalmotion into two types: full-
cycle motion and half-cycle motion. Full-cycle motion contains
completelydistinct statesin the cycle. The walking of mammals
usuallybelonggo this type. For example,in elephanmotion (Fig-
ure 6(b)), one pair of diagonallegs moves rst in the upperhalf
cycle (from the left to the right greennodes),while anotherpair
of legs movesin the lower half cycle. In contrast,if the motions
of two half cyclesaremirroredto eachother we call this type of
motionthe half-cycle motion. Onetypical exampleis the apping
of birds (Figure 6(a)), wherethe motion of up-swinghalf cycle is
mirroredto the motion of down-swinghalf cycle. Soit is olbvious
that a full-cycle motion correspondso a closedpathin the graph
while the half-cycle motioncorrespondso anopenpath.

To determinethe motion path,we rst automaticallydeterminehe
two extremal nodes(the greennodesin Figure 6) by nding two
nodeswith maximalshapedistance For half-cycle motion, the ex-
tremalnodesareusedasthe startandendnodesof the motionpath
in the snapshograph. For full-cycle motion, we further constrain
thatthe motion path shouldpassthroughthe two extremalnodes.
Figure 7(a) shavs the motion path (the solid black line segments)
of seabirdsn Figurell(a).Notethatsomeoutlier snapshotsyhich
aresubstantiallydifferentfrom others mayexist andbeselectedn-
appropriatelyasthe extremalnodes.To remove theoutliers,we as-
sumethattheoutlier snapshotshouldnotdominatethe setof snap-
shotsandthatthedistancedetweersnapshotsonformto a Gaus-
siandistribution, N ( ; 2). Whenthe minimal distancefrom one
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Figure7: (a) Giventhe snapshograph,we searchthe motion path
(thesolid blackline sggments) Node5 is detectedasanoutlier. We
alsoconnectthe restof the nodes(in blue)to the motion pathfor
lateranimationby constructinga spanningree. (b) Anchoringthe
walking elephant.For frame58, two diagonalfeetarelinked with
redandgreenlines. Theanchorpointis indicatedby the bluedot.

snapshoto theothersnapshotexceedghethreshold = +c¢
this snapshots remored asan outlier (e.g.,the dark gray nodein
Figure7(a)). Empirically, we setc = 2:0.

It seemshatthe reconstructiorof motion cycle canbe solved by

taking the shortestpath betweentwo extremal nodes. However,

nding shortestpathonly guaranteethe smoothnessf recosered
motion,butwill notguarantesufcient distinctionamongdifferent
snapshotsHence,someimportantsnapshotsnay be misseddur

ing the motion path reconstruction.Another potentialsolutionis

the dimensionreductiontechniquein which the multi-dimensional
shapefeaturevectorsare projectedonto 1D spacefor determining
the cycle. However, even small errorsin the reductionmay yield

signi cant errorsin the orderingof snapshotswWe have testedboth
theshortespathanddimensiorreductionapproachedyut bothgive

unsatiséctoryreconstructiomesults.

4 Consistenc y Re nement

As the snapshotsare actually differentindividuals, morphing di-

rectly amongthemmayyield unnaturalandinconsistenanimation
results. To allow smoothtransitionamongorderedsnapshotsye
re ne threekinds of consistenciesposeconsisteng, morphology
consistenyg, and appearanceonsisteng. For the animatedillus-

tration of the consistencyssue reades are kindly referred to the
supplementaryideo.

4.1 Pose Consistenc y

Sincetheindividualsarecapturedn differentposesrelative to the
camerawe rst “normalize”themsothatthey sharethesamescale
andorientation. Although the shapedescriptorin previous stepis
scale,rotation,andtranslationinvariant, the snapshotsre not yet
normalized. Without loss of generality the rst snapshoin the
orderedsequencés usedasthereferencdor normalization.In our
image-basedystem the normalizationcanbe doneby estimating
2D afne transformationdetweersnapshoposes.

To achieve this, we rst establishthe correspondencbetweerthe
contourpoints on every two adjacentsnapshotdy shapematch-
ing [Belongieet al. 2002]. Then,for eachcontourpointg; onthe
rst snapshotits correspondingpoint gx on the k-th snapshotan
belocatedaccordingo the correspondencgeterminedrom shape
matching.Theafne transformationT;x betweerthe rst andthe
k-th snapshotan be solved from the correspondingpoints using
leastsquare.

Dueto the non-rigid shapedeformationof the capturedsnapshots,
we cannotsimply useall thecontourpointsfor estimatingheaf ne
transformation Instead we only utilize the contourpointsthatare
relatively stable(lessdeformedduring the motion) for estimation,
e.g.,thecontourpointson the headandthetail of bird, or the con-

Snapshot 1  Snapshot 9 Snapshot 11 Snapshot 7

(a) partial motion sequence

(b) with pose normalization

e e Ui

(c) with morphol ogical regression

(d) with appearance adjustment

Figure8: Consisteng re nement. (a) shavs the rst 4 snapshots
of theorderedsequence(b) The snapshoposesarenormalizedin
scaleandorientation.(c) Morphologyconsisteng in the sequence
is furtherre ned. Notethattheperturbatior(dravn in theblueline)
becomesnore smoothafter regression.(d) Color variationis also
suppresseth theappearanceonsisteng re nement.

tour pointson the headandthe backof elephant.To identify those
points,userscaninteractiely circle onthe rst snapshoandobtain
a setof stablecontourpointsQ;. Then,our systemautomatically
identi es the correspondingstablecontourpoints Qx on the k-th
snapshovia the correspondenciom shapematching. The af ne
transformationTy « is thensolved from thesecorrespondingtable
contourpoints. After theestimation snapshotare“normalized”in
termsof poseby applyingtheaf ne transformationgFigure8(b)).

4.2 Morphology Consistenc y

Even after posenormalization the snapshotsnay still suffer from

local shapeinconsisteng due to the morphologicaldifferenceof

individuals.Morphingamongthemmayleadto unnaturatemporal
perturbatiorasdepictedby the bumpy blueline in Figure8(b). To

solwe this problem,we apply a regressiorproceson thetrajectory
of the correspondingontourpointsto smootherout the perturba-
tion. Here,we assumehat suchtrajectoryconformto a B-spline
cune,whichis parame%rizedy

P(t) = Pibs (1)

wherem is thenumber’oflcontrolpointsF’ , andb s (t) isthej -th
B-splinebasisfunctionwith orders. Speci cally, we useonepiece
of uniform cubic B-spline,andsetm = min(15; n=2), wheren

is the numberof snapshotén the orderedsequenceThe B-spline
regressioncanthenbe fo)rqr]nulatedasa leastsquareminimization

roblem:
P Bk @)

t 2 [0;1]; (6)

min kP (i)

whereP, is the contourpl)olint on the i-th snapshotn the ordered
sequenceandt; 2 [0; 1] is the B-splineparameteraluesetto the
i-th snapshotTo ensurea consistentemporalorderof regression,
theparametevaluest; shouldbemonotonicncreasingt; < ti+1)

with respectto the snapshobrderin the sequence.In addition,
thedifferencesn valueareproportionalto thecorrespondinghape
distancesi.e.,ti+1  ti/ D(li;li+1).

TheminimizationreturnsoptimalcontrolpointsP; of the B-spline
cune. However, whenthereare outlier contourpointson the tra-
jectory, the B-splineapproximatiormaybe erroneousHence jter-
ative re-weightedeastsquarg(IRLS) is usedfor estimationwhich



is robustto outliersanddoesnot over-suppresshe trajectory With
the estimatedB-splinecurve, we replaceP; with P (t;). Thisen-
suresa smoothtransitionamongsnapshotsvith consistentorder
(depictedasthe blue line in Figure8(c)). The sameregressionis
appliedto all the contourpoints. Equivalently, we canregard P; as
a high dimensionalvector containingelementsof 2D coordinates
of all the contourpointsduring the regression.Although we may
usecorvolution methodso suppresshe perturbationthey arenot
ableto remove outlierswhile maintaininga reasonablérajectory

Sofar, we only smootherthe trajectoriesof contourpointson the

shapeboundary To smoothlyadjustthe interior pointswithin the

shapeswe apply thin-platespline (TPS) mappingon eachshape
accordingto the correspondenceetweenP; and P (t;) (refer to

AppendixB). Figure9 superimposethe snapshotso comparethe

resultswith andwithout suchB-splinebasedregressionin (b) and

(a), respectiely. The original bumpy trajectoryis now smoothed
aftertheregression.

e
NS

(a) without regression

(b) with regression

Figure 9: Morphology consisteng. (a) shavs the superimposed
shapshotwithoutregressionThetrajectoryof contourpoints(con-

nectedwith blueline) is bumpy. (b) shavs the resultingsnapshots
with theshapeaegressionNotethatthetrajectoryis now smoothed.

4.3 Appearance Consistenc y

Thesnapshotarenow consistenin termsof poseandmorphology
but their appearancécolor and texture) may still be inconsistent
from eachotherdueto the differenceof individuality. In orderto
solwe this, we selectthe rst snapshotsthe referenceand“trans-
fer” the appearancef the referenceo all the othersnapshotsig-
noringtheillumination.

Transferringthe appearancef the entirebody of a snapshoto the

othersmay be erroneousecausef the self-occlusioncausedby

deformationduring motion. In orderto obtainvisually consistent
appearanceye rst manuallymark on the referencesnapshothe

region thatis inconsistenin appearancejenotedasR; (enclosed
by thegreencurve in Figure10). Fromobsenation,theregion usu-

ally occursat placeswith smalldeformationandhencdesschance
of beingoccluded. Therefore,we canwarp the region R; in the

referencesnapshoto theregion Ry in thek-th snapshotisingTPS

mapping.Themappings determinedy thecorrespondingontour
pointsof thetwo snapshotskFinally, theregionRy (enclosedy the

orangecune) is replacedwith the warpedR;. The seamon the

boundaryof replacedregion is alleviated by featheringtechnique.
Notethatthe markedregion R is allowedto containmultiple dis-

joint sub-rgions.

5 Results and Discussions

Oncemotioninferenceandconsisteng re nementaredone wecan
thenanimatethe motion. Herewe rst demonstratéhe applicabil-
ity of our methodon specieswith substantiallydifferentmotions.
Next, we illustrate how to animatethe still imagesshaving differ-
entgroupsof animals. Reades are referred to the supplementary
videofor a betteranimatedpresentation.

Rendering  To renderthe animationstartingfrom a still picture,
motiontrajectoryshouldbe rst speci edby theuserfor eachindi-
vidual. Then,theanimationof eachindividualis synthesizedby ap-
plying TPSmorphingamongall the consisteng-re ned snapshots.

Snapshot 1 Snapshot 9 Snapshot 11
\ Find )
Ii\ correspondi ng -~ —
regions \ N \

7 { {
Warp and replace x /\
?

Figure 10: Appearanceonsisteng. The appearance-inconsistent
region (enclosedy thegreencurne)is rst manuallyselectedn the
referencesnapshot.Thenthe selectedregion is warpedto replace
thecorrespondingegionin othersnapshotéenclosedy theorange
cune).

The TPS morphingis implementedon GPU to reachinteractve

rate.The nal animatedsequencés createdby blendingtheanima-
tion of eachindividualwith abackgroundmageor avideo. Motion

blur effectis alsoaddedin the nal animationusingthetechnique
of [Brostow andEssa2001]. In addition,userscanfurthercontrol

theanimation,suchaschangingthe speedf the motion, adjusting
the scaleandthe orientationof eachindividual during the motion,

in orderto re ne theanimation.

However, certainmotion may needadditionaltreatmentfor exam-

ple, themotion of walking, like thatof anelephanbr adog. There
shouldbe onemoreconstraintapplied. Their feettouchingon the
groundmustbe anchoredn the groundduringthe motion. Other

wise,odddrifting artifactmayoccur Hence we needto determine
theanchorfeetfor eachrenderedrame. In theexampleof elephant
in Figure7(b),we rst computethe distancebetweertwo diagonal
feet,asdenotedby D, (theredline) andDg (the greenline), re-

spectvely. Then,for every two adjacentframesk andk + 1, we

computethe changef D, andDg4. The diagonalfeetwith less
changeareidenti ed in framek. Thenthetip of thebackfoot (blue
dot) of theidenti ed diagonalfeetis choserto anchortherendered
animalin theframe.

Motions of Different Species To verify the effectivenesof our
motioninferenceon differentspeciesye shav theinferredmotion
of birds (Figure 1(a) and Figure 11(d)), elephantgFigure 1(b)),
loacheqFigurell(e)),andtortoiseqFigurel1(f)). Themotionsof
birdsandloachesarehalf-cycle while themotionsof elephant@&nd
tortoisesarefull-cycle.

Giventhe input picture of a ock of birdsin Figure 1(a), we ex-
tract 30 snapshotsn total, in which 13 snapshotsre usedin the
reconstructedhalf-cycle motion. A full motion cycle after mor
phing amongthe orderedsnapshotss shavn on the left side of
Figure1(a). Anotherexampleof a ock of birdsis shovn in Fig-
urell(a),where7 outof 11 snapshotareselectedo form thehalf-
cycle motion. The swimmingmotion of loacheg(Figure 11(b)) is
representedly 9 orderedsnapshotsThereconstructednotionsfor
thesetwo examplesaredemonstrateéh Figuresl1l (d) and(e), re-
spectvely. Theinput pictureof elephaniexamplecontains? valid
shapshotsand6 out of themareselectedo form the full cycle of
themotion (Figurel(b)).

Ourmethodalsoallowstheuserto take multiple still picturesof the
samespecieasinputpictures,soasto provide sufcient snapshots.
The major criterion is that individuals from different picturesare
taken with similar viewing perspecties. Figure 11(c) shaws the
threeinput picturesfor inferring the motionof tortoises.

Timing Statistics  The proposedsystemwasimplementedon a
PCequippedvith Xeon(TM) CPU3.73GHz 3GB systemmemory
andnVidia Geforce8800GTX GPUwith 768 MB video memory



(a) a flock of seabirds (b) a shoal of loaches

(c) input pictures o tortoises

(d) animated motion of seabirds

(e) animated motion of |oaches

(f) animated motion of tortoises
Figurell: Theanimatednotionsfrom asingleor multiple pictures.

Tablel summarizeshetiming statisticsof all theexamplesusedin
this paper The processindgimesfor differentpartsof our system,
including the approximatetime for userinteraction,are listed in
differentcolumnsin thetable. Fromthetable,we canseethatthe
wholeprocessingime canbesplitinto two parts:thetimewith user
interactioninvolved,andthetime for fully automatigprocessing.

The total time for userinteraction(column7 in Table 1) is not
more than 6 minutesfor all our examples. Note that the most
time-consumingiserinteractions thesemi-automatiextractionof
snapshotsThetimefor circling thestablecontourpointsandmark-
ing the appearanceconsistentegionsis usuallysmallasthey are
only requiredon the rst snapshot. Auxiliary contoursare only
neededor theexampleof elephants.

Ontheotherhand,thetotal time for automatigprocessindgs much

smaller The motion inferenceis ef cient andrequiresonly 7 to

35 secondseventhoughwe adoptecsimulatedannealing The col-

umn “rendering” only shaws the processingime for synthesizing
onesingleindividualin asingleframe,andthetotaltimefor render

ing the whole animationsequencaependson both the numberof

framesandthe numberof individualsusedin the nal animation.
The fastrenderingis achieved via a GPU implementatiorof TPS
mapping.

Animating from Still  Finally, we shov anapplicationof animat-
ing agroupof animalsstartingfrom theirinitial posesandpositions
in theinputstill picture. To achieve this,we rst completeheback-

groundafter snapshoextraction, using example-basedhpainting

algorithm [Criminisi et al. 2003]. Then,we createa motion se-

quencdor eachindividual basecbnthesnapshograph.Recallthat

notall thesnapshotareselectedn themotionpath. Thus,thesnap-

(a)©

(b)
Figurel2: Animatingfrominitial pose®f individuals.(a)thespan-
ningtreeof half-cycle motionand(b) thespanningreeof full-cycle
motion. Theleft columnshavs whenthe nodeof individual is on
the motion path (solid gray node). The right columnis the case

whennodeof individualsarenot on the motion path (hollow gray
node).

shotsthatarenotin themotionpathcannotbeanimatedirectly. In
orderto createa motion sequencestartingfrom thesesnapshots,
we needto constructa spanningree (Figure7(a)) in the snapshot
graph.

The spanningtreeis constructecbeginning with the motion path.
Then,theentirespanningreeis constructedteratively by selecting
the nodein the remainingnode set (blue dots) with the minimal

distanceo its nearesnodein the currentspanningree. As shavn

in Figure 7(a), the red nodesare on the motion path andthe blue
nodesareselectedteratively to form the spanningree.

Basedon the spanningtree, animationcanbe createdfor eachin-
dividual. For half-cycle motion, if the individual is on the motion
path (the solid black line sggmentsin Figure12), we traversethe
pathbackandforth betweerthetwo extremalnodego generatehe
motion sequencelf theindividual is not on the motion path, we
rst nd the shortestpathfrom theinitial node(the individual) to
the motion pathin the spanningtree. Thenwe traversealongthe
shortestpathto the motion path. Finally we keeptraversingback
andforth againonthemotionpathto generatéhemotionsequence.
Thetwo casesreillustratedin Figure12(a). Full-cycle motioncan
be achieved similarly, exceptthatthe motion pathis alreadyaloop
(Figure12(by)).

Oncethemotionsequencés obtainedrom the snapshograph,we
performconsisteng re nementand TPSmorphingto generatehe
nal animation.Figurel3showvsafew framesof animatinganimals
from theinputstill pictures.

Limitations  In oursystemall themotionsnapshotsnustbecap-
turedin similar viewing perspecties,andtheremustbe sufcient
snapshotso cover theimportantstatesof themotioncycle. Dueto
the loss of temporalinformationandthe lack of prior knowledge,
the systemrelies on usersto tell whetherthe animalmotionis in
half-cycle or full-cycle. In addition,sincewe usetheimage-based
approachthe currentappearanceonsisteng re nementmay not
bephysically correct.Neverthelessevenwith thesdimitations, vi-
sually plausibleresultsareobtained.

6 Conclusion

In this paper we animatea still pictureof ananimalgroup. Based
on the obsenation that the motion snapshot®f the samespecies
canbecapturedn astill picture,we proposeo infer themotioncy-
cle of the animalsfrom the disorderedsnapshotsTheinferenceis
formulatedas nding an optimal pathin the snapshograph. To
avoid inconsistenciegluring the animation, we ensurethe pose,
morphology and appearanceonsistencies.Although we do not
usea physical model, corvincing animal motionsare obtainedas
demonstratetdy the animationresultsof speciewith substantially



Figure13: Animationfrom thestill picturesin Figurel.

User Interaction Automatic
Total snapshots Snapshots| Drawing Circling Marking Total time Motion | Consistency Rendering
/snapshots in wc_le extraction| auxiliary stable appearance of user intervention | inference| refinement | (single morphed
/snapshot resolution contours | contour points|inconsistent regions| (A)+(B)+(C)+(D) snapshot)
(A) (B) © (D)
Birdl (Fig. 1(a 30/13/174x174 ~5mins ~30s ~30s ~6mins 35s 17s 0.024s
g

Bird2 (Fig. 11(a)) 11 /7 / 175%x175 ~2mins ~30s ~30s ~3mins 7s 5s 0.016s
Loach (Fig. 11(b)) 15/9/3%0x500 ~3mins ~30s ~30s ~4mins 13s 158s 0.76s
Tortoise (Fig. 11(c)) 10/ 9/ 3D0x500 ~2mins ~30s ~30s ~3mins 13s 108s 0.78s
Elephant (Fig. 1(b)) 716/ 20%x290 ~2mins ~2mins ~30s ~30s ~5mins 13s 24s 0.31s

Tablel: Timing statisticor all theexamplesusedin this paper In theseconacolumn,the“total snapshotstefersto thenumberof snapshots
extractedfrom theinputpicture. The “snapshotsn cycle” refersto the numberof snapshotselectedor reconstructinghe motioncycle.

differentmotionbehaiors.

An automatiomethodfor handlingself-occlusiorproblemis worth
furtherinvestigation. The appearanceansferfrom oneindividual
to anothershouldalsobe investigatedin the future to improve its
robustness.In addition, inferenceon non-g/clic motion may also
beworthwhilefor furtherstudy

Appendix A: Motion Cycle Optimization

Algorithm 1 presentsthe pseudo-codef motion-pathoptimiza-
tion. Themotionpathcontainsatleasttwo extremalnodesin snap-
shot graph. During eachiteration, we randomly generatea new

pathin the graph,which is associatedvith a valid pathlengthL .

Basedon the enegy function (Equation5), the new pathis ac-
ceptedor rejectedaccordingto anannealingstratgy [Pepperetal.

2002]. To guarantee stablecorvergence a certainnumberof it-

erationg(K ) is setattemperaturd beforethe next annealingoro-
cess. In our implementationwe setTo = 50;000, K = 500,

Anneal F actor = 0:992, andlimit = 0:01. It takeslessthan35
seconddo searchthe motion patheven for the bird examplewith

30snapshotgFigure1(a)).

Appendix B: TPS Mapping

Thin-platespline(TPS)mapping[Bookstein1989]is themodeling
of deformationof biological shapechange Dueto theenegy min-
imization property TPSintroducedessdistortionandhenceoffers
high visual quality in imagewarping. WhenTPSis appliedto im-
agewarping,n pairsof correspondingontrol points betweenthe
sourceimage(f (x; ; yi )g) andthewarpedimagef (x?; y®)g should
be rst speci ed. Then,theTPSmaé)q;‘)ingis de ned asfollows,

X°= fx(Xy) = a1+ axx+ ayy + i (ixisyi)
i=1

(G WIi;
®)

X
yo= fy(xy) = b+ box + by +

i=1

i (i y)  (wii;
©)
where(x; y) is thepointin thesourcemageand(x® y°) is thecor
respondingointin thewarpedimage; (r) = r2logr istheradial
basisfunction;jj jj is the Euclideandistanceoperatoras, ax, ay,
i»bi, b, by, and ; aretheparameterso bedetermineddo solve
pe mappingtwo setsof extragonstrairgsare enforged: P =
iXi = iyi = 0,and i = iXi = iyi = 0.
Then,we areableto obtaintwo linearsystemsOncetheunknavns
aredeterminedwe canwarp otherpointsin the sourceimagewith
themappings x (X; y) andfy (x; y).

An exampleof imagewarpingis givenin Figure 14. Figure 14(a)
shaws the sampledcontourpoints (blue crosses)n the sourceim-
age(Figure 14(b)) andtheir correspondingpoints(red dots)in the
warpedimage. Figure 14(c) is the resultby warping the source
imageaccordingto the correspondenca (a). It is obvious that
TPSmappingnotonly maintainghe shapecontourbut alsocreates
smoothandconsistentvarpedcontentin theinterior region. Based
on thewarping,imagemorphingbetweertwo motionsnapshotss

(a) (b) (©
Figure 14: TPS mapping. (a) shavs the sampledcontour points
(blue crosses)n the sourceimageandtheir correspondingpoints
(reddots)in thewarpedimage. (b) is the sourceimage. (c) shavs
the resultby TPSwarping. Note that not only the outline but also
theinterior regionis naturallywarped.



then achieved by blendingthe result from warping one snapshot
towardsthe intermediateposition and that from warping the next
snapshotowardstheintermediateposition.

Algorithm 1: Pseudo-codef motioncycle optimization
choosea pathlengthL
generataninitial pathl | with lengthL
chooseatemperaturd = To > 0
Cod =C(IL)
Loop (T > limit)
Loop (K times)
chooseanew pathlengthL
generatanew pathl

Chew = C(l L)
C =Chew - Coud
if C 0, accepnew path
elseif exp( C=T) rand(0; 1), acceptew path

elserejectnew path
T =T Anneal Factor
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