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Figure1: Givenstill picturesof animalgroups,wecaninfer themotionof animalsandperformrealisticanimations,suchas(a) theanimated
motionof abird and(b) theanimatedmotionof anelephant.In (b), wealsosuperimposetheadjacentframesto illustratethemotion.

Abstract

Eventhoughthetemporalinformationis lost,astill pictureof mov-
ing animalshintsat theirmotion. In thispaper, we infer motioncy-
cle of animalsfrom the“motion snapshots”(snapshotsof different
individuals)capturedin a still picture. By �nding themotionpath
in thegraphconnectingmotionsnapshots,wecaninfer theorderof
motionsnapshotswith respectto time,andhencethemotioncycle.
Both“half-cycle” and“full-c ycle” motionscanbeinferredin auni-
�ed manner. Therefore,we cananimatea still pictureof a moving
animalgroupby morphingamongthe orderedsnapshots.By re-
�ning thepose,morphology, andappearanceconsistencies,smooth
andrealisticanimalmotioncanbesynthesized.Ourresultsdemon-
stratethe applicability of the proposedmethodto a wide rangeof
species,includingbirds,�shes,mammals,andreptiles.

Keywords: still picture,animalgroup,motion cycle, motion in-
ference,consistency re�nement

1 Intr oduction

Animal groupsareubiquitousin nature. Consideringa pictureof
moving animalsof thesamespecies(e.g. Figures1(a)& (b)), it is
notdif�cult to observe thatin onesinglepicture,theanimalmotion
can be encodedin different individuals, due to the motion asyn-
chronismof differentindividualsin thegroup. Althoughindividu-
alsmayvary morphologically, their motionsnapshotssuggesthow
this speciesmoves. This observation motivatesus to deduceand
synthesizethe motion of an animalgroupfrom a still picture,by
ordering andmorphingthe motion snapshotscapturedin onesin-
glepicture.To thebestof ourknowledge,theproposedwork is the
�rst attemptto animateastill pictureof moving animals.

Previous work on animating a still picture includes physically

simulatingnaturalphenomena[Shinya et al. 1999][Chuanget al.
2005],navigatinginsidethepictureby reconstructingscenegeom-
etry [Horry et al. 1997][Criminisiet al. 2000][Ohet al. 2001],and
deformingstaticobjectusingshapedeformation[Litwinowicz and
Williams 1994][Barrettand Cheney 2002] [Igarashiet al. 2005].
However, animatingthe motion by physical modelingand/orge-
ometryreconstructionmay requirea lot of userintervention. Un-
like the previous methods,we proposean image-basedapproach
which is simpleranddoesnot rely on any physicalmodelingor re-
construction,asthemotionsnapshotsarealreadyembeddedin the
picture. Thesameframework allows us to animatea wide variety
of species,from birdsto mammals.

The framework of our system(Figure 2) startsby extracting the
individuals,or equivalently the motion snapshots,in a singlepic-
ture. Thesesnapshotsform the “key frames” of the motion cy-
cle. However, they aredisorderedinitially. Our key contribution is
an optimizationthat determinesthe optimal orderingof snapshots
in order to reconstructthe motion cycle (Section3). To achieve
this,we �rst constructa snapshotgraphbasedon thesnapshotsex-
tracted.Then,anobjective function,which maximizestheoverall
shapedistinctionof all snapshotsandminimizesthe shapediffer-
encebetweenadjacentsnapshots,is usedto determinethe motion
pathin thegraph(correspondsto themotioncycle). To alleviatethe
pose,morphology, andappearancevariationof snapshotsalongthe
motionpath,we furtherproposeto performconsistency re�nement
(Section4). Finally, a smoothmotionsequencecanbesynthesized
by morphingamongthe orderedsnapshots(Figure1). However,
certaininformation,suchasmotiontrajectoryandspeed,is unavail-
ablefrom thestill (Section5). Hence,we requiretheuserto draw
the motion trajectoryfor eachindividual in the picture. The tim-
ing of the motion is alsoprovided via a userinterfacein orderto
producerealisticmotion.

2 Related Work

Animatingfrom a singlepictureor a sparsesetof picturesremains
aninterestingandchallengingproblemin computergraphics.Since
astill picturelacksthemotioninformation,researchersattemptedto
introduceprior knowledgeto achieve thephysical realism.Shinya
etal. [1999]employedphysicallybasedtechniquesandimagemor-
phingto create2D animationof plantsin an input image.Chuang
etal. [2005]simulatednaturalphenomenarelyingonphysicalmod-
els. They mainly handledthe imagescontainingpassive elements
with themotiondrivenby wind, likewater, trees,andboats.
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Figure2: An overview of oursystem.

Researchersalsocarriedout studieson navigating into the2D im-
agesvia scenereconstruction.Horry et al. [1997] let usersex-
ploretheimagein 3D by �rst obtainingamesh-basedscenemodel.
Their systemrequiresthe interactive selectionof cameraposition
andvanishingpoints. Criminisi et al. [2000] computed3D af�ne
measurementsfrom a single perspective view of a scene. They
mainly handledscenescontainingplanesandparallellines. Oh et
al. [2001] representeda sceneasa layeredcollectionof depthim-
ages,anddevelopedtheeditingoperationsfor modifyingtheshape,
colorandilluminationof theobjects.

Otherthanthephysicalrealism,techniqueshavebeendevelopedto
ef�ciently manipulatetheimageobjectsviausercontrol.Litwinow-
icz andWilliams [1994] appliedimagedeformationto create2D
animationbasedon the key-frameskeletonsprovided by the user.
Ngo et al. [2000] embeddedfree-formconstraintsinto a graphical
modelsothatuserscaneasilymanipulatetherenderedimage.Bar-
rettandCheney [2002]triangulatedamanuallyselectedobject,and
thenallowedtheuserto performinteractiveediting,suchasscaling,
stretching,bending,anddeleting. Igarashiet al. [2005] presented
an interactive systemthat deformsa 2D shapeby moving several
verticesasconstrainedhandles.Their work wasfurther improved
by Schaeferetal. [2006] to createfastdeformation.

Our approachdoesnot rely on physicalmodelingor geometryre-
constructionto simulatecomplex animal motions. Instead,we
makeuseof themotionsnapshotsembeddedin theimage,andorder
themto synthesizea realisticmotion sequence.For motion infer-
ence,our work is somewhat relatedto video texture [Schödl et al.
2000][Soattoet al. 2001][WangandZhu 2003],which modelsthe
stochasticmotionfrom avideosequence,andthework of [Lin etal.
2007]which synthesizesthepartial temporalorderof thedynamic
motion from a sparsesetof images.While Lin et al.'s focusis on
naturalphenomena,suchas water, wind and �re, we emphasize
living creaturesthatexhibit essentiallyhighly regularandperiodic
motions. In addition,Schindleret al. [2007] inferredthe temporal
orderingof acollectionof imagesby estimatingthe3D structures.

3 Motion Inference
Unlikesomenaturalphenomenasuchaswaterandwind, whichare
stochasticallystationary[Chetverikov andFazekas2006], animal
motion is highly regular and repetitive. Assumingthat the input
picturecontainssuf�cient snapshots(eachcorrespondsto one in-
dividual), we recover the motion cycle by inferring the order of
thesesnapshotswith respectto time. To achieve this,we �rst inter-
actively extract the snapshotsusingGrabCut[Rotheret al. 2004],
which providesalpha-mattefor eachsnapshotaswell. Occluded
individuals are simply discarded.Then, we constructa snapshot
graphusinga shapesimilarity metric. Inferring the motion cycle
is further formulatedasdeterminingtheoptimalpathin thegraph,
basedonanobjective function.

3.1 Building Snapshot Graph

Thesnapshotgraphis acompletegraph,in whicheachnoderepre-
sentsasnapshot,andtheweightof theedgeconnectingtwo nodesis
thesimilarity measuredbetweenthetwo correspondingsnapshots.
An exampleis shown in Figure7(a).

The similarity betweentwo snapshotsare measuredusing shape
features.Theshapeof snapshotis representedby a setof discrete
pointsuniformly sampledon theshapecontour(Figure3(b)). We
call thesepoints the contour points. Then we employ the shape
context [Belongieet al. 2002][Mori et al. 2005],a commonlyused
shapedescriptor, to quantify the shapefeatures. This descriptor
is invariantto translation,scaling,rotation,andeven robust under
smallgeometricaldistortion,occlusionandoutliers.For eachcon-
tour point, shapecontext describesthe distribution of the relative
positionsof all the otherpoints in a spatialhistogram.As shown
in Figure3(c), we constructbins that areuniformly distributedin
log-polarspace,andthenumberof contourpointsfalling into each
bin is onecorrespondingcomponentin the resultingshapefeature
vector. Thefeaturevectorsof all coutourpointsarethencombined
togetherto describetheshape.

(a) (b) (c)

Figure3: Shapefeatureextraction. (a) a snapshotimage,(b) the
sampledcontourpoints, and (c) the shapecontext using the log-
polarhistogramto computethedistributionof therelativepositions
of all theothercontourpointsto thereferencepoint.

The shapesimilarity betweentwo snapshotsSk andSl is further
measuredby consideringthedistancesfrom Sk to Sl andfrom Sl

to Sk , respectively [Belongieet al. 2002]. This symmetricmea-
surementis morestable.Theformulationis givenby

D (Sk ; Sl ) =
1
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jj f i � � h j jj ; (1)

whereM k (M l ) is thetotalnumberof contourpointsof Sk (Sl ); f i

(h j ) is the shapecontext featurevectorfor the i -th (j -th) contour
point on Sk (Sl ). Thej � -th contourpoint on Sl correspondsto the
i -th contourpoint on Sk , wherej � = argminj jj f i � h j jj . Simi-
larly, i � = argmini jj f i � h j jj . This metric is simplebut accurate.
Figure4 shows thequeryresulton snapshotshapeusingthis met-
ric. Obviously, smalltopologicalshapechangescanbesuccessfully
handled.

Theabove shapesimilarity metric,however, may�nd semantically
incorrectcorrespondingpoints due to the self-occlusionof limbs
for someanimalsasviewedfrom certainviewpoints.For instance,
theelephantsnapshotsin Figures5(a)& (c) have very similar sil-
houettes,but in facttheleft andright legsareinterchanged.Hence,
the contourpoint i in Figure 5(b) may be incorrectly associated
with the contourpoint j �

1 in Figure5(d) ratherthan the semanti-
cally correctcontourpoint j �

2 . This problemcould be potentially
solvedby usingthe techniqueof humanbody trackingandrecon-
structionfrom single camera[Sminchisescu2006] [Agarwal and
Triggs 2005][Agarwal 2006]. However, mostexisting techniques
adoptlearning-basedstrategiesthatrequirea largetrainingset,and
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Figure4: Shortlistsof snapshotquery. The�rst columnshows the
querysnapshots,andthe restcolumnsshow the closestsnapshots
with decreasingshapesimilarity from left to right.
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Figure5: Handlingself-occlusion.(a) snapshot1 and(c) snapshot
4 have very similar shapecontours. The contourpoint i in snap-
shot1 maybe incorrectlyassociatedwith thepoint j �

1 in snapshot
4. To handlethis problem,we manuallydraw auxiliary contours
(in dashedlines) to eliminatetheambiguity, andcolor-codeall the
contoursto indicatewhich two legs areon the sameside. Finally
thecorrespondingpoint j �

2 canbelocatedcorrectly.

the3D posesthey usedareeven from motioncapture.Thus,their
works arenot applicablein our case.In orderto tacklethis prob-
lem,we introduceauxiliary contoursto eliminatetheambiguityon
shapecontour. Auxiliary contoursareassignedinteractively by user
in theoccludedregions,for example,thedashedlinesonthebound-
ariesof theelephantlegs(Figures5(b) & (d)). We alsocolor-code
thecontoursto provide thecorrespondence.Here,we useredand
greencolorsto labellegsondifferentsides.Whencomputingshape
distance,we matchthe pointsonly on the contourswith the same
color. In this way, we canavoid the shapeambiguity. Note that
suchauxiliarycontoursarenotalwaysneeded.In all ourexamples,
only theelephantexamplerequiresthis treatment.

3.2 Reconstruction of Motion Cycle

The questionnow is on how to reconstructthe motion cycle with
thesnapshotgraph.Recallthebasicassumptionthattheinput pic-
turecontainssuf�cient numberof snapshotsto form themotioncy-
cle. Intuitively, we want the reconstructedmotion cycle to cover
distinct motion statesand representsmoothmovement. There is
no needto make useof all snapshotsto form themotioncycle, as
somesnapshotsaretoo similar to beusefulandsomeareoutliers.
Instead,we �nd an optimal pathin the snapshotgraph,which we
call themotionpath, thatcorrespondsto themotioncycle. To ap-
proximatesmoothandnaturalmotion,theadjacentsnapshotsonthe
motionpathshouldbeclosein shape.To cover the importantmo-
tion states,the snapshotson the motion pathshouldbe asdistinct
aspossible.Ideally, thesnapshotsareuniformly sampledfrom the
motioncycle. Theserequirementsleadto ourobjectivefor optimiz-
ing threefactors:local similarity, globaldistinction,andsampling
uniformity.

If we denotethe total numberof snapshotsasN , themotionpath
of snapshotsasan orderedset I = f I i g, whereI i is a node(or
snapshot),andthe pathlength(the numberof nodes)asL � N ,

thenthelocal similarity is de�nedasthemeanof all shapedistances
betweenadjacentnodeson thepath:

Cs = � � E(f D (I i ; I i +1 )g); (2)

where D (I i ; I i +1 ) is evaluatedby Equation 1, and E(�) com-
putesthe meanvalue. The normalizationfactor � is set to be
max(D (Sk ; Sl )) , the maximumdistancebetweentwo snapshots
in the graph. Samplinguniformity is measuredby the varianceof
the shapedistancesbetweenany two adjacentnodeson the path,
andis givenby

Cu = Var(f D (I i ; I i +1 )g); (3)

whereVar(�) evaluatesthe variance.Finally, global distinctionis
measuredby themeanof thedistancesbetweenany two nodeson
thepath,which is formulatedas

Cd = � �

P
i

P
j ;j 6= i D (I i ; I j )

L � (L � 1)
: (4)

Basedontheabovethreeterms,themotionpathI is foundby min-
imizing thefollowing energy function:

C(I ) = Cs + � 1Cu + � 2(1 � Cd ): (5)

Thecoef�cients areempiricallysetas� 1 = 2:5 and� 2 = 0:5. We
solve this discreteoptimizationproblemusingsimulatedannealing
on the graph,and the path length L is automaticallydetermined
during the optimizationprocess(refer to AppendixA). Note that
althoughwe employ the simulatedannealinghere,other discrete
optimizationtechniques,suchassomeML techniques,mayalsobe
applicable.

(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.

Conceptually, we canclassifyanimalmotion into two types: full-
cycle motion and half-cycle motion. Full-cycle motion contains
completelydistinct statesin the cycle. The walking of mammals
usuallybelongsto this type.For example,in elephantmotion(Fig-
ure 6(b)), onepair of diagonallegs moves �rst in the upperhalf
cycle (from the left to the right greennodes),while anotherpair
of legs moves in the lower half cycle. In contrast,if the motions
of two half cyclesaremirroredto eachother, we call this type of
motion thehalf-cycle motion. Onetypical exampleis the �apping
of birds (Figure6(a)),wherethe motion of up-swinghalf cycle is
mirroredto themotionof down-swinghalf cycle. So it is obvious
that a full-cycle motion correspondsto a closedpathin the graph
while thehalf-cyclemotioncorrespondsto anopenpath.

To determinethemotionpath,we �rst automaticallydeterminethe
two extremalnodes(the greennodesin Figure6) by �nding two
nodeswith maximalshapedistance.For half-cycle motion,theex-
tremalnodesareusedasthestartandendnodesof themotionpath
in thesnapshotgraph. For full-cycle motion,we furtherconstrain
that the motion pathshouldpassthroughthe two extremalnodes.
Figure7(a) shows the motionpath(the solid black line segments)
of seabirdsin Figure11(a).Notethatsomeoutliersnapshots,which
aresubstantiallydifferentfrom others,mayexist andbeselectedin-
appropriatelyastheextremalnodes.To remove theoutliers,weas-
sumethattheoutliersnapshotsshouldnotdominatethesetof snap-
shots,andthatthedistancesbetweensnapshotsconformto aGaus-
siandistribution, N (�; � 2). Whentheminimal distancefrom one
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Figure7: (a) Giventhesnapshotgraph,we searchthemotionpath
(thesolidblackline segments).Node5 is detectedasanoutlier. We
alsoconnectthe restof the nodes(in blue) to the motion pathfor
lateranimationby constructinga spanningtree. (b) Anchoringthe
walking elephant.For frame58, two diagonalfeetarelinkedwith
redandgreenlines.Theanchorpoint is indicatedby thebluedot.

snapshotto theothersnapshotsexceedsthethreshold� = � + c� � ,
this snapshotis removed asan outlier (e.g.,the dark gray nodein
Figure7(a)).Empirically, wesetc = 2:0.

It seemsthat the reconstructionof motion cycle canbe solved by
taking the shortestpath betweentwo extremal nodes. However,
�nding shortestpathonly guaranteesthesmoothnessof recovered
motion,but will notguaranteesuf�cient distinctionamongdifferent
snapshots.Hence,someimportantsnapshotsmay be misseddur-
ing the motion path reconstruction.Anotherpotentialsolution is
thedimensionreductiontechniquein which themulti-dimensional
shapefeaturevectorsareprojectedonto1D spacefor determining
the cycle. However, even small errorsin the reductionmay yield
signi�cant errorsin theorderingof snapshots.We have testedboth
theshortestpathanddimensionreductionapproaches,but bothgive
unsatisfactoryreconstructionresults.

4 Consistenc y Re�nement
As the snapshotsare actually different individuals, morphingdi-
rectly amongthemmayyield unnaturalandinconsistentanimation
results. To allow smoothtransitionamongorderedsnapshots,we
re�ne threekinds of consistencies:poseconsistency, morphology
consistency, andappearanceconsistency. For the animatedillus-
tration of the consistencyissue, readers are kindly referred to the
supplementaryvideo.

4.1 Pose Consistenc y

Sincethe individualsarecapturedin differentposesrelative to the
camera,we�rst “normalize” themsothatthey sharethesamescale
andorientation.Although the shapedescriptorin previous stepis
scale,rotation,andtranslationinvariant,the snapshotsarenot yet
normalized. Without loss of generality, the �rst snapshotin the
orderedsequenceis usedasthereferencefor normalization.In our
image-basedsystem,thenormalizationcanbedoneby estimating
2D af�ne transformationsbetweensnapshotposes.

To achieve this, we �rst establishthecorrespondencebetweenthe
contourpoints on every two adjacentsnapshotsby shapematch-
ing [Belongieet al. 2002]. Then,for eachcontourpoint q1 on the
�rst snapshot,its correspondingpoint qk on thek-th snapshotcan
belocatedaccordingto thecorrespondencedeterminedfrom shape
matching.Theaf�ne transformationT1;k betweenthe�rst andthe
k-th snapshotcanbe solved from the correspondingpointsusing
leastsquare.

Dueto thenon-rigidshapedeformationof thecapturedsnapshots,
wecannotsimplyuseall thecontourpointsfor estimatingtheaf�ne
transformation.Instead,we only utilize thecontourpointsthatare
relatively stable(lessdeformedduring themotion) for estimation,
e.g.,thecontourpointson theheadandthetail of bird, or thecon-

Snapshot 1 Snapshot 9 Snapshot 11 Snapshot 7

(a) partial motion sequence

(b) wi th pose normal ization

(c) wi th morphological regression

(d) wi th appearance adjustment

Figure8: Consistency re�nement. (a) shows the �rst 4 snapshots
of theorderedsequence.(b) Thesnapshotposesarenormalizedin
scaleandorientation.(c) Morphologyconsistency in thesequence
is furtherre�ned. Notethattheperturbation(drawn in theblueline)
becomesmoresmoothafter regression.(d) Color variationis also
suppressedin theappearanceconsistency re�nement.

tour pointson theheadandthebackof elephant.To identify those
points,userscaninteractively circleonthe�rst snapshotandobtain
a setof stablecontourpointsQ1 . Then,our systemautomatically
identi�es the correspondingstablecontourpointsQk on the k-th
snapshotvia thecorrespondencefrom shapematching.Theaf�ne
transformationT1;k is thensolvedfrom thesecorrespondingstable
contourpoints.After theestimation,snapshotsare“normalized”in
termsof poseby applyingtheaf�ne transformations(Figure8(b)).

4.2 Morphology Consistenc y

Evenafterposenormalization,thesnapshotsmaystill suffer from
local shapeinconsistency due to the morphologicaldifferenceof
individuals.Morphingamongthemmayleadto unnaturaltemporal
perturbationasdepictedby thebumpy blueline in Figure8(b). To
solve this problem,we applya regressionprocesson thetrajectory
of thecorrespondingcontourpointsto smoothenout theperturba-
tion. Here,we assumethat suchtrajectoryconformto a B-spline
curve,which is parameterizedby

P(t) =
mX

j =1

~Pj bj ;s (t); t 2 [0; 1]; (6)

wherem is thenumberof controlpoints ~Pj , andbj ;s (t) is thej -th
B-splinebasisfunctionwith orders. Speci�cally, weuseonepiece
of uniform cubic B-spline,andsetm = min(15; n=2), wheren
is thenumberof snapshotsin theorderedsequence.TheB-spline
regressioncan thenbe formulatedasa leastsquareminimization
problem:

min
nX

i =1

kP(t i ) � P̂i k
2
; (7)

whereP̂i is the contourpoint on the i -th snapshotin the ordered
sequence,andt i 2 [0; 1] is theB-splineparametervaluesetto the
i -th snapshot.To ensurea consistenttemporalorderof regression,
theparametervaluest i shouldbemonotonicincreasing(t i < t i +1 )
with respectto the snapshotorder in the sequence.In addition,
thedifferencesin valueareproportionalto thecorrespondingshape
distances,i.e., t i +1 � t i / D (I i ; I i +1 ).

Theminimizationreturnsoptimalcontrolpoints ~Pj of theB-spline
curve. However, whenthereareoutlier contourpointson the tra-
jectory, theB-splineapproximationmaybeerroneous.Hence,iter-
ative re-weightedleastsquare(IRLS) is usedfor estimation,which



is robustto outliersanddoesnotover-suppressthetrajectory. With
the estimatedB-splinecurve, we replaceP̂i with P(t i ). This en-
suresa smoothtransitionamongsnapshotswith consistentorder
(depictedasthe blue line in Figure8(c)). The sameregressionis
appliedto all thecontourpoints.Equivalently, we canregardP̂i as
a high dimensionalvectorcontainingelementsof 2D coordinates
of all the contourpointsduring the regression.Although we may
useconvolution methodsto suppresstheperturbation,they arenot
ableto removeoutlierswhile maintaininga reasonabletrajectory.

So far, we only smoothenthe trajectoriesof contourpointson the
shapeboundary. To smoothlyadjustthe interior pointswithin the
shapes,we apply thin-platespline (TPS)mappingon eachshape
accordingto the correspondencebetweenP̂i and P(t i ) (refer to
AppendixB). Figure9 superimposesthesnapshotsto comparethe
resultswith andwithout suchB-splinebasedregressionin (b) and
(a), respectively. The original bumpy trajectoryis now smoothed
aftertheregression.

(a) wi thout regression (b) wi th regression

Figure 9: Morphology consistency. (a) shows the superimposed
snapshotswithoutregression.Thetrajectoryof contourpoints(con-
nectedwith blue line) is bumpy. (b) shows theresultingsnapshots
with theshaperegression.Notethatthetrajectoryis now smoothed.

4.3 Appearance Consistenc y

Thesnapshotsarenow consistentin termsof poseandmorphology,
but their appearance(color and texture) may still be inconsistent
from eachotherdueto the differenceof individuality. In orderto
solve this, we selectthe �rst snapshotasthe referenceand“trans-
fer” the appearanceof the referenceto all the othersnapshots,ig-
noringtheillumination.

Transferringtheappearanceof theentirebodyof a snapshotto the
othersmay be erroneousbecauseof the self-occlusioncausedby
deformationduring motion. In orderto obtainvisually consistent
appearance,we �rst manuallymark on the referencesnapshotthe
region that is inconsistentin appearance,denotedasR1 (enclosed
by thegreencurve in Figure10). Fromobservation,theregionusu-
ally occursatplaceswith smalldeformation,andhencelesschance
of beingoccluded. Therefore,we canwarp the region R1 in the
referencesnapshotto theregionRk in thek-th snapshotusingTPS
mapping.Themappingis determinedby thecorrespondingcontour
pointsof thetwo snapshots.Finally, theregionRk (enclosedby the
orangecurve) is replacedwith the warpedR1 . The seamon the
boundaryof replacedregion is alleviatedby featheringtechnique.
Notethatthemarkedregion R1 is allowedto containmultiple dis-
joint sub-regions.

5 Results and Discussions
Oncemotioninferenceandconsistency re�nementaredone,wecan
thenanimatethemotion. Herewe �rst demonstratetheapplicabil-
ity of our methodon specieswith substantiallydifferentmotions.
Next, we illustratehow to animatethestill imagesshowing differ-
ent groupsof animals.Readers are referred to the supplementary
videofor a betteranimatedpresentation.

Rendering To renderthe animationstartingfrom a still picture,
motiontrajectoryshouldbe�rst speci�edby theuserfor eachindi-
vidual. Then,theanimationof eachindividual is synthesizedby ap-
plying TPSmorphingamongall theconsistency-re�ned snapshots.

Snapshot 1 Snapshot 9 Snapshot 11
Find

corresponding
regions

Warp and replace

Figure10: Appearanceconsistency. The appearance-inconsistent
region(enclosedby thegreencurve)is �rst manuallyselectedin the
referencesnapshot.Thenthe selectedregion is warpedto replace
thecorrespondingregionin othersnapshots(enclosedby theorange
curve).

The TPS morphing is implementedon GPU to reachinteractive
rate.The�nal animatedsequenceis createdby blendingtheanima-
tion of eachindividualwith abackgroundimageor avideo.Motion
blur effect is alsoaddedin the �nal animationusingthe technique
of [Brostow andEssa2001]. In addition,userscanfurthercontrol
theanimation,suchaschangingthespeedof themotion,adjusting
thescaleandtheorientationof eachindividual during themotion,
in orderto re�ne theanimation.

However, certainmotionmayneedadditionaltreatment,for exam-
ple, themotionof walking, like thatof anelephantor a dog.There
shouldbeonemoreconstraintapplied. Their feet touchingon the
groundmustbeanchoredon thegroundduringthemotion. Other-
wise,odddrifting artifactmayoccur. Hence,weneedto determine
theanchorfeetfor eachrenderedframe.In theexampleof elephant
in Figure7(b),we �rst computethedistancebetweentwo diagonal
feet, asdenotedby D r (the red line) andD g (the greenline), re-
spectively. Then,for every two adjacentframesk andk + 1, we
computethe changesof D r andD g . The diagonalfeet with less
changeareidenti�ed in framek. Thenthetip of thebackfoot (blue
dot)of theidenti�ed diagonalfeetis chosento anchortherendered
animalin theframe.

Motions of Diff erent Species To verify theeffectivenessof our
motioninferenceondifferentspecies,weshow theinferredmotion
of birds (Figure 1(a) and Figure 11(d)), elephants(Figure 1(b)),
loaches(Figure11(e)),andtortoises(Figure11(f)). Themotionsof
birdsandloachesarehalf-cyclewhile themotionsof elephantsand
tortoisesarefull-cycle.

Given the input pictureof a �ock of birds in Figure1(a), we ex-
tract 30 snapshotsin total, in which 13 snapshotsareusedin the
reconstructedhalf-cycle motion. A full motion cycle after mor-
phing amongthe orderedsnapshotsis shown on the left side of
Figure1(a). Anotherexampleof a �ock of birds is shown in Fig-
ure11(a),where7 outof 11snapshotsareselectedto form thehalf-
cycle motion. The swimmingmotion of loaches(Figure11(b)) is
representedby 9 orderedsnapshots.Thereconstructedmotionsfor
thesetwo examplesaredemonstratedin Figures11 (d) and(e), re-
spectively. The input pictureof elephantexamplecontains7 valid
snapshots,and6 out of themareselectedto form the full cycle of
themotion(Figure1(b)).

Ourmethodalsoallowstheuserto takemultiplestill picturesof the
samespeciesasinputpictures,soasto providesuf�cient snapshots.
The major criterion is that individuals from differentpicturesare
taken with similar viewing perspectives. Figure 11(c) shows the
threeinputpicturesfor inferring themotionof tortoises.

Timing Statistics The proposedsystemwas implementedon a
PCequippedwith Xeon(TM)CPU3.73GHz,3GBsystemmemory,
andnVidia Geforce8800GTX GPUwith 768MB videomemory.



(a) a flock of seabirds (b) a shoal of l oaches

(d) animated motion of seabirds

(e) animated motion of l oaches

(c) input pictures of tortoises

(f ) animated motion of tortoises

Figure11: Theanimatedmotionsfrom asingleor multiplepictures.

Table1 summarizesthetiming statisticsof all theexamplesusedin
this paper. Theprocessingtimesfor differentpartsof our system,
including the approximatetime for user interaction,are listed in
differentcolumnsin the table. Fromthetable,we canseethat the
wholeprocessingtimecanbesplit into two parts:thetimewith user
interactioninvolved,andthetime for fully automaticprocessing.

The total time for user interaction(column 7 in Table 1) is not
more than 6 minutesfor all our examples. Note that the most
time-consuminguserinteractionis thesemi-automaticextractionof
snapshots.Thetimefor circling thestablecontourpointsandmark-
ing theappearanceinconsistentregionsis usuallysmallasthey are
only requiredon the �rst snapshot. Auxiliary contoursare only
neededfor theexampleof elephants.

On theotherhand,thetotal time for automaticprocessingis much
smaller. The motion inferenceis ef�cient and requiresonly 7 to
35seconds,eventhoughweadoptedsimulatedannealing.Thecol-
umn “rendering” only shows the processingtime for synthesizing
onesingleindividualin asingleframe,andthetotaltimefor render-
ing thewholeanimationsequencedependson both thenumberof
framesandthe numberof individualsusedin the �nal animation.
The fastrenderingis achieved via a GPU implementationof TPS
mapping.

Animating from Still Finally, weshow anapplicationof animat-
ing agroupof animalsstartingfrom their initial posesandpositions
in theinputstill picture.To achievethis,we�rst completetheback-
groundafter snapshotextraction,usingexample-basedinpainting
algorithm [Criminisi et al. 2003]. Then,we createa motion se-
quencefor eachindividualbasedonthesnapshotgraph.Recallthat
notall thesnapshotsareselectedin themotionpath.Thus,thesnap-

(a)

(b)

Figure12: Animatingfrom initial posesof individuals.(a)thespan-
ningtreeof half-cyclemotionand(b) thespanningtreeof full-cycle
motion. The left columnshows whenthenodeof individual is on
the motion path (solid gray node). The right column is the case
whennodeof individualsarenot on themotionpath(hollow gray
node).

shotsthatarenot in themotionpathcannotbeanimateddirectly. In
order to createa motion sequencestartingfrom thesesnapshots,
we needto constructa spanningtree(Figure7(a)) in thesnapshot
graph.

The spanningtree is constructedbeginning with the motion path.
Then,theentirespanningtreeis constructediteratively by selecting
the nodein the remainingnodeset (blue dots) with the minimal
distanceto its nearestnodein thecurrentspanningtree.As shown
in Figure7(a), the red nodesareon the motion pathandthe blue
nodesareselectediteratively to form thespanningtree.

Basedon the spanningtree,animationcanbe createdfor eachin-
dividual. For half-cycle motion, if the individual is on themotion
path(the solid black line segmentsin Figure12), we traversethe
pathbackandforth betweenthetwo extremalnodesto generatethe
motion sequence.If the individual is not on the motion path,we
�rst �nd the shortestpathfrom the initial node(the individual) to
the motion pathin the spanningtree. Thenwe traversealongthe
shortestpathto the motion path. Finally we keeptraversingback
andforth againonthemotionpathto generatethemotionsequence.
Thetwo casesareillustratedin Figure12(a).Full-cyclemotioncan
beachievedsimilarly, exceptthatthemotionpathis alreadya loop
(Figure12(b)).

Oncethemotionsequenceis obtainedfrom thesnapshotgraph,we
performconsistency re�nementandTPSmorphingto generatethe
�nal animation.Figure13showsafew framesof animatinganimals
from theinputstill pictures.

Limitations In oursystem,all themotionsnapshotsmustbecap-
turedin similar viewing perspectives,andtheremustbesuf�cient
snapshotsto cover theimportantstatesof themotioncycle. Dueto
the lossof temporalinformationandthe lack of prior knowledge,
the systemrelieson usersto tell whetherthe animalmotion is in
half-cycle or full-cycle. In addition,sincewe usethe image-based
approach,the currentappearanceconsistency re�nementmay not
bephysicallycorrect.Nevertheless,evenwith theselimitations,vi-
suallyplausibleresultsareobtained.

6 Conc lusion
In this paper, we animatea still pictureof ananimalgroup. Based
on the observation that the motion snapshotsof the samespecies
canbecapturedin astill picture,weproposeto infer themotioncy-
cle of theanimalsfrom thedisorderedsnapshots.Theinferenceis
formulatedas �nding an optimal path in the snapshotgraph. To
avoid inconsistenciesduring the animation,we ensurethe pose,
morphology, and appearanceconsistencies.Although we do not
usea physical model,convincing animalmotionsareobtainedas
demonstratedby theanimationresultsof specieswith substantially



Figure13: Animationfrom thestill picturesin Figure1.

User Interaction Automatic
Total snapshots

/snapshots in cycle
/snapshot resolution

Snapshots
extraction

(A)

Drawing
auxi l iary
contours

(B)

Circl ing
stable

contour points
(C)

Marking
appearance

inconsistent regions
(D)

Total time
of user intervention
(A)+(B)+(C)+(D)

Motion
inference

Consistency
ref inement

Rendering
(single morphed

snapshot)

Bi rd1 (Fig. 1(a)) 30 / 13 / 174×174 ~5mins ~30s ~30s ~6mins 35s 17s 0.024s

Bird2 (Fig. 11(a)) 11 / 7 / 175×175 ~2mins ~30s ~30s ~3mins 7s 5s 0.016s

Loach (Fig. 11(b)) 15 / 9 / 500×500 ~3mins ~30s ~30s ~4mins 13s 158s 0.76s

Tortoise (Fig. 11(c)) 10 / 9 / 500×500 ~2mins ~30s ~30s ~3mins 13s 108s 0.78s

Elephant (Fig. 1(b)) 7 / 6 / 290×290 ~2mins ~2mins ~30s ~30s ~5mins 13s 24s 0.31s

Table1: Timing statisticsfor all theexamplesusedin thispaper. In thesecondcolumn,the“total snapshots”refersto thenumberof snapshots
extractedfrom theinputpicture.The“snapshotsin cycle” refersto thenumberof snapshotsselectedfor reconstructingthemotioncycle.

differentmotionbehaviors.

An automaticmethodfor handlingself-occlusionproblemis worth
further investigation. Theappearancetransferfrom oneindividual
to anothershouldalsobe investigatedin the future to improve its
robustness.In addition, inferenceon non-cyclic motion may also
beworthwhilefor furtherstudy.

Appendix A: Motion Cycle Optimization

Algorithm 1 presentsthe pseudo-codeof motion-pathoptimiza-
tion. Themotionpathcontainsat leasttwo extremalnodesin snap-
shot graph. During eachiteration, we randomlygeneratea new
pathin the graph,which is associatedwith a valid pathlengthL .
Basedon the energy function (Equation5), the new path is ac-
ceptedor rejectedaccordingto anannealingstrategy [Pepperet al.
2002]. To guaranteea stableconvergence,a certainnumberof it-
erations(K ) is setat temperatureT beforethenext annealingpro-
cess. In our implementation,we set T0 = 50; 000, K = 500,
Anneal F actor = 0:992, andl imit = 0:01. It takeslessthan35
secondsto searchthe motion patheven for the bird examplewith
30snapshots(Figure1(a)).

Appendix B: TPS Mapping

Thin-platespline(TPS)mapping[Bookstein1989]is themodeling
of deformationof biologicalshapechange.Dueto theenergy min-
imizationproperty, TPSintroduceslessdistortionandhenceoffers
high visualquality in imagewarping. WhenTPSis appliedto im-
agewarping,n pairsof correspondingcontrol pointsbetweenthe
sourceimage(f (x i ; yi )g) andthewarpedimagef (x0

i ; y0
i )g should

be�rst speci�ed.Then,theTPSmappingis de�ned asfollows,

x0 = f x (x; y) = a1 + ax x + ay y +
nX

i =1

� i � (jj (x i ; yi ) � (x; y)jj );

(8)

y0 = f y (x; y) = b1 + bx x + by y +
nX

i =1

� i � (jj (x i ; yi ) � (x; y)jj );

(9)
where(x; y) is thepoint in thesourceimageand(x0; y0) is thecor-
respondingpoint in thewarpedimage;� (r ) = r 2 log r is theradial
basisfunction; jj � jj is theEuclideandistanceoperator;a1 , ax , ay ,
� i , b1 , bx , by , and� i aretheparametersto bedetermined.To solve
the mapping,two setsof extra constraintsareenforced:

P
� i =P

� i x i =
P

� i yi = 0, and
P

� i =
P

� i x i =
P

� i yi = 0.
Then,weareableto obtaintwo linearsystems.Oncetheunknowns
aredetermined,we canwarpotherpointsin thesourceimagewith
themappingsf x (x; y) andf y (x; y).

An exampleof imagewarpingis given in Figure14. Figure14(a)
shows thesampledcontourpoints(bluecrosses)in thesourceim-
age(Figure14(b))andtheir correspondingpoints(reddots)in the
warpedimage. Figure 14(c) is the result by warping the source
imageaccordingto the correspondencein (a). It is obvious that
TPSmappingnotonly maintainstheshapecontourbut alsocreates
smoothandconsistentwarpedcontentin theinterior region. Based
on thewarping,imagemorphingbetweentwo motionsnapshotsis

(a) (b) (c)

Figure 14: TPS mapping. (a) shows the sampledcontourpoints
(blue crosses)in the sourceimageandtheir correspondingpoints
(reddots)in thewarpedimage.(b) is thesourceimage.(c) shows
theresultby TPSwarping. Note thatnot only theoutlinebut also
theinterior region is naturallywarped.



then achieved by blendingthe result from warping one snapshot
towardsthe intermediatepositionandthat from warping the next
snapshottowardstheintermediateposition.

Algorithm 1: Pseudo-codeof motioncycleoptimization
chooseapathlengthL
generateaninitial pathI L with lengthL
choosea temperatureT = T0 > 0
Cold = C(I L )
Loop ( T > limit )

Loop (K times)
chooseanew pathlengthL
generateanew pathI L

Cnew = C(I L )
� C = Cnew - Cold

if � C � 0, acceptnew path
elseif exp(� � C=T) � r and(0; 1), acceptnew path
elserejectnew path
T = T � Anneal F actor
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SCHÖDL , A., SZELISKI , R., SALESIN, D. H., AND ESSA , I .
2000. Video textures. In Proc. ACM SIGGRAPH2000, 489–
498.

SHINYA , M., AOKI , M., TSUTSUGUCHI , K., AND KOTANI , N.
1999.Dynamictexture:physicallybased2D animation.In Proc.
ACM SIGGRAPH1999, 239.

SMINCHISESCU, C. 2006.3D humanmotionanalysisin monocu-
lar videotechniquesandchallenges.In Proc. theIEEE Interna-
tional ConferenceonVideoandSignalBasedSurveillance, 76.

SOATTO, S., DORETTO, G., AND WU, Y. N. 2001. Dynamic
textures.In InternationalConferenceonComputerVision, 439–
446.

WANG, Y., AND ZHU, S.-C. 2003. Modeling texturedmotion:
Particle,wave andsketch. In Proc. the 9th IEEE International
ConferenceonComputerVision(ICCV)2003, 213–220.


