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Figure 1: Comparedwith thestate-of-the-art in deformableimage registration, our novel approach reachesplausibleresultsevenfor chal-
lengingcon�gurationsundergoinglargeamountsof free-formdeformationandnotablechangesin appearance.

Abstract

We presenta new approachto deformableimageregistrationsuit-
ablefor articulatedimagessuchashand-drawn cartooncharacters
and humanpostures. For suchtype of datastate-of-the-arttech-
niquestypically yield undesirableresults.We proposea novel ge-
ometricallymotivatediterativeschemewherepointmovementsare
decoupledfrom shapeconsistency. By combininglocally optimal
block matchingwith as-rigid-as-possibleshaperegularization,our
algorithmallows us to registerimagesundergoing large free-form
deformationsandappearancevariations.We demonstrateits prac-
tical usabilityin variouschallengingtasksperformedin thecartoon
animationproductionpipeline including unsupervisedinbetween-
ing, example-basedshapedeformation, auto-painting,editing,and
motionretargeting.

CR Categories: I.4.3 [ImageProcessingandComputerVision]:
Enhancement—Registration;I.3.4 [ComputerGraphics]:Graphics
Utilities—Graphicseditors;J.5[ComputerApplications]:Arts and
Humanities—Finearts

Keywords: deformableimageregistration, as-rigid-as-possible
deformation,interactiveshapemanipulation

1 Intr oduction

In atraditionalcartoonanimationeachanimationframeis drawn by
handsothatthecorrespondencesbetweenthemareunknown. Such
a drawbackconsiderablylimits theusageof traditionalapproaches
in recentcomputer-basedanimation systems,wheretheknowledge
of correspondencesbetweenindividualkey-framesplaysanimpor-
tantrole.

� e-mail: sykorad@cs.tcd.ie

Obtaining correspondencesautomatically is a challenging task
sinceeachhand-drawn imageis uniqueand typically undergos a
large amountof free-formdeformationandnotablechangein ap-
pearance.In thiscontext popularcomputervision techniquesbased
on local similarity [Lowe 2004]or globalcontexts [Belongieet al.
2002] fail sincethey rely on unique local featuresor stableglobal
con�gurations. Although suchfeaturesare typical for real world
photographsthey arerare in hand-madedrawings. Moreover, the
aforementionedtechniquesprovide only isolatedpoint correspon-
dencesanddo not considerglobalconsistency. Thus,they caneas-
ily leadto spatiallyinconsistentmapping.

A morepowerful approachto thisproblemisdeformableimagereg-
istration[Maintz andViergever1998;Modersitzki2004;Gholipour
et al. 2007] which allows the retrieval of densecorrespondences
betweenimagesandsimultaneouslymaintains spatialconsistency
of the resulting mapping. It is typically formulatedas a non-
linearoptimizationproblemwherea prede�nedenergy function is
minimizedthroughsomeestablishednumericaloptimizationtech-
nique[Klein et al. 2007]. However, therearetwo key dif�culties
which make thesolutionchallenging:(1) non-convexity of theen-
ergy function and (2) sensitivity to outliers (i.e. appearancevari-
ationsthat do not �t the selecteddeformationmodel). To over-
comethese,aninitial guesscloseto the globalminimais required.
It canbe obtainedthroughvariousheuristicssuchas the popular
multi-scaleapproach[LucasandKanade1981]or by usinga hier-
archy of deformationmodels[Bergenet al. 1992]. Unfortunately,
for largedisplacementsor appearancevariations,eventheseheuris-
ticsyield erroneousresults.This fundamentalproblemhasbeenre-
centlyaddressed by techniquesthatattemptto minimizetheenergy
not through the iterative numericaloptimization, but directly via
discretelabelling [Glocker et al. 2008; Shekhovtsov et al. 2008].
Theseare built upon recentadvancesin algorithmsfor inference
from random�elds [Szeliski et al. 2008]which allow fastapprox-
imatesolutionsto non-linearproblemswith effective avoidanceof
localminima.Nevertheless,they still donotaguaranteeglobalop-
timum(sincetheproblemis NP-hard)andbecomecomputationally
intractablefor large displacementsdue to signi�cantly increasing
numberof labels.

In this paperwe developa new approachto deformableimagereg-
istrationwhich addressesthe issueof local minima andis ableto
reacha desiredposeeven from large initial displacementsor no-
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Figure 2: Deformableimage registration in progress– wewantto registera straight stripe(�lled with transparentcolor andembeddedin a
square lattice) with its S-shapedcounterpart�lled with light bluecolor (column0). In each iteration (columns1–4)two stepsare repeated:
pointsare �r st pushedtowards locationswith minimal visual differencewithout consideringshapeconsistency(left) and thenthe shapeis
regularizedusinga variant of as-rigid-as-possibleshapematching algorithm(right). Note, howtheshapegraduallyapproachesthedesired
con�guration.

tablechangesin appearance.It is inspiredby thesuccessof recent
work in real-time simulationof deformableobjects[Müller et al.
2005; Rivers and James2007], wherepoints are pusheddirectly
towardsdesiredpositionsandthenas-rigid-as-possibleshapereg-
ularizationis usedto ensureconsistency of the original shape.In
our case,pointsarenot in�uencedby gravity or inertial forces,but
insteadattractedto locationswith minimalvisualdifference.A key
bene�t of thisnew approachlies in thefactthattheaforementioned
shifts can be arbitrary and only the shaperegularizationensures
consistency. This is the fundamentaldifferenceto numericalop-
timization where incrementalshifts are predictedby minimizing
locally linearizedversionof the energy function, which typically
leadsto aninappropriatelocalminima.Ournew techniqueis closer
to theapproachesbasedondiscreteoptimizationin thesenseit can
recover from inappropriate local minima andleadto more plausi-
ble results.However, thekey differenceis thatwedo notminimize
anenergy functionbut insteaduseageometricallymotivatedshape
regularizationschemewhich preserveslocal rigidity anddoesnot
requirecomputationallydemandingdiscreteoptimizationinappli-
cableto largeinitial displacements.

Sinceourwork is mainlymotivatedby theneedsof thecartoonan-
imationproductionpipeline,wedemonstratethepracticalusability
of our new algorithmin this context. We show how it canreduce
theamountof manualwork in taskssuchasinbetweening,painting,
retargeting,shapedeformation,andreusingtraditionalanimation.
We believe that theseexamplesdemonstratethepracticalpotential
of ournew techniqueandwill motivatedevelopersof recentprofes-
sionalcartoonanimationsystemsto incorporateour techniqueasa
versatilebuilding blockapplicableto variouspracticalscenarios.

The rest of the paper is organizedas follows. First we brie�y
overview relatedwork andanalyzekey drawbackswhichmotivated
us to developa new approach.Thenwe describetheproposedal-
gorithmin moredetailanddiscussits strengthsandlimitations.Fi-
nally we demonstrateits practicalusability in the context of the
cartoonanimationproductionpipeline and concludewith several
ideasfor futurework.

2 Related work

Obtainingcorrespondencesbetweenhand-drawn imagesis a chal-
lenging task that has capturedthe attentionof many researches
within the last two decades.Xie [1995] usedsimpleaf�ne trans-
formationsto matchtwo line drawings andperformautomaticin-
betweening.Madeiraet al. [1996] pioneereda region-centeredap-

proachwheredrawings are�rst sub-divided into regionsandthen
matchedusingshapesimilarity andtopologicalrelations.This ap-
proachhasbeenlaterimprovedby severalauthorswho assumead-
ditional semantic informationaboutthe image[Kort 2002], cater
speci�cally for black-and-whitecartoons[Sýkoraet al. 2005],rely
on a hierarchy of regions [Qiu et al. 2005] or employ skeleton
matching[Qiu et al. 2008]. Their commonlimitation is that they
areapplicable only to speci�c easy-to-analyzedrawing stylesand
donotprovidedensecorrespondences.

Bregler et al. [2002]presented a moregeneralapproachin their fa-
mousframework for cartoonmotion capture.They overcomethe
problemof deformableregistrationby samplingthe spaceof pos-
sible deformationsusingas-rigid-as-possibleinterpolation[Alexa
etal.2000]andtheninferoptimallinearcombinationsof thesesam-
plesto �t thetargetpose.Althoughthisapproachworksin thecon-
text of motionretargeting,it is not applicableto ourproblemsinceit
doesnot directly provide densecorrespondencesbetweentwo ani-
mationframes.DeJuanandBodenheimer[2006]utilize densecor-
respondencesin their framework for re-usingtraditionalanimation.
However, they completelyrely on manualinitialization andre�ne
densemappingusinganexistingalgorithm[Wirtz etal.2004]based
on numericaloptimization. Recently, Xu et al. [2008] proposeda
systemfor animatingmotion from several snapshotscapturedin a
singleimage.However, sincethey rely onshapecontexts[Belongie
etal. 2002],unstableunderlargefree-formdeformations,extensive
manualinterventionis neededto identify stable features.

3 Our appr oach

Our novel approachto deformableimageregistrationstemsfrom
the successfulwork�o w recentlyusedfor dynamicsimulationof
deformableobjectsby Müller et al. [2005] and later extendedby
RiversandJames[2007]. A coreideaof this techniqueis to decou-
ple point movementsfrom shapeconsistency so that the physical
simulationcanbeapplieddirectly on points, treatingthemaspar-
ticles without consideringtheir mutualconnectivity. To keepthe
shapeconsistent,a geometricallymotivatedshapematchingphase
is thenusedto regularizepoint locations.

A key observationis thatsuchawork�o w canbringsigni�cant ben-
e�t alsoto deformableimageregistrationsince it allowsretrieval of
locally optimalshiftsandstill keepstheshapeconsistent.This is in
contrastto energy-basedapproacheswhereshiftsarelimited by the
deformationmodelwhichdoesnotallow temporaryincreaseof the
overall energy andsotypically leadsto undesirablelocalminima.
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Figure 3: A schematicoverview of theproposedalgorithm– theaim is to registera light blob (source)with its darker counterpart(target).
Thelight blobis embeddedin a squarelattice(partly visible).Thealgorithmiteratestwomainphases:push(yellowpart) & regularize(green
part). In thepushingphaseblock matching is usedto movelattice pointstowardslocationswhere a sumof absolutedifferencesover a local
neighborhood(red square) is minimal. Thenin the shaperegularizationphasetwo stepsare iterated: (1) optimal rigid transformationis
computedfor each latticesquareandthen(2) latticepointsaremovedto thecentroid of their sharedinstancesin all connectedsquares.

The only necessarymodi�cation ascomparedto the original con-
cept is to replacephysically motivatedforcesby an attractionto
locationswith visually similar neighborhood.Basedon this setup,
theresultingalgorithmis asfollows. Similarly to [RiversandJames
2007] we embedthe input imageinto a regular squarelattice re-
spectingits articulatedshapeandtheniteratetwo following steps
until a stablecon�guration is reached:

1. Push all points to locationswith minimal visual difference
(Section3.1).

2. Regularize the point locationsto keepthe shapeconsistent
(Section3.2).

Thesestepsare illustratedin Figure3 anda practicalexampleis
presentedin Figure2. Note how in eachiteration,points are�rst
pushedarbitrarily towardsdesiredlocationsand how the overall
shapebecomesmessy. Nevertheless,after regularizationtheshape
is consistentandbetter�ts thetargetpose.

In the following sectionswe describethesetwo stepsin morede-
tail, discussimplementationissues,stoppingcriteria,andpossible
limitations.

3.1 Push

Theaimof thepushingphaseis to �nd anew location for eachpoint
on theembeddinglatticethatminimizesvisualdifferencein its lo-
cal neighborhood.Sincewe arenot limited by shapeconsistency
we can utilize simple block matchingwhich guaranteesglobally
optimalshift within a prede�nedsearcharea(seeFigure3, yellow
part).Formally, theaim is to �nd a shift vectort � from searcharea
M thatminimizesthesumof absolutedifferencesoveraneighbor-
hoodN , i.e.:

t � = arg min
t2 M

X

p2 N

jS(p + t) � T(p)j (1)

whereS denotesthe sourceandT the target image. Note that in
spiteof shift optimization,the overall algorithm is not limited to
puretranslation,sinceS is slightly deformedin eachiteration lo-
cal neighborhoodsof pointsgraduallyadapt to morecomplicated
deformations.

Theimportantparametersof theblock matchingphasearethesize
of theneighborhoodjN j andthesizeof searchareajM j. In gen-
eral jN j shouldbe largeenoughto containsubstantialinformation
but alsosmallenoughto preserve locality, whereasjM j shouldal-
low attractionto further locationsbut also avoid ambiguity. The
other limiting factor is the computationaloverheadwhich canin-
creasedramaticallydueto the worst casecomplexity of the block

matchingalgorithmO(jN jjM j). If we considerthat in eachitera-
tion typically hundredsof block matchingoperationsareexecuted,
thecomplexity canbevery high evenfor smallneighborhoodsand
searchareas.However, dueto thefact thatoptimalblock positions
typically remainconstantduringmostiterationsandall othershifts
have muchhighersumsof absolutedifferences,theearly termina-
tion heuristic[Li and Salari 1995] can be usedto gain consider-
ablespeedup. Basedon this observation, we set the width of N
to 16pixelsandthewidth of M to 48pixels(providing thatimages
arein PAL resolution).This settingyieldsgood resultsboth in ro-
bustnessandcomputationaloverheadin all examplesshown in this
paper.

3.2 Regulariz e

Thesecondstepof our algorithmis a geometricallymotivatedrou-
tinethatiteratively regularizesthepointlocationssothatlocalrigid-
ity of theshapeis preserved. This is anotherimportantdifference
from state-of-the-arttechniques,which typically useelasticmodels
thatdo not preserve rigidity andproduceundesirabledeformations
whenthe initial displacementsarelargeor whenthereis a notable
variationin appearance(seeFigure1).

In Müller's original algorithm,theaim wasto �nd anoptimalrigid
transformation(rotationR� andtranslationt � ) thatmovespointsof
theoriginal shapepi 2 P so that thesumof squareddistancesto
thedesiredposeqi is minimized:

(R� ; t � ) = arg min
R;t

X

i

jR � pi + t � qi j
2 (2)

In 3D thecomputationof R� is non-linear, thuspolardecomposi-
tion is requiredto solvethisproblem.However, asshown by Schae-
fer et al. [2006], a simpleclosedform solutionexists in 2D. It can
be obtainedwhenwe computecentroidspc andqc of the source
andtargetposeandthensubstitutêpi = pi � pc andq̂i = qi � qc :
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T denotestransposition,andtheoperator? denotestheperpendic-
ularvector, i.e.: (x; y)? = (y; � x). OncetherotationmatrixR� is
known, thetranslationvectort � canbecomputeddirectly:

t � = pc � R� � qc (5)



Ourembeddinglatticeconsistsof severalconnectedsquares.In this
caselocal rigid transformationsarecomputedindividually for each
squareandthenthe global smoothingstepis usedto ensurecon-
sistency. Thissimpleextensionenablesmore�e xible deformations
andstill preserveslocal rigidity of theoriginalshape(seeFigure4).

Figure 4: An exampleof as-rigid-as-possibleimage deformation–
the original image embeddedin a square lattice (left) and its de-
formedcounterpart(right).

A similarmechanismis alsousedin thecontext of interactiveshape
deformation[Igarashiet al. 2005;Sumneret al. 2007;Botschet al.
2007;SorkineandAlexa 2007], however, thekey differenceis that
in thesetechniquesuser-speci�edpoint locationsaretreatedashard
constraintsandtheaim is to �nd anoptimaldeformationto satisfy
them. In our casewe do not have hardconstraints. Whatwe want
is to smoothout point locationsso that theshapebecomesconsis-
tent. To perform this smoothingwe exploit a very simple itera-
tiveapproachinspiredby recentwork in interactiveshapedeforma-
tion [Wanget al. 2008]. It producessimilar resultsto [Riversand
James2007]but allowssmoothcontrolovershaperigidity (seeFig-
ure3, greenpart):

1. For eachsquareon the embeddinglattice,useequations(3),
(4) and (5) to obtain (R� ; t � ) and usethis to transformits
points.

2. Move eachpoint on the embeddinglattice to the centroidof
its transformedinstancesin all connectedsquares.

Theonly differenceto theoriginal shapedeformationtechniqueis
that Wang et al. additionally simulatehard constraintsby setting
very large weightsto points that representmanipulationhandles.
In fact their algorithm is nearly identical to [Sorkine and Alexa
2007],whereinsteadof computingcentroidsasparselinearsystem
is solved.Thismodi�cation clari�es theaforementioneddifference
betweenshaperegularizationandinteractiveshapedeformation.In
ourcasenopointsare�x edthereforeaftersuf�cient numberof iter-
ationstheshapewill returnto theoriginalcon�gurationup to some
globalrigid bodytransformation. Suchbehavior is depictedin Fig-
ure 5 whereonepoint is �x ed at a different locationand thenthe
evolution of thedeformationis capturedduringseveral shapereg-
ularizationiterations.Initially theshapeis �e xible but with an in-
creasingnumberof iterations,globalrigidity is enforcedsothatthe
deformationgraduallyreducesto puretranslation. Thisis causedby
thediffusive nature of theaveragingphasewhich graduallypropa-
gatesrigidity throughthewholeshape.

Thisgradualdiffusionof rigidity hasseveralpracticalapplications.
By changingthenumberof shaperegularizationiterationswe can
smoothlyvary betweenrigid and �e xible deformation. It allows
us to implementa smoothanalogyto a hierarchy of deformation
models[Bergenet al. 1992] (seeSection3.4) andalsoone-point
interactiveshapedeformation(seeSection4).

3.3 Stopping criteri a

Although our methoddoesnot explicitly minimize prede�neden-
ergy functionwe canstill estimateplausibility of theresulting reg-
istrationby computingtheaveragesumof absolutedifferencesover
all blocksduring the block matchingphase.In Figure9 thereare
several graphplots of this average(blue curve) measuredduring
a hundrediterationsfor differentregistrationtasks. In mostcases
this valuedecreasesmonotonicallyandafter several iterationsthe
changeis negligible. However, whena partof theshapeundergoes
a large non-overlappingdeformationthe changecanbe negligible
for several iterations(seeFigure9b) andafter that period the al-
gorithmsuddenlyapproachesnew con�gurationswith muchlower
value. This is causedby the fact thatalthough a partof the image
movestowardsthe desiredposeit still remainsin an areawith no
overlapwherethesumof absolutedifferencesis nearlyconstant.To
overcomesuchambiguitywe insteadmonitor theaveragedistance
to theinitial restpose(redcurve in Figure9):

davg =
1

jP j

X

i

jjpi � qi jj (6)

Thisvalueinformsuswhetherthecontrolpointson theembedding
latticearemoving or not. We stoppush-regularizeiterationswhen
davg hasnot changedconsiderablyin thelast20 iterations.

Figure 5: Theevolutionof theshapedeformationthroughseveral
shaperegularizationiterations – onepoint is �xed at different lo-
cation (left). During the �r st iterations the shapeis �exible but
whenthenumberof iterationsincreasesthedeformationgradually
approachespure translation(fromleft to right).

3.4 Limitations

Althoughourapproachproducesgoodresultsin mostpracticalsce-
narios,therearesomelimiting factorswhich shouldbe taken into
accountsincethey canleadto unexpectedbehavior. In this section
we discussthesein moredetailandaddresshow they canbedealt
with.

Limited resolution. Sincewe embedthe imageinto a coarselat-
tice we cannotdirectly obtain pixel or even sub-pixel precision.
Although a multi-scaleextensionis possible,increasingthe num-
berof squaresmakestheoverall iterative processineffective. This
is causedmainly by an increasingnumberof block matchingin-
stancesand shaperegularizationiterations. However, the coarse
approximationproducedby ouralgorithmis typically closeenough
to the desiredposeso that classicalenergy-basedapproachescan
beutilized to re�ne theregistrationto sub-pixel precision(weusea
publicly availableimplementationof [Glockeretal. 2008]).

Occlusion and topology. The presenceof occludersand topol-
ogyvariationsin 2D projectionsof 3D articulatedobjectsis a long-
standingandchallengingcomputer vision problem. It also limits
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Figure6: Example-basedshapedeformation– by registeringseveral consecutiveanimationphases(left) a smoothsequenceof intermediate
framescanbegenerated. Thiscanbeutilized for a synthesisof new posessatisfyinga user-givenpositionalconstraint (right): thecurrent
positionof thedraggedpoint(reddot) is projected(bluedot)onits key-frametrajectory(redcurve)to retrievethecorrespondingintermediate
framewhich is subsequentlydeformedto match theactualpositionof thedraggedpoint.

theusageof ouralgorithmsinceoccludedpartsmovetogetherwith
their occludersandtopologyvariationsimposefalseconnectivity.
A possiblesolutionto this problemis to reconstructa layeredrep-
resentationof the imagewhereeachlayerhasits own depthinfor-
mationandsharescommoncontrolpointswith otherlayers.Using
thisstructureonecanperformthepushingsteponly betweenlayers
having equaldepthandthenusethe shaperegularizationphaseto
propagatethesemovementsto otherconnectedlayers.

Scaling and shearing. As our methodexploits the as-rigid-as-
possibledeformationmodel it is not able to handledeformations
whichdonotpreservelocalrigidity (suchasscalingor 3D rotation).
This limitation canbepartially reducedby exploiting anapproach
analogousto theuseof ahierarchy of deformationmodels.Initially
we cantreattheimageasmorerigid andperforma highernumber
of rigid shapematchingiterations.After that thenumberis gradu-
ally decreasedto allow more�e xible deformations.However, even
using this extension,signi�cant changesin scaleand/orshearing
arestill intractable. In caseswhensuchdeformationsarerequired
wecanswitch to adifferentlocaldeformationmodelallowing sim-
ilarity or evenaf�ne transformations.Accordingto [Schaeferet al.
2006]for similarity this canbedoneby replacing(4) with:

� =
X

i

p̂i p̂
T
i (7)

andfor af�ne transformby replacing(3) and(5) with a full af�ne
matrix:

A =

 
X

i

p̂T
i p̂i

! � 1 X

j

p̂T
j q̂j (8)

However, sincesimilarity andaf�ne modelsdonot tendto preserve
areathey arenotasstableastheoriginalas-rigid-as-possiblemodel
thereforearesuitableonly for �nal re�nementwhenthesourceand
targetposearecloseenough,otherwisethey candistort the image
considerablyandleadto unacceptableresults.

Insuf�cient overlap. A key featureof our techniqueis the abil-
ity of theblock matchingphaseto overcomecon�gurations which
correspondto local minimain energy-basedtechniques.However,
to avoid matchingambiguity, the size of searchingwindows has
to be limited. Becauseof this reason,our methodrequirespar-
tial overlapandconsistentscale& orientationbetweensourceand
target images. For imagesthat do not satisfy theserequirements
we recommendthat the initial rigid-body transformationbe esti-
matedby handor thatsomeautomaticrigid-bodyregistrationtech-
niqueshouldbe used. Whenthe insuf�cient overlapis causedby
large free-formdeformation(as in Figure9h), the algorithmmay
get stuck in someinappropriatepose. In this case,the usercan

provide additionalhints by dragginga problematicpart towardsa
desiredposition or usebidirectional registration, i.e. to alternate
pushingandregularizationstepson both sourceandtarget image.
As comparedto singleimagedeformationwherethetargetimageis
static,thisapproachprovidesbetter�e xibility andsocanovercome
challengingcon�gurations.

4 Results and Applications

Weimplementedouralgorithmandtestedit onvarioushand-drawn
cartooncharactersandhumanposturesundergoingbothsmalland
largefree-formdeformationsandchangesin appearance.Selected
resultsarepresentedin Figures1 and9. All examplesarein PAL
resolution. The width of squareson the embeddinglattice is the
sameasthewidth of neighborhoodN in equation(1), i.e.16pixels
(bluesquaresin Figure9) andthewidth of thesearchareaM is 48
pixels (red squares).The numberof inner iterationsin the shape
regularizationphaseis linearlydecreasedfrom 256to 32duringthe
�rst 50push-regularizesteps.

To haveanuni� edoverview of thealgorithmconvergencewemea-
suredtheaveragesumof absolutedifferences(bluecurve) andthe
averagedistanceto thestartingpose(redcurve)duringthe�rst 100
iterationsfor all examplesin Figure9. Theactualnumberof itera-
tionsneededto reachstablecon�gurationvarieswith thecomplex-
ity of deformation.In simplecases it doesnot exceed30,however,
for largedeformationssuchashumanposturesin Figures9f and9g
it increasesto 80. A typical processingspeedis 20 iterationsper
secondon a 3 GHz machinewhile themost demandingpart is the
block matchingphase.However, it canbe easilyparallelizedand
thusmuchbetterprocessingspeedscouldbereachedon somepar-
allel architectures.

As statedin Section3.4 the accuracy of our algorithm depends
mainly on the resolutionof theembeddinglattice. Suchprecision
is typically suf�cient for applicationswhereexactdensecorrespon-
dencesare not requiredsuchas auto-paintingor motion capture.
However, for inbetweeningandexample-basedshapedeformation,
where smoothtransitionsare required,subsequentre�nement is
necessaryto obtainsub-pixel accuratedensemapping.Whena lo-
cal appearancedoesnot changeconsiderablyit is possibleto take
theresultof our methodasaninitial guessfor anenergy-basedap-
proach(we use[Glocker et al. 2008])andobtainre�ned sub-pixel
accuratemapping. In Figure9 we show both theregistrationspro-
ducedby ouralgorithmandalsothecorrespondingre�ned results.

In the rest of this sectionwe discussseveral applications. Since
our work is mainly motivatedby theneedsof theprofessionalcar-
toon animationproductionpipelinewe focuson this �eld. How-
ever, webelievethatouralgorithmis versatileenoughto beapplied
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Figure7: Auto-paintingbyunsupervisedscribbletransfer– color scribblescanbetransferredfromalreadypaintedto yetunpaintedanima-
tion framesusingour deformableimageregistrationalgorithm.TheLazyBrush[Sýkora etal. 2009]algorithmis thenutilizedto computethe
�nal painting.

in othercontexts suchaspedestrianregistration,deformableobject
snappingor improving interactive shapedeformationby providing
dynamicfeedbackthatlookslikephysicalsimulation.

Unsupervisedinbetweening. Theknowledgeof densecorrespon-
dencesbetweenseveral consecutive frames allows us to create
smoothintermediatetransitions.Onepossibility for achieving this
is to linearly interpolatepositions of correspondingpixels. How-
ever, this is applicableonly for smallmotionssincethelocal rigid-
ity is not preserved. A bettersolutionis to divide the transitionto
coarseand�ne level. The coarselevel consistsof thesamesquare
lattice as used for registration and the �ne level is represented
by two densedisplacementmaps(source-targetandtarget-source)
computedby the energy-basedmethod[Glocker et al. 2008]. To
generatethe intermediateframe we �rst linearly interpolatethe
coarselatticesof the sourceandtarget frameandperformseveral
shaperegularizationiterationsto enforcerigidity. Onthepixel level
wescaletransformedsource-targetandtarget-sourcedisplacements
and resamplesourceand target imagesaccordingly. Finally we
blendco-locatedpixelsto obtainC0 continuity.

Example-basedshapedeformation. User-drivenshapedeforma-
tion basedon intuitive positionalconstraintshasrecentlybecome
popularparticularly dueto thework of Igarashietal. [Igarashietal.
2005]. Although many researchersattemptto improve this tech-
nique[Schaeferet al. 2006; Wenget al. 2006; Wanget al. 2008]
they still offer only single imagedeformation. Thanksto our de-
formableimageregistrationalgorithm, we can easily extend this
techniqueto multiple images(seeFigure 6). By registering sev-
eral animation phaseswe obtain smoothtransitionsas we do for
inbetweening,however, a key differencehereis that we allow the
userto draga speci�c point andmove it to a differentlocation.We
project this new location on its inbetweeningtrajectoryand gen-
eratea closesttransition frame that is subsequentlydeformedto
matchthe user-speci�ed position. This enablesinteractive shape
deformationwhichrespectstheoriginalanimationbut is more�e x-
ible thansimpleinbetweening.Moreover, theeaseof manipulation
is improved considerably sincein contrastto classicalapproaches
wedonotneedto placeotherpositionalconstraintsto �x theglobal
pose.Insteadweapplya lowernumberof shaperegularizationiter-
ationsasdescribedin Section3.2to suppressthediffusionof rigid-
ity so that partsof the shapehaving long geodesicdistancesfrom
theselectedpoint remainuntouched.

Auto-painting and editing. Theprocessof addingcolorsto hand-
drawn imagesis one of the most challengingtasksin the classi-
cal cartoonanimationpipeline. In thelastdecaderesearchershave
developedvariousauto-paintingapproachesallowing signi�cant re-
ductionof manualeffort [Madeiraetal.1996;ChangandLee1997;
SeahandFeng2000;Sýkoraet al. 2005;Qiu et al. 2008].As these

techniquesexploit similarity of regionsthey requiredrawing styles
that canbe easilyconvertedto a setof homogenousregions. Re-
cently, Sykora et al. [2009] introduceda more generalapproach
basedon color scribblesthat is applicableto a broadclassof dif-
ferent drawing styles. By registeringpaintedand yet unpainted
frames,we can transferscribblesbetweenanimationframesand
considerablyspeedup theprocess(seeFigure7). Besidespainting,
similar work�o w canbeutilized to performvariouseditingopera-
tions,e.g.retouching,insertion,anddeletion.

Motion capture and retargeting. In this applicationpioneered
by [Bregler et al. 2002] theaim is to transferspeci�c motioncap-
turedin a sequenceof imagesto a novel animationhaving a differ-
entvisualappearance.In our casethis canbedoneby superimpos-
ing a skeletonon a referenceposeandthenusingdeformableim-
ageregistrationto �nd correspondingpositionsof joints andbones
in subsequentanimationframes(seeFigure8). Moreover, the su-
perimposedskeletoncanbe utilized to form a setof rigid clusters
andperform skeletal-like deformation via rigid squarematchingas
in [Wangetal. 2008].

5 Conc lusions and Future work

We presenteda new approachto deformableimage registration
basedon anapproachanalogousto thedynamicsimulationof de-
formableobjects.In contrastto previoustechniquesit handleslarge
free-form deformationsand notablechangesin appearance.Al-
thoughthealgorithmprevails in challengingsituationsit is surpris-
ingly easyto implement.We believe that,dueto its simplicity and
robustness,it will �nd numerousapplicationsin taskswherethe
knowledgeof correspondencesbetweenimagesplaysanimportant
role. As anexampleof suchusagewe presentedseveralusecases
in thecontext of thecartoonanimationproductionpipeline.

As futurework weplanto extendourapproachto handleocclusions
andalsoto developef�cient multi-resolutionschemesto avoid de-
pendanceonenergy-basedtechniquesfor applicationswhereapixel
or sub-pixel precisionis required.
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skeletontransfer

Figure 8: Motion capture by skeletontransfer– the image of the restposewasmanuallyannotatedby a skeleton(left). Its corresponding
positionsonseveral new postureswereobtainedwithoutuserinterventionusingour deformableimage registrationalgorithm(right).
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Figure 9: Selectedexamplesof deformableimage registration producedby our algorithm – each examplecontains(from left to right):
sizeof the square on the embeddinglattice equal to the local neighborhoodN (blue square), sizeof the local searching area M (red
square),source& target image, their initial overlap,resultingoverlapafter registrationusingour approach, overlapre�ned byenergy-based
approach [Glocker et al. 2008], andthegraphof theaverage sumof absolutedifferences(bluecurve)andtheaverage distanceto starting
pose(red curve) for �r st 100 iterations. The last registration result (h) presentsa failure examplewhenour algorithm gets stuck in an
undesirableposedueto verylarge free-formdeformation.


