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Figure 1: Compaedwith the state-of-theart in deformablemage registration, our novel approad reahesplausibleresultsevenfor chal-
lengingcon gurationsundegoinglarge amountf free-formdeformationand notablechangesin appeaance

Abstract

We presenta new apprachto deformableimageregistrationsuit-
ablefor articulatedimagessuchashand-dravn cartooncharacters
and humanpostures. For suchtype of datastate-of-the-artech-
niguestypically yield undesirableesults. We proposea novel ge-
ometricallymotivatediteratve schemevherepoint movementsare
decoupledrom shapeconsisteng. By combininglocally optimal
block matchingwith as-rigid-as-pasible shaperegularization,our
algorithmallows usto registerimagesundegoing large free-form
deformationsandappearanceariations. We demonstratés prac-
tical usabilityin variouschallengingasksperformedn thecartoon
animationproductionpipelineincluding unsupervisednbetween-
ing, example-basedhapedeformatian, auto-painting editing, and
motionretageting.

CR Categories: 1.4.3 [Image Processingand ComputerVision]:

Enhancement—Rygstration;l.3.4 [ComputerGraphics]:Graphics
Utilities—Graphicseditors;J.5[ComputerApplications]: Arts and
Humanities—Finarts

Keywords: deformableimage registration, as-rigid-as-possible
deformationjnteractve shapemanipulation

1 Introduction

In atraditionalcartoonanimationeachanimationframeis drawvn by
handsothatthecorrespondencdsetweerthemareunknavn. Such
adrawbackconsiderablyimits the usageof traditionalapproaches
in recentcomputerbasedanimatian systemsyherethe knowledge
of correspondenahetweerindividual key-framesplaysanimpor-
tantrole.

e-mail: sykorad@cs.tcd.ie

Obtaining correspondenceautomaticallyis a challenging task
since eachhard-dravn imageis uniqueand typically undegosa

large amountof free-form deformationand notablechangein ap-
pearanceln this contet popularcomputevisiontechniquedased
on local similarity [Lowe 2004] or global contexts [Belongieetal.

2002]fail sincethey rely on unique local featuresor stableglobal

con gurations. Although suchfeaturesare typical for real world

photographghey arerarein hand-madealravings. Moreover, the

aforementionedechniquesprovide only isolatedpoint correspon-
dencesanddo not considerglobal consisteng. Thus,they caneas-
ily leadto spatiallyinconsistentmapping.

A morepowerful approacho this problemis deformablemagereg-
istration[Maintz andViergever 1998;Modersitzki2004;Gholipour
et al. 2007] which allows the retrieval of densecorrespondences
betweenimagesand simultaneouslymaintans spatialconsisteng
of the resulting mapping. It is typically formulatedas a non-
linear optimizationproblemwherea prede nedenegy functionis
minimizedthroughsomeestablishedhumericaloptimizationtech-
nique [Klein et al. 2007]. However, therearetwo key dif culties
which male the solutionchallenging: (1) non-cotvexity of theen-
ergy function and (2) sensitvity to outliers (i.e. appearanceari-
ationsthat do not t the selecteddeformationmodel). To over
cometheseaninitial guesscloseto the global minimais required.
It canbe obtainedthroughvariousheuristicssuchas the popular
multi-scaleapproacHLucasandKanadel981]or by usinga hier
archy of deformationmodels[Bergenet al. 1992]. Unfortunately
for largedisplacementsr appearanceariations gventheseheuris-
ticsyield erroneousesults.This fundamentaproblemhasbeenre-
centlyaddresse by techniqueshatattemptto minimizetheenegy
not through the iterative numericaloptimization but directly via
discretelabelling [Glocker et al. 2008; Shekhetsov et al. 2008].
Theseare built uponrecentadvancesin algorithmsfor inference
from random elds [Szelisk etal. 2008]which allow fastapprox-
imatesolutionsto nonlinear problemswith effective avoidanceof
localminima. Neverthelessthey still do notaguaranteglobal op-
timum (sincethe problemis NP-hard)andbecomecomputationally
intractablefor large displacementsiue to signi cantly increasing
numberof labels.

In this papernwe developa new approacho deformableimagereg-
istrationwhich addressethe issueof local minima andis ableto
reacha desiredposeeven from large initial displacement®r no-



e

-0 “‘?

17
A

Figure 2: Deformableimage registration in progress— wewantto registera straight stripe( lled with transpaentcolor andembeddeéh a
squae lattice) with its S-shapedounterpart lled with light blue color (column0). In ead iteration (columnsl—4)two stepsare repeated:
pointsare r st pushedowards locationswith minimal visual differencewithout consideringshapeconsistencyleft) and thenthe shapeis
regularizedusinga variant of as-rigid-as-possiblshapematding algorithm (right). Note howthe shapegradually approachesthe desied

con guration.

tablechangesn appearancdlt is inspiredby the succes®f recent
work in real-time simulationof deformableobjects[M{ller et al.
2005; Rivers and James2007] where points are pusheddirectly
towardsdesiredpositionsandthenas-rigid-as-possiblehapereg-
ularizationis usedto ensureconsisteng of the original shape.In
our case pointsarenotin uenced by gravity or inertial forces,but
insteadattractedo locationswith minimal visualdifference A key
bene t of thisnew approacHiesin thefactthattheaforementioned
shifts can be arhitrary and only the shaperegularizationensures
consisteng. This is the fundamentaldifferenceto numericalop-
timization whereincrementalshifts are predictedby minimizing
locally linearizedversionof the enegy function, which typically
leadsto aninappropriatdocal minima. Our new techniquds closer
to theapproachebasedn discreteoptimizationin the senset can
recover from inappropiate local minima andleadto more plausi-
ble results.However, the key differenceis thatwe do not minimize
anenegy functionbut insteadusea geometricallymotivatedshape
regularizationschemewhich presereslocal rigidity and doesnot
requirecomputationallydemandingdiscreteoptimizationinappli-
cableto largeinitial displacements.

Sinceour work is mainly motivatedby the needf the cartoonan-
imationproductionpipeline,we demonstratéhe practicalusability
of our new algorithmin this context. We shav how it canreduce
theamountof manualwork in taskssuchasinbetweeningpainting,
retageting, shapedeformation,and reusingtraditional animation.
We believe thattheseexamplesdemonstratehe practicalpotential
of our new techniqueandwill motivatedevelopersof recentprofes-
sionalcartoonanimationsystemso incorporateour techniqueasa
versatilebuilding block applicableto variouspracticalscenarios.

The rest of the paperis organizedas follows. First we brie y
overview relatedwork andanalyzekey dravbackswhich motivated
usto develop a new approach.Thenwe describethe proposedal-
gorithmin moredetailanddiscussits strengthsandlimitations. Fi-
nally we demonstratets practical usability in the contet of the
cartoonanimationproductionpipeline and concludewith several
ideasfor futurework.

2 Related work

Obtainingcorrespondencesetweerhand-adawn imagesis a chal-
lenging task that has capturedthe attentionof mary researches
within the lasttwo decades.Xie [1995] usedsimpleafne trans-
formationsto matchtwo line dravings and performautomaticin-
betweeningMadeiraet al. [1996] pioneereda region-centeredp-

proachwheredrawings are rst sub-dvided into regionsandthen
matchedusingshapesimilarity andtopologicalrelations. This ap-
proachhasbeenlaterimproved by severalauthorswho assumead-
ditional semantic information aboutthe image[Kort 2002], cater
speci cally for black-and-whitecartoongSykoraet al. 2005], rely
on a hierarcly of regions [Qiu et al. 2005] or employ skeleton
matching[Qiu et al. 2008]. Their commonlimitation is that they
areapplicdle only to speci c easy-to-analyzerawing stylesand
do not provide densecorrespondence

Bregler etal. [2002] presentd a moregeneralapproachn their fa-
mousframework for cartoonmotion capture. They overcomethe
problemof deformableregistrationby samplingthe spaceof pos-
sible deformationsusing as-rigid-as-possibléterpolation[Alexa
etal. 2000]andtheninfer optimallinearcombination®f thesesam-
plesto t thetametpose.Althoughthisapproactworksin thecon-
text of motionretageting,it is not applicableto our problemsinceit
doesnot directly provide densecorrespondecesbetweenwo ani-
mationframes.De JuanandBodenheimef2006] utilize densecor
respondences their framevork for re-usingtraditionalanimation.
However, they completelyrely on manualinitialization andre ne
densemappingusinganexistingalgorithm[Wirtz etal. 2004]based
on numericaloptimization. Recently Xu et al. [2008] proposeca
systemfor animatingmotion from several snapshotgapturedn a
singleimage.However, sincethey rely onshapecontets[Belongie
etal. 2002],unstableunderlarge free-formdeformationsextensive
manualinterventionis neededo identify steble features.

3 Our approach

Our novel approachto deformableimageregistrationstemsfrom

the successfulvork o w recentlyusedfor dynamicsimulation of

deformableobjectsby Miller et al. [2005] and later extended by

RiversandJameg2007]. A coreideaof thistechniquds to decou-
ple point movementsfrom shapeconsisteng so that the physical
simulationcanbe applieddirectly on points, treatingthemaspar

ticles without consideringtheir mutual connectvity. To keepthe
shapeconsistenta geometricallymativatedshapematchingphase
is thenusedto regularizepointlocations.

A key obsenationis thatsuchawork o w canbringsigni cant ben-
et alsoto deformablémageregistrationsinceit allows retrieval of
locally optimalshiftsandstill keepsthe shapeconsistentThisis in
contrasto enegy-basedpproachewhereshiftsarelimited by the
deformatiormodelwhich doesnotallow temporaryincreaseof the
overallenegy andsotypically leadsto undesirabldocal minima.
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Figure 3: A schematicoverviewn of the proposedalgorithm—the aimis to registera light blob (souice) with its darker counterpart(target).
Thelight blobis embeldedin a squae lattice (partly visible). Thealgorithmiteratestwo mainphases:push(yellowpart) & regularize(green
part). In the pushingphaseblodk matding is usedto move lattice pointstowardslocationswhete a sumof absolutedifferencesover a local
neighborhoodred squae) is minimal. Thenin the shaperegularization phasetwo stepsare iterated: (1) optimalrigid transformationis
computedor ead lattice squae andthen(2) lattice pointsare movedto the centioid of their shaedinstancesn all connectegquaes.

The only necessarymodi cation ascomparedo the original con-
ceptis 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 astablecon gurationis reached:

1. Push all pointsto locationswith minimal visual difference
(Section3.1).

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

Thesestepsareillustratedin Figure 3 and a practicalexampleis
presentedn Figure2. Note how in eachiteration, points are rst
pushedarbitrarily towards desiredlocationsand how the overall
shapebecomesnessy Neverthelessafterregularizationthe shape
is consistentndbetter ts thetargetpose.

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

3.1 Push

Theaimof thepushingphasdsto nd anew location for eachpoint
on the embeddindattice thatminimizesvisual differencein its lo-
cal neighborhood.Sincewe are not limited by shapeconsisteng
we can utilize simple block matchingwhich guaranteeglobally
optimal shift within a prede nedsearcharea(seeFigure 3, yellow
part). Formally, theaimisto nd ashift vectort from searcharea
M thatminimizesthe sumof absolutedifferencesver a neighbor
hoodN, i.e.:

t = argmin iS(p+t) T(p)j (2)
tom
p2nN

whereS denotesthe sourceand T the targetimage. Note thatin
spite of shift optimization,the overall algorithmis not limited to
puretranslation,sinceS is slightly deformedin eachiterationlo-
cal neighborhood®f pointsgraduallyadap to more complicated
deformations.

Theimportantparametersf the block matchingphasearethe size
of the neighborhoogN j andthe size of searchareajM j. In gen-
eraljN j shouldbe large enoughto containsubstantialnformation
but alsosmallenoughto presere locality, whereagM j shouldal-
low attractionto further locationsbut also avoid ambiguity The
otherlimiting factoris the computationabverheadwhich canin-
creasedramaticallydueto the worst casecompleity of the block

matchingalgorithmO(jN jjM j). If we considerthatin eachitera-
tion typically hundredsf block matchingoperationsareexecuted,
the complexity canbevery high evenfor smallneighborhoodsind
searchareas.However, dueto thefactthatoptimalblock positions
typically remainconstanduringmostiterationsandall othershifts
have muchhighersumsof absolutedifferencesthe early termina-
tion heuristic[Li and Salari1995] can be usedto gain consider
ablespeedup. Basedon this obsenation, we setthe width of N
to 16 pixelsandthewidth of M to 48 pixels(providing thatimages
arein PAL resolution).This settingyields goad resultsbothin ro-
bustnessndcomputationabverheadn all examplesshownn in this
paper

3.2 Regulariz e

Thesecondstepof our algorithmis a geometricallymotivatedrou-
tinethatiteratively regularizeshepointlocationssothatlocalrigid-
ity of the shapes presered. This is anotherimportantdifference
from state-of-the-artechniqueswhich typically useelasticmodels
thatdo not presere rigidity andproduceundesirableleformations
whentheinitial displacementarelarge or whenthereis a notable
variationin appearancéseeFigurel).

In Muller's original algorithm,theaimwasto nd anoptimalrigid
transformatior(rotationR andtranslatiort ) thatmovespointsof
the original shapep; 2 P sothatthe sumof squaredistancego
thedesiredposeq is minimized:
X

R ;t ) = argmin

(R:t) g R:t

R p+t qij2 v

In 3D the computationof R is non-linear thus polar decomposi-
tionis requiredto solve this problem.However, asshavn by Schae-
fer etal. [2006], a simpleclosedform solutionexistsin 2D. It can
be obtainedwhenwe computecentroidsp, andq, of the source
andtargetposeandthensubstituted; = p; p.and§;, = g, q.:

1X B;
r=1T M g G
| b’ ol 3
where v
ﬁ X rox e
= qlplT + Qib{T ; 4)

T denotegranspositionandtheoperator? denotegheperpendic-
ularvectori.e.:(x;y)” = (y; x).OncetherotationmatrixR is
known, thetranslatiorvectort canbecomputedirectly:

t=p. R q Q)



Ourembeddindatticeconsistof severalconnectedgquaresin this
caselocalrigid transformationsrrecomputedndividually for each
squareandthenthe global smoothingstepis usedto ensurecon-
sisteng. This simpleextensionenablesnore e xible deformations
andstill presereslocalrigidity of theoriginal shapgseeFigure4).

Figure 4: An exampleof as-rigid-as-possiblémage deformation-
the original image embeddedn a squae lattice (left) and its de-
formedcounterpart(right).

A similarmechanisnis alsousedin thecontet of interactve shape
deformationlgarashietal. 2005;Sumneret al. 2007;Botschetal.

2007;SorkineandAlexa 2007] however, thekey differenceis that
in thesetechniquesiserspeci edpointlocationsaretreatecashard
constraintandtheaimis to nd anoptimal deformationto satisfy
them. In our casewe do not have hard constaints. Whatwe want
is to smoothout point locationsso thatthe shapebecomesonsis-
tent. To perfam this smoothingwe exploit a very simple itera-

tive approachinspiredby recentwork in interactve shapedeforma-
tion [Wanget al. 2008]. It producessimilar resultsto [Riversand
Jame=007]but allows smoothcontrolover shapeigidity (seeFig-

ure3, greenpart):

1. For eachsquareon the embeddindattice, useequationg3),
(4) and (5) to obtain (R ;t ) andusethis to transformits
points.

2. Move eachpoint on the embeddindattice to the centroidof
its transformednstancesn all connectedquaes.

The only differenceto the original shapedeformationtechniques
that Wang et al. additiorelly simulatehard constraintsby setting
very large weightsto pointsthat represenimanipulationhandles.
In fact their algorithmis nearly identical to [Sorkine and Alexa
2007],whereinsteadof computingcentroidsa sparsdinearsystem
is solved. Thismaodi cation clari es theaforementionedifference
betweershapeegularizationandinteractve shapedeformation.n
our caseno pointsare x edthereforeaftersufcient numberof iter-
ationstheshapewill returnto theoriginal con gurationupto some
globalrigid bodytransformation Suchbehaior is depictedn Fig-
ure 5 whereonepointis x ed at a differentlocationand thenthe
evolution of the deformationis captued during several shapereg-
ularizationiterations. Initially the shapes e xible but with anin-
creasinghumberof iterations globalrigidity is enforcedsothatthe
deformatiorgraduallyreducedo puretranslation Thisis causedy
the diffusive natue of the averagingphasewhich graduallypropa-
gatesrigidity throughthewhole shape.

This gradualdiffusionof rigidity hasseveral practicalapplications.
By changingthe numberof shaperegularizationiterationswe can

smoothlyvary betweenrigid and e xible deformation. It allows

us to implementa smoothanalogyto a hierarcty of deformation
models[Bergenet al. 1992] (seeSection3.4) and also one-point
interactive shapedeformation(seeSection4).

3.3 Stopping criteri a

Although our methoddoesnot explicitly minimize prede neden-
ergy functionwe canstill estimateplausibility of the resuting reg-
istrationby computingthe averagesumof absolutedifferenceover
all blocksduring the block matchingphase.In Figure9 thereare
several graphplots of this average(blue curve) measureduring
a hundrediterationsfor differentregistrationtasks. In mostcases
this value decreasemonotonicallyand after several iterationsthe
changsis negligible. However, whena partof the shapeundegoes
a large non-overlappingdeformationthe changecanbe negligible
for several iterations(seeFigure 9b) and after that period the al-
gorithmsuddenlyapproachesew con gurationswith muchlower
value. This is causecby the factthat althoudh a part of theimage
movestowardsthe desiredposeit still remainsin an areawith no
overlapwherethesumof absolutdifferencesds nearlyconstantTo
overcomesuchambiguitywe insteadmonitorthe averagedistance
to theinitial restpose(redcurve in Figure9):

1 X

P “i i" 6
p] AP aill (6)

avg —
i
This valueinforms uswhetherthe control pointson theembedding

lattice aremoving or not. We stop push-rgularizeiterationswhen
davg hasnotchangedonsiderablyin thelast20 iterations.

Figure 5: Theevolution of the shapedeformationthroughseveral
shaperegularizationiterations — one poirt is xed at differentlo-
cation (left). During the r st iterations the shapeis exible but
whenthe numberof iterationsincreaseshe deformationgradually
approadespure translation(fromleft to right).

3.4 Limitations

Althoughourapprachproducegoodresultsin mostpracticalsce-
narios,thereare somelimiting factorswhich shouldbe takeninto
accountsincethey canleadto unexpectedoehaior. In this section
we discusghesein moredetailandaddresow they canbe dealt
with.

Limited resolution. Sincewe embedthe imageinto a coarsedat-

tice we cannotdirectly obtain pixel or even sub-piel precision.
Although a multi-scaleextensionis possible,increasingthe num-
ber of squaresnakesthe overall iterative processneffective. This

is causedmainly by an increasingnumberof block matchingin-

stancesand shaperegularizationiterations. However, the coarse
approximatiorproducedy ouralgorithmis typically closeenough
to the desiredposeso that classicalenegy-basedapproachegsan
beutilizedto re ne theregistrationto sub-pi>el precision(we usea
publicly availableimplementatiorof [Glocker etal. 2008]).

Occlusion and topology. The presenceof occludersand topol-
ogy variaionsin 2D projectionsof 3D articulatedobjectsis along-
standingand challengingcomputer vision problem. It alsolimits
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example-basedeformation

Figure 6: Example-basedhapedeformation- by registeringseveral consecutivanimationphasegleft) a smoothsequencef intermediate
framescan be geneiated. This canbe utilized for a syntresisof new posessatisfyinga usergivenpositionalconstaint (right): the current
positionof thedraggedpoint (reddot)is projected(bluedot) onits key-frametrajectory(redcurve)to retrievethecorrespondingntermediate
framewhich is subsequentlgeformedo match the actual positionof the dragged point.

theusageof our algorithmsinceoccludedpartsmove togethemwith
their occludersandtopology variationsimpose falseconnectvity.
A possiblesolutionto this problemis to reconstruct layeredrep-
resentatiorof theimagewhereeachlayer hasits own depthinfor-
mationandsharecommoncontrol pointswith otherlayers. Using
this structureonecanperformthe pushingsteponly betweerayers
having equaldepthandthenusethe shaperegularizationphaseto
propagtethesemovementgo otherconrectedayers.

Scaling and shearing As our methodexploits the as-rigid-as-
possibledeformationmodelit is not ableto handledeformations
whichdonotpreserelocalrigidity (suchasscalingor 3D rotation).
This limitation canbe partially reducedby exploiting an approach
analogouso theuseof ahierarcly of deformatiormodels.Initially
we cantreattheimageasmorerigid andperforma highernumber
of rigid shapematchingiterations.After thatthe numberis gradu-
ally decreasetb allow more e xible deformationsHowever, even
using this extension,signi cant changesn scaleand/orshearing
arestill intractable In casesvhensuchdeformationsarerequired
we canswitch to adifferentlocal deformationrmodelallowing sim-
ilarity or evenaf ne transformationsAccordingto [Schaeferetal.
2006]for similarity this canbe doneby repacing (4) with:

X
= pp @)

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

matrix: |
X ’ X

A= b B ) 8)

i j

1

However, sincesimilarity andaf ne modelsdo nottendto presere
areathey arenotasstableastheoriginal as-rigid-as-possiblemodel
thereforearesuitableonly for nal re nementwhenthesourceand
target poseare closeenough,otherwisethey candistortthe image
considerablyandleadto unacceptableesults.

Insuf cient overlap. A key featureof our techniqueis the abil-
ity of the block matchingphaseto overcomecon gurations which
correspondo local minimain enegy-basedechniques However,
to avoid matchingambiguity the size of searchingwindows has
to be limited. Becauseof this reason,our methodrequirespar
tial overlapandconsistenscale& orientationbetweersourceand
tamgetimages. For imagesthat do not satisfy theserequirements
we recommendhat the initial rigid-body transformationbe esti-
matedby handor thatsomeautomaticrigid-bodyregistrationtech-
nigue shouldbe used. Whenthe insufcient overlapis causedoy
large free-formdeformation(asin Figure 9h), the algorithm may
get stuckin someinappropriatepose. In this case,the usercan

provide additionalhints by dragginga problematicpart towardsa

desiredposition or use bidirectional registration, i.e. to alternate
pushingandregularizationstepson both sourceandtargetimage.
As comparedto singleimagedeformationwherethetargetimageis

static,this approactprovidesbetter e xibility andsocanovercome
challengingcon gurations.

4 Results and Applications

Weimplementeduralgorithmandtestedt onvarioushand-dravn
cartooncharactersndhumanposturesindegoing both smalland
large free-formdeformationsandchangesn appearanceSelected
resultsare presentedn Figuresl and9. All examplesarein PAL
resolution. The width of squareson the embeddingdattice is the
sameasthewidth of neighborhoodN in equation(1),i.e. 16 pixels
(bluesquaresn Figure9) andthewidth of thesearchareaM is 48
pixels (red squares).The numberof inner iterationsin the shape
regularizationphases linearly decreaseéfom 256to 32 duringthe
rst 50 push-rgularizesteps.

To have anuni edoverview of thealgorithmcorvergencewe mea-
suredthe averagesumof absolutedifferencegblue curvwe) andthe
averagedistanceo the startingpose(red curve) duringthe rst 100
iterationsfor all examplesin Figure9. Theactualnumberof itera-
tionsneededo reachstablecon gurationvarieswith the comple-
ity of deformation.In simplecasa it doesnotexceed30, however,
for large deformationsuchashumanposturesn Figures9f and9g
it increasego 80. A typical processingpeeds 20 iterationsper
secondon a 3 GHz machinewhile the most demandingpartis the
block matchingphase. However, it canbe easily parallelizedand
thusmuchbetterprocessingpeedsould be reachecbn somepar
allel architectures.

As statedin Section3.4 the accuray of our algorithm depends
mainly on the resolutionof the embeddindattice. Suchprecision
is typically sufcient for applicationsvhereexactdensecorrespon-
dencesare not requiredsuch as auto-paintingor motion capture.
However, for inbetweeningandexample-baseghapedeformation,
where smoothtransitionsare required, subsequentre nement is
necessaryo obtainsub-pi>el accuratedensemapping.Whena lo-
cal appearanceoesnot changeconsiderablyit is possibleto take
theresultof our methodasaninitial guessor anenegy-basedap-
proach(we use[Glocker et al. 2008]) and obtainre ned sub-pixel
accuratamappng. In Figure9 we shaw bath the registrationspro-
ducedby our algorithmandalsothe correspondinge ned results.

In the restof this sectionwe discussseveral applications. Since
our work is mainly motivatedby the needsof the professionatar
toon animationproductionpipeline we focuson this eld. How-
ever, we believe thatour algorithmis versatileenougtto beapplied



Figure 7: Auto-paintingby unsupervisedcribbletransfer— color scribblescanbetransferedfromalreadypaintedto yetunpaintedanima-
tion framesusingour deformablémage registration algorithm. The LazyBrusHSykora etal. 2009] algorithmis thenutilizedto computethe

nal painting

in othercontets suchaspedestrianegistration,deformableobject
shappingor improving interactive shapedeformationby providing
dynamicfeedbackthatlookslik e physical simulation.

Unsupenisedinbetweening Theknowledgeof densecorrespon-
dencesbetweenseveral consecutie framesallows us to create
smoothintermediateransitions.Onepossibility for achieving this
is to linearly interpolatepositiors of correspondingixels. How-
ever, thisis applicableonly for smallmotionssincethelocal rigid-
ity is not presened. A bettersolutionis to divide the transitionto
coarseand ne level. The coarsdevel consistof the samesquare
lattice as usedfor registration and the ne level is represented
by two densedisplacementmaps(source-taget andtarget-source)
computedby the enegy-basedmethod[Glocker et al. 2008]. To
generatethe intermediateframe we rst lineaty interpolatethe
coarselatticesof the sourceandtamet frame and perform several
shapeegularizationiterationsto enforcerigidity. Onthepixel level
we scaletransfornedsource-tagetandtarget-sourcelisplacements
and resamplesourceand target imagesaccordingly Finally we
blendco-locatedpixelsto obtainC® continuity.

Example-basedshapedeformation. Userdrivenshapedeforma-
tion basedon intuitive positionalconstraintshasrecentlybecome
popularparticdarly dueto thework of Igarashietal. [Igarashietal.
2005]. Although mary researcherattemptto improve this tech-
nigue [Schaeferet al. 2006; Wenget al. 2006; Wanget al. 2008]
they still offer only singleimagedeformation. Thanksto our de-
formableimageregistrationalgorithm, we can easily extend this
techniqueto multiple images(seeFigure 6). By registering sev-
eral animaion phasesve obtain smoothtransitionsas we do for
inbetweeninghowever, a key differencehereis thatwe allow the
userto draga speci ¢ pointandmove it to a differentlocation. We
projectthis new locationon its inbetweeningrajectoryand gen-
eratea closesttransitionframe that is subsequenthdeformedto
matchthe userspeci ed position. This enablesinteractve shape
deformationwhich respectsheoriginal animationbut is more e x-
ible thansimpleinbetweeningMoreover, the easeof manipulation
is improved consideably sincein contrastto classicalapproaches
we do notneedto placeotherpositionalconstraint¢o x theglobal
pose.Insteadwe applyalower numberof shapeegularizationiter-
ationsasdescribedn Section3.2to suppresshediffusionof rigid-
ity sothatpartsof the shapehaving long geodesiaistancesrom
theselectedhointremainuntouched.

Auto-painting and editing. The procesof adding colorsto hand-
dravn imagesis one of the most challengingtasksin the classi-
cal cartoonanimationpipeline. In thelastdecadaesearcherbave
developedvariousauto-paintingapproacheallowing signi cant re-
ductionof manualeffort [Madeiraetal. 1996;ChangandLee1997;
SeahandFeng2000;Sykoraetal. 2005;Qiu etal. 2008]. As these

techniquesxploit similarity of regionsthey requiredrawving styles
that canbe easily corvertedto a setof homogenousegions. Re-
cently, Sykora et al. [2009] introduceda more generalapproach
basedon color scribblesthatis applicableto a broadclassof dif-
ferentdrawing styles. By registering paintedand yet unpainted
frames,we can transferscribblesbetween animationframesand
considerablyspeedup the procesgseeFigure?). Besidegainting,
similar work ow canbe utilized to performvariousediting opera-
tions,e.g.retouchingjnsertion,anddeldion.

Motion capture and retargeting. In this applicationpioneered
by [Bregler et al. 2002] the aim is to transferspeci ¢ motion cap-
turedin asequencef imagesto a novel animationhaving a differ-
entvisualappearancdn our casethis canbe done by superimpos-
ing a skeletonon a referenceposeandthenusing deformableim-
ageregistrationto nd correspondingpositionsof joints andbones
in subsequenanimationframes(seeFigure8). Moreover, the su-
perimposedskeletoncanbe utilized to form a setof rigid clusters
andperfam skeletal-like deformdion via rigid squarematchingas
in [Wangetal. 2008].

5 Conclusions and Future work

We presenteda new approachto deformableimage registration
basedon an approachanalogougo the dynamicsimulationof de-
formableobjects.In contrasto previoustechniquest handledarge
free-form deformationsand notablechangesn appearance.Al-
thoughthe algorithmprevailsin challengingsituationst is surpris-
ingly easyto implement.We believe that,dueto its simplicity and
robustnessijt will nd numerousapplicationsin taskswherethe
knowledgeof corresponderesbetweenmagesplaysanimportant
role. As anexampleof suchusagewe presentedeveral usecases
in the contet of the cartoonanimationproductionpipeline.

As futurework we planto extendour approacho handleocclusions
andalsoto develop ef cient multi-resolutionschemeso avoid de-
pendancenenegy-basedechniquesor applicationsvhereapixel

or sub-pbel precisionis required.
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Figure 8: Motion captue by skeletontransfer— the image of the restposewas manuallyannotatedby a skeleton(left). Its corresponding
positionson several new postueswere obtanedwithoutuserinterventionusingour deformableémage registration algorithm (right).
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Figure 9: Selectedexamplesof deformableimage registration producedby our algorithm — eath examplecontains(from left to right):
size of the squae on the embeddindattice equal to the local neighborhoodN (blue squae), size of the local seaching areaM (red
squae),source& targetimage, their initial overlap,resultingoverlapafter registration usingour appmoad, overlapre ned by enegy-based
approad [Glocker et al. 2008], and the graph of the average sumof absolutedifferencegblue curve)and the average distanceto starting
pose(red curve)for r st 100 iterations. The last registration result (h) presentsa failure examplewhenour algorithm gets stud in an
undesiable posedueto verylarge free-formdeformation.



