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Figure 1: Steeoscopizatiorof a cel animation. Our methodtakesan ordinary 2D cel animation(top row) as input, infers the tempoal-
consistenbrdering and synthesizethe per-framedepthmaps(middlerow), in order to geneate a stereoscopiccel animation(bottomrow
presentedn theform of anaglyphs). Thissequencéas12 frames(1920 1080. Theframecontainingthe maximalnumberof regionshas
82 regions. In our experimentdepthorderingtakes12 minutes anddepthsynthesigakes9.6 minutes.

Abstract

While hand-dravn cel animationis a world-wide popularform of
art and entertainmentjntroducing stereoscopiceffect into it re-
mainsdif cult andcostly dueto thelack of physicalclues.In this
paper we proposea methodto synthesizecorvincing stereoscop-
ic cel animationsrom ordinary2D inputs,without laborintensve
manualdepthassignmennor 3D geometryreconstruction. It is
mainly automaticdueto the needof producinglengthyanimation
sequencedut with the option of allowing usersto adjustor con-
strainall intermediateresults. The system ts nicely into the ex-
isting production o w of cel animation.By utilizing the T-junction
cueavailablein cartoonswe rst infer theinitial, but not reliable,
orderingof regions. One of our major contritutionsis to resolhe
thetemporainconsisteng of orderingby formulatingit asagraph-
cut problem. However, the resultantorderingremainsinsufcient
for generatingorvincing stereoscopieffect, asorderingcannote
directly usedfor depthassignmentiueto its discontinuousiature.
We further proposeto synthesizethe depththroughan optimiza-
tion processwith the orderingformulatedas constraints. This is
our secondmajor contritution. The optimizedresultis the spatio-
temporallysmoothdepthfor synthesizingstereoscopieffect. Our
methodhasbeenevaluatedon a wide rangeof cel animationsand
corvincing stereoscopieffectis obtainedn all cases.
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1 Introduction

Traditionalcel animationis producedwvith eachframebeingdravn
manuallyoncelluloidsor via computetablets andremainsawide-
ly usedapproach(Fig. 2). Unfortunately it is extremely dif cult
to introducestereoscopi@ffect into cel animations. To our best
knowledge,thereis only a scarcenumberof stereoscopicel ani-
mationsproducedsofar. Unlike live-actionrmoviesthatcanbecap-
turedwith astereacameraand3D computeranimationghatcanbe
computerenderede.g. Toy StoryandCyboig 009[Production.G.
et al. 2017), hand-dravn cartoonscontainno physically correct
depthto estimatenor 3D geometricalnformationto exploit. In fact,
framesdrawn by celanimatorausuallycontainphysicallyincorrec-
t objectsor shapeso maintainaestheticsand style [Rademacher
1999. Traininganimatorsto manuallydrav stereoscopi@airsof
framesis almostinfeasible.

As celsmaybephysicallyincorrect,3D geometryreconstructiorof
the hand-dravn scenedecomesnfeasible. Besidesthetransition
betweenadjacentframesis typically muchlarger thanthat of the
live-actionvideos,thusexisting poseestimationandfeaturetrack-
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Figure 2: Traditional productionof cel animation. Motion char-
acters are drawn on physicalcelluloids (or compositinglayers in
moderndigital production)andthencomposedo producethe ani-
mation.

ing may not be applicable. One may suggestutilizing celsasor-
deredlayersin the animationproduction.However, suchcel layers
may not correspondo the physicaldepthwe need.As illustratedin
Fig. 2, thetwo charactersnaybe collapsednto a singlecel during
the production. No orderinginformation betweenthemis avail-
ablein the original cel. Suchcollapsingtreatmentis decidedby
the animatorandis commonin the real production. Although one
can manuallyintroducedepthinformationto still cartoonsby la-
beling[Sykoraetal. 2010 or modelinggeometry{ Productionl.G.
etal. 2013, theseapproachesrelaborintensie. The situationis
evenworsenedvhenextendedo long animationsequences.

In this paperwe proposea novel methodto “ steleoscopize (intro-
ducestereoscopieffect to) traditional cel animationsby inferring
the pseudo-depththat looks corvincing and pleasant. While our
methodis automatic,it providesthe option of full usercontrolvi-
a direct adjustmentand constraintson all intermediateresults. It
ts naturallyinto the existing production o w of the 2D cel ani-
mation. Animatorsdo not have to model3D geometrynor to train
themselesfor hand-draving stereoframes. While cartoonsmay
not containphysicallycorrectinformation,thereremainimportant
cuesfor humanaudienceso perceve thedepth.Oneimportantcue
is the T-junction (Fig. 5) correspondingdo the occlusion and has
long beenaware by psychologistand computerscientistsBruce
etal. 2003 Guzman1969 in visualperceptionHence we propose
to rst infer the orderingof thelayersby exploiting the T-junction
cue. Here,the “layers” referto the regionswe extractedand may
not be equivalentto the cel layers. While the T-junction cue may
notbeolviousto detectin naturalimagesit is especiallydistinctive
in cartoondrawing asregionsare mostly enclosedvy clearedges.
However, the T-junctioncuemaystill benoisyandleadto ordering
inconsisteng within aframeand/oramongtheframes.To suppress
the noisewhile allowing the changeof orderingdueto the actual
motion, we formulatethe relationbetweeneachpair of layersasa
graph-cutproblemto maintaintemporalorderingconsisteng

Even with the orderedlayers, layers separatedy equaldistance
(dueto thelack of inter-layerdistanceinformation)anddiscontin-
uousdepthchangeacrossconsecutie framescannotproducevisu-
ally appealingstereoscopieffect. InsteadJayersbelongingto the
sameobjectshouldhave similar depthvalues,andthedepthshould
changesmoothlyacrosframes.To computethe pseudo-depthvith
theserequiredpropertieswe formulateit asan optimizationprob-
lem, with thecomputedayerorderingasinequalityconstraintand
the usercontrol as higherpriority constraints. Oncethe pseudo-
depthis computed(Fig. 1, middle row), we canthensynthesizea
stereopair for eachframeby renderingthe layersfrom novel view-
pointsandinpainting the missingpixels dueto disocclusion.Our
major contrikbution lies on two aspects. The rst oneis a novel

graph-cuformulationfor achiezing temporalconsisteng of order
ing. The secondis the depthsynthesisby minimizing the enegy
over similar motion andtemporalsmoothnessOn the bottomrow
of Fig. 1, visually pleasantand corvincing stereoscopieffect for
thecelanimationis obtainedgventhecharacters originally dravn
onasinglecellayerandprovidesno physicalclues.

2 Related Work

Thekey to stereoscopizenovies or animationss to obtaina depth
valuefor eachpixel in eachframe,sothatthedisparitycanbecom-
puted. The depthis determinedby obtainingeitherimage-based
depthmapsor geometry-basedodels. Existing methodscan be
roughlyclassi edinto depthinferencinganddepthcreation.

Depth Inferencing Recweringdepthand/orgeometryfrom nat-
uralimagesis a classicalproblemin computervision. Existing ap-
proacheauitilize variousphotographiaepthcuesfor recovery, in-

cluding shading[Horn 199Q Wu et al. 200§, texture [Superand
Bovik 1995 Forsyth 2001, focus [Nayar and Nakagava 199Q

Assaand Wolf 2007, and even haze[He et al. 2009. With a
live-actionvideo sequencasthe input, cameratrajectorycan be
estimatedand temporalcoherencecan be considered Kang and
Szeliski2004 Zhangetal. 2008 Langetal. 2010. Unfortunately
thesemethodsare only applicablefor naturalimages/videosbe-
causehand-dravn cartoonsare lack of cuesexploited above. For
instance,cartoonshadingis usually crude and not guaranteedo
be physicallycorrect.More seriously the mavementbetweencon-
secutve framesis usuallymuchlarger thanthat of the live-action
videos.Togethewith theinsufciency of texturesin cartoonsfea-
ture tracking and poseestimationbecomevery dif cult. Hence,
depthor geometryrecavery from hand-dravn cel animationss in-

feasiblewith theabose methods.

While mostdepthcuesarenot exploitablein cel animationsthere
remainsonecommoncueavailablein bothnaturalimagesandcar

toons. It is the T-junction. Its notion haslong beenaware by re-
searcherm visualperceptiorjMetzgerl936 Guznan1968 Bruce
etal. 2003. However, only smallnumberof work is available[A-

postolof and Fitzgibbon 2005 Dimiccoli and Salembier2009a
Dimiccoli and Salembier2009h Amer etal. 201Q Jiaetal. 2017

andall of them only focus on naturalimages. In this paper we

male the rst attemptto exploit the T-junctioncuewithin a cartoon
frameandthe temporalconsisteng of T-junctionsover the whole
celanimationto infer thedepth.Notethat,unlike in naturalimages
whereT-junctionsare lessolvious to detect,the T-junctioncueis

especiallysuitablefor cartoonsdueto the availability of clearen-
closingedges.

Depth Creation Attemptshave alsobeenmadeto construct3D
geometryfrom line dravings by makingassumption®n both the
inputdrawing andthe shapebeingconstructedTaking CAD or ar
chitecturaldrawings asinput andmakingthe parallel-lineassump-
tion, methodshave beendevelopedto constructobjectsor archi-
tecturalstructureqLipson and Shpitalni1996 Varley and Martin
2002 Leeetal. 2008 Ward et al. 2011. Due to the strongas-
sumptions,they are not applicableto arbitrary drawings, suchas
cartoonsof “organic” charactersor even physically incorrectbut
stylishdrawings. Anotherstreamof work focuseson sketch-based
modeling[lgarashietal. 1999 Gingoldetal. 2009 Goldbeg 2009
Karpenlo and Hughes2006 Nealenet al. 2007 Joshiand Carr
2008 Kim etal. 2013 that canconstructmore “organic” objects
by makinganothersetof assumptionsUnlike thesecomprehensie
shapeconstructiorapproachesye only constructa2.5D layerrep-
resentatiorfrom the cartoonandmalke no assumptioron theinput.

Themoststraightforvardapproacthto createdepthis to allow users
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Figure 3: Systenovervien.

to assigndepthvaluesto pixelsdirectly [Venturaet al. 2009 Schar
etal. 2008 Wangetal. 201]. Theamountof userinterventioncan

be reducedby specifyingequalitiesand inequalities[Zhanget al.

2002 AssaandWolf 2007 Sykoraetal. 201Q. Neverthelessex-

istingmethodsaremainly appliedon still cartoonsandseldomcon-

sidertemporalconsisteng. Due to the amountof manualinput,

practicalapplicationof thesemethodsto lengthy cel animationis

questionable.In contrast,our depth-inferencingnethodis main-

ly automaticwith optionalusercontrol, and capableto synthesize
temporallycoherentepthfor thewhole animationsequence.

If theoriginal cellayersareavailable,onecanalsocreatea stereo-
scopic animation by manually assigningdepthto eachcel lay-
er [Tokyo Movie Shinshal977 Productionl.G. 201%, Riversetal.
2014 aspracticedin the current Im industry However, content
within the samecel is therefore attened unlessit is modeledsep-
aratelywith geometry In our work, we computethe depthfor the
regions extractedfrom a cel, contentsin the samecel canalsobe
stereoscopizedsdemonstrateih Fig. 1.

3 Overview

Oursystemis overviewedin Fig. 3. Givenasequencef animation
framesasinput, we rst extracttheregionsfrom eachframe. Our
goalis to determinea depthvaluefor eachregion in orderto syn-
thesizestereoframes. Here, eachareaenclosecby edgesforms a
region (Fig. 4(e)). Unlike typical segmentationsye do notsegment
purelybasedon color, asseparatedegionscausedy shading(e.g.
shadedregionsin Fig. 4(a)) are inappropriatein our application.
Insteadwe rst identify all edgepixels andstorethemin anedge
map.Notethatedgesdn cartoonsaarenot necessarilplackin color.
It canbe ary color but locally darler thanthat of the neighboring
regions. As the luminancechannelcontainsthe mostvisually sen-
sitive content,we corvert the RGB framesto Lab color spaceand
proces®nly theL channel We preprocesthel imageby applying
theadaptve histogramequalizatiorto make edgesmoredistinctive,
followed by the median Itering. The differencebetweenthe be-
fore andaftermedian- lteredimagess the edgemap. Themedian
Iter caneffectively differentiatethe explicitly hand-dravn edges
(trough-shapedgbro le Fig. 4(c)) from color discontinuitydue to
shading(stairshapedro le in Fig. 4(d)). Fig. 4(b) shavs theedge
mapextractedwith Fig. 4(a) astheinput. We furtherextractedge-
enclosingegions(Fig. 4(e)) by applyingarolling-ball [Zhangetal.
2009 onthisimage-baseddgemap.Notethatsimple ood- lling
may fail asstylish dravings not alwaysform closedregions. Op-
tionally, usersareallowed to modify the extractedregions (memge
over-segmentecbr split undersggmentedegions)via aninteractve
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As one of our key contritutions, we then determinethe depth-
orderingof the extractedregions. We utilize the T-junction cueto
resole the ordering. A T-junctionindicatesthe appearancef oc-
clusionandsuggestsn orderingrelationthatoneregion occludes
theothertwo (e.g.Fig. 5(b)). With the T-junctioncue,we construct
an orderinggraphfor eachframe independently(Fig. 3(c)). By
topologicallysorting[Kahn 1963 (Sectiond) this orderinggraph,
we canalreadydeterminean ordering. However, sometimesa T-
junctionis vagueor evenincorrect(Fig. 5(c)-(e)), thusrelying on
T-junction cuesfrom a singleframeis noisy andinsufcient. By
exploiting T-junctionsfrom multiple frames we cansuppressois-
esandmaintaintemporalconsisteng. In particular we formulate
this problemasa graph-cufproblem[Boykov etal. 200]. A single
orderingrelationgraphis constructedor the whole animationse-
quencegFig. 3(e)) wherethe orderingrelationsbetweenevery pair
of regions are the nodesand inter-frame correspondenceamong
regions(Fig. 3(d)) arethe edges.Thentemporal-consisterdrder
ing relationscanbe obtainedby solvinganoptimalcut (Section5).
A nice featureof this graph-cutformulationis thatit alsoallows
sharpchange®f the orderingsdueto actualmotions.Theresultof
the graph-cutis usedto remove inconsistenaind/orinsertmissing
orderingsin eachorderinggraph(Fig. 3(f)). The nal orderingof
regionsfor eachframeis determinedisingthetopologicalsorting.

To producecorvincing stereoscopi@ffect without discontinuous
depthchange depthorderingaloneis not sufcient. We needto
further computethe pseudo-deptliFig. 3(g)) so that the depthof
a region changessmoothlyover time (Section6). We formulate
it as an optimizationproblemwith an objectve to minimize two
typesof inter-region depthdistancesThey arethe depthdistances
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Figure5: Anexampleframein (a) containsT-junctionshavingcor-
rectsugestion(b), vaguesuggestion(c), aswell asincorrect sug-
gestiong(d) & (e). (f) Notationsusedin our formulation.

betweentemporallyneighboringregions over consecutie frames,
andthedepthdistancedetweerspatiallyneighboringregionswith

similar motions(regionswith similar motionsaremorelikely to be
connectedandso astheir depths). Previously estimatedordering
informationis formulatedasthe inequality constraintsso that the
orderingis notviolatedduringenegy minimization.

Finally, with the optimizedimage-basedepthmaps(partialgeom-
etry) andthe original color frames we cansynthesizea sterecpair
for eachframe (Fig. 3(h)) by re-renderingeachframe as viewed
from two novel eye positions(Section7). Gapsdueto disocclu-
sionin there-renderediews areinpainted.Thereasonthatwe do

notreusetheinput frameasoneview of the stereopair, is to avoid

large gapsgeneratedy large eye disparitywhich may complicate
the subsequennpainting.

4 T-Junction for Ordering

Whenaboundary(theverticalline in letter“T”) is blocked by an-
otherboundary(the horizontalline in “T"), a T-junctionis formed
andit suggestsheappearancef occlusion(Fig. 5(f)). While theT-
junctionsuggestsio orderinginformationbetweerthe two regions
sharingtheblockedboundary(regionsb & cin Fig. 5(f)), it suggest-
s a high belief of the third region (region a in Fig. 5(f)) occluding
the othertwo (b & ¢). We de ne a T-junctionasa 3-valencejunc-
tion pointin theedgemap. An ideal T-junctionis formedby three
sufciently long boundariesn which two boundariesare colinear
andthe third boundaryis perpendiculato them. Obviously, short
boundariegFig. 5(d)) aswell asvagueT-junction (Fig. 5(c)) may
misleadthe ordering.Hence we computea belief of the occlusion
suggestiorfor eachdetectedT-junction. Considera T-junctiont,
we modelits belief of suggestingegion a blockingregionsb andc
(denotechsa! banda! c)as

Ba b= Ba ¢ = kimin( a;2 a); (1)
wherel = min(lap;lac;loc;lo), andk = 1=( ).

Here, region a is the region with the maximally subtendedangle

a atthejunction. Regionsb andc arethe two remainingregions.
Fig. 5(f) explainsthe notation. Notationl,, denoteghearclength
of theboundarysharedy regionsa andb. 5. andl,: arede ned
similarly. 1, is theradiusof the circular neighborhoodenterecht
thejunctionandit is pre-de ned(15 pixelsin all our experiments,
andshouldbe associatedvith the resolution). It boundsthe con-
tribution of the boundarylengthto the above belief asit is mean-
inglessto considetthewhole boundary Constank normalizeshe
beliefvalueto therangeof [0,1]. Thebeliefde ned above is maxi-
mizedwhentheblockingboundanyis straightandall boundariesre
sufciently long. Whenthereexiststwo equalmaximally subtend-
edanglesatthesamgunction(Fig. 5(c)), bothorderingsuggestions
arevalid andtheir beliefsarecomputedseparately

Ourcurrentunctionidenti cation methods ratherstraightforvard.
More sophisticatecapproachcan be found in [Noris et al. 2013.
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Figure 6: (a) An input sequencef three frames. (b) The corre-
spondingordering graphsconstructedbasedon the T-junctionsin
a singleframe (c) Theordering relation graph for the whole se-
quence(d) Re nedorderinggraphshasedon the graph-cutresult.

However, no matterhow sophisticatedhe methodis, missingor in-
correctT-junctionsmay still be unasoidable. Insteadof relying on
the sophisticationof T-junction identi cation andits belief mod-
el design,we rely on the aggregateeffect of the large numberof
T-junction suggestiongrom multiple frames,to suppresshe nois-
iness,compensat¢he missingT-junctions,andresole theincons-
teng/ amongthe orderingsuggestionn thefollowing section.

With the orderingsuggestionandtheir beliefs,we construcianor-
deringgraphfor eachframe (Fig. 4(f)). Eachregion corresponds
to a nodein the graphand an orderingsuggestiora ! b corre-
sponddgo adirectededgefrom nodea to nodeb. Eachedgecarries
a weight correspondingdo the belief. Whenthereare multiple T-
junctions betweenregions a and b, the beliefs of all T-junctions
suggestinghe sameorderingdirection are summedand assigned
astheweightof thedirectededg)e(from atob,

W;! b= B;! b (2
t2T

whereT is thesetof T-junctionssuggestinghesameorderinga !
bin the framef . It is possiblethat different T-junctionssuggest
oppositeorderingdirections,i.e. botha ! bandb ! a exist.
Theseoppositedirectionscorrespondo oppositedirectededgesn
the graph(the cycle in Fig. 4(f)). In thatcase weightsof opposite
orderingdirectionsaresummedseparately

5 Temporal-Consistent Ordering

It seemghatthe orderingof all regionsin eachframealreadycan
be obtainedby topologicallysortingeachorderinggraphindepen-
dently However, T-junctionsin a singleframemay be unreliable,
contradictory or temporallyinconsistent.Fig. 6(a) shovs oneun-
stablescenarioin which a yellow squaremovesfrom left to right
andoccludeghe pink squarebehind.Eventhoughthe orderingre-
lationshipamongthethreecolorregionsdoesnotchangeovertime,
theT-junctionscapturedareinconsistentvith eachother(Fig. 6(b)).
Hence, we utilize the aggr@ate effect of a large numberof T-
junctionsfrom multiple framesin orderto maintainthe temporal



consisteng. While anorderingrelationtendsto remainunchanged
in aperiodof time,it mayalsochangeat certainpointsdueto actual
motions.Hence we formulatethis problemasagraph-cufproblem
which canmaintainthetemporalconsisteng while simultaneously
allow sharpandpersistenthangeof ordering.

We constructan ordering relation graph (Fig. 6(c)) for the whole
animationsequencebasedon the perframe orderinggraphscon-
structedpreviously. In this graph,eachnode,denotedas n;;b, S-
tandsfor anorderingrelationbetweena pair of regionsa andb in

framef . Eachnon-terminalnodeis connectedo thetwo terminal
nodessourceandsink. If thegraph-cutresultlabelsanon-terminal
noden;;b to source,it meansregion a occludesregionb(a! b)

in framef . Otherwiseregionboccludegegiona (b! a).

Data Cost Thedatacostmeasuresow likely anorderingrelation
betweerregionsa andbin aframef isa! b(sourceorb! a
(sink). Eachnodeis connectedo boththe sourceandthe sink, and
thecostsassociatingvith thecorrespondingledgesarede ned as

f

D(n},;source)= wh, p=(w, ,+ wf, ,) (3)

d
an D(nfa;b;sink) = Wfb! az(Wfa! bt Wfb! a) 4)

respectiely.

Region Correspondence and Smoothness Cost Thesmooth-
nesscost measuresow likely an ordering relation remainsun-
changedn two consecutie frames,andis modeledasthe similari-
ty of the correspondingegions. To measurehe similarity, rst we
needto determinghecorrespondencef regions.Unlikelive-action
videos,contentof cel animationusuallychangesnuchmorerapid-
ly andabruptly Soexisting motiontrackingmethodsaregenerally
notapplicable We proposeo determingheregion correspondence
basedon the similarity of regions. In particular the similarity of
two regions, a andb, is measuredn termsof their differencesn
color, position,size,andshapeasfollow,

e = Jap Max . Oa;b “exp I-Ira I'b] J-_ha hpj
' ' min (ra;rp) min (ra;rp)  min (ha;hp)
where ©)
Jap = H[Tc G ]H[Tn Nap]; (6)
H is aHeavisidestepfunction
_ 00 n<O
H= 3 07 )

andCGyy =k gqa  gp k measureshe color differenceof a andb
by calculatingthe Euclideandistancebetweertheir corresponding
color histogramvectorsga andqy, . The color histogramvectoris
constructedn RGB color spacewith eachchannelquantizednto
16 bins. N4 is the smallestEuclideandistancebetweenregions
a andb andis normalizedby imageresolution. Tc and Ty are
userde ned thresholdsand are setto 0.3 and 0.1 respectrely in
our experiments 0, is thesizeof theoverlappingareaof a andb,
ra is thesizeof a, andh, is avery crudeshapedescriptorde ned
asha = ra=ya Wherey, istheperimeternof a.

For eachregion in a frame, we searchfor the mostsimilar region
in the previous and subsequentramesrespectiely and they are
referredasthe correspondingegions. Notethatit is possiblethata
region hasno correspondingegion previously or/andsubsequently
We desigrthesimilarity by takingtwo formsof regionchangesnto
account.On onehand,a region may be divided into multiple sub-
regionsin neighboringframesdueto occlusion.Thesesub-rgions
canbevery differentin shapeandsizewith theoriginal region, but
their positionsarelesslik ely to changeoo much. Thus,measuring
the overlappingareagiveshigh toleranceor this complication.On
the other hand, a region can translatea lot over two consecutie
frames,but the shapeof theregion is lesslikely to change.In this
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Figure 7: Directusage of the ordering for depthassignment.(a)
Four input frames. Correspondingregions are labeled with the
samecolors. (b) Re nedordering graphs. (c) Assigningthe lay-
er numberas the depthleadsto discontinuousmotion over time
Thecolors of the curvescorrespondo that of theregions. (d) Plot
of our optimizeddepthvaluesover time

case measuringhe differenceof areasize andshapegiveshigher
tolerance.lt is lesslikely to have both severe occlusionandlarge
movementsimultaneouslyasthis may hurt the “readability” of the
animationandseemso be avoidedby cel animators.

With the correspondencenformation, we createan edgeto link
eachtwo correspondingrelations (not regions, i.e. nodesin
Fig. 6(c)) of regionsa andbin consecutie framesf andf + 1. The
associate@moothnessostis modeledasa functionof the similar-

ity of ain framesf and(f + 1), s’ ** , andthesimilarity of bin

fif+
framesf and(f + 1), s, b
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where istheuserde ned scalingfactor We setit to 0.8in all our
experiments.

min(sh

Optimization and Consistenc y Re nement
functionis

Theoverallenegy

f+1

D(nkyiw)( ubpsu)+  V(nbyinist ) ulyulst) @

fiu f

whereu 2 f sourcesinkg is thelabel,u’,, isthelabelof nl, , and
( u;Vv) returnslif u is differentfrom v andO otherwise.Noise-
suppressedndtemporal-consistergrderingcanthenbe obtained
by nding the minimum cut of the graphthatminimizesthe above
enepgy function. With the graph-cutresult,we canthenre ne the
perframeorderinggraphsby addingmissingedgesandremaoving
inconsistenedgegFig. 6(d)). Followedby thetopologicalsorting,
we obtainthe orderingof all regionsin all frames.

6 Depth Synthesis

Given the orderedregions as layers, the simplestway to create
depthis to assigneachlayerwith a distinctdepthvalue,with clos-
er layers having smaller depthvalues. A naturalassumptionis
thatthe inter-layer distanceis constant(Fig. 8(c)). But obviously,
suchdepthassignmentannotproducecorvincing and temporal-
coherentstereoscopiceffect. Fig. 7 explains why such simple
approachcannotmaintain temporalcoherence. Considera tan-
coloredball is thrown overa x edbluewall (Fig. 7(a)). Theorder
ing graphof eachframeafterre nementis shavn in Fig. 7(b). By
assigninghe layerorderingasthe depthwithout consideringem-
poralcoherenceit is possibleto obtaindepthvaluesfor thetanand
blue layersover the four framesasplottedin Fig. 7(c). Fig. 12(b)
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Figure 8: Depthof a real examplecreatedby assignindayer num-
ber as depth((b) & (c)) and our depthoptimization((d) & (e)).
(a) Con guration of the two camens usedfor renderingthe layer
s. (b) & (d) are rendeed fromthe 45 -elevatedcamen. (c) & (e)
are rendeed fromthe top-viav camer. Notethe differencein the
distribution of layers alongthe z direction.

shavs arealexamplein whichthedepthof old manchangesbrupt-
ly overtheframes.

Temporal-Coherent Depth Synthesis We formulatethe depth
synthesisasan optimization.Beforedescribingthe objective func-
tion in detail,we rst identify therequirement$or a smoothdepth
motion. Firstly, thesameregionsshouldnotchangen depthabrupt-
ly overtime. Thatis, thedepthdistance®f temporallyneighboring
regions shouldbe minimized. Secondly regions belongingto the
sameobjectshouldbe closeto eachotherin depth. However, de-
termining whetherregions belongingto a single objectrequiresa
sophisticatedemanticanalysis.Instead by assuminghatregions
belongingto the sameobjectaremorelik ely to move synchronous-
ly, we cansimplify the problemto minimizing the depthdistances
betweenregionswith similar motions. In addition, the previously
computeddepthorderingshouldbe presered in the form of con-
straints. Thus,we formulatethe depthsynthesisasa minimization
of thefollowing enegy function,

Es + E; (10)

wherethetermE s correspondso the similar motionrequirement,
and E: corresponddgo the temporalsmoothness.We de ne the
similarmotiong?rm Es as,
Es = exp skmh mik (d d)? (@
fiab
which minimizesdepthdifferenceshetweenspatially neighboring
regions with similar motions. Here, df, denotesthe depthof re-
gion a in framef , andit is the valueto be determinedduring the
minimization. m’, is the motion vectorof region a. It is a vector
(normalizedo thecarvassize)from thecentroidof a in framef to
thecentroidof a in framef + 1. s isascalingfactorandsetto 0.1
in all our experiments.

Thetemporalsmoothnestermis de ned as

X .
Ev= s (dy dit)?+

fia fia

e(d; ) (12

It minimizesdepthdifferencesbetweencorrespondingegionsbe-
tweenconsecutie frames. The left part controlsthe toleranceof
depthchangeof aregion. sb ** is the similarity of a de ned in
Section5. Our rationaleis that a region having a smallerchange
in shapeis lesslikely to have large depthchange.Hence the blue
wall in Fig. 7 is lesslikely to changein depthwhile the moving
ball (with a changeof scale)is more acceptablgo have a larger
changein depth. The right partin Eq.(12) aimsat obtaininga s-
moothdepthchangeover time guidedby a tted cune. Thatis, we
hopethe depthdf, of region a overtime f canbe representedby

a tted quadraticcurve . Its tting errore (df; ) is whatwe are
minimizing. istheweightandis setto 100in all ourexperiments.

Thepreviously obtaineddepthorderingis formulatedasthefollow-
ing linearconstraints

dy di gy, 8w, ,>0 (13)

Theabore constraints only appliedto ary two regionswith anor-

deringrelation. Functiong,, , controlsthe minimal depthdiffer-
encebetweerregionsa andbin framef . It triesto pull regionsa-
partin thedepthdomainandprovide thevarietyof inter-layerdepth
distance If a T-junctionhasa higherbelief value,it is morecon -

dentthatthe correspondingegionsdiffer in depth.If the ordering
relation betweentwo regionsare more persistenover a period of
time, the depthdifferenceshouldbe more obsenable. Moreover,

regionswith largersizescontritute moreto the overall visualexpe-
rience.This givesriseto thefollowing design,

gy » = min(ri;ry)ol, wh, (14)

where ¢ L0 e (0
0, p= nfnonjf fj sttow, ,>0 (15)
measurethenumberof framesto thenearesswappingpoint(when

a! bbecomed! a),rf isthesizeof ain framef, andw!, ,
is thebelief of the T-junction.

This optimizationcan be solved using standardmethodssuchas
active set[Gill etal. 1984. It terminateswhenthe enegy con-
verges. After minimization, eachregion is assignedwith an op-
timized depthvalue. Fig. 12(c) shavs the perframe depthmaps
obtainedwith this approach.Our resulteffectively suppressethe
abruptdepthchangein Fig. 12(b). Note thatthe optimizeddepth
valuesarerelative, andcanbe scaledasneeded.

User Constraint We allow usersto specify constraintsto the
depthsynthesidy addingnew orderingsuggestionsr directly as-
sign depthvaluesto the regions. Wheneer the userintroducesa
new orderingsuggestionwe addanadditionalinequalityconstrain-
t to Eq. 13 andremorve ary contradictingconstraintsmmediately
Wheneer the userdirectly assigngdhedepthvalueof aregiona in

framef , we addanew constrainto the optimizationprocessas

do dfa dO + (16)

whered, istheuserassignediepthvalue,and isasmalltolerance.

Background Region Speciakreatments neededo dealwith the
backgroundregion. Even with T-junctions,the orderingbetween
thebackgroundandotherregionsis notinformative. Currently our
systemidenti es the backgroundegion by heuristics e.g. region-

s thatarelarge in size andregionshaving frequentcontactto the
frameboundaryareregardedasbackground.Of course userscan
alsore ne theidenti cation of the backgroundvia a simpleinter

active tool. Oncearegion is identi ed asthe backgroundit is as-
signedwith anin nite depth.

7 Stereoscopization

With the perframedepthmaps(partialgeometry) we cansynthe-
size a stereopair of imagesfor eachframe by renderingthe cor
respondingdepthmap (textured with the input color frame) from
novel viewpoints. Insteadof regardingthe original frame asone
of the two views, we rendertwo novel views by equallytranslat-
ing theviewpoint to the left andto theright. This stratey reduces
theamountof disoccludegixelsto Il. Fig. 9(a) and10(a) aretwo
blow-upsof there-renderedmageswith disoccludegixelscolored
in green.



(a) (b) (c) (d) (e)
Figure 9: (a) A blow-upof a left view image fromthe sequencén
Fig. 13. (b) Optimizeddepthmapwith gaps. (c) Region mapwith
gaps. (d) Ragionsare extendedto Il the disocclusionpixels. (e)
The nal inpaintedresult.

(a) (b) () (d) (e)

® (9) (h) () 0)

Figure 10: (a) A blow-upof a right view image fromthe sequence
in Fig. 1. (b) Optimizeddepthmap. (c) Region mapwith gaps. (d)
Region mapdressedwith boundaries. (e) Boundaryof the closer
regionis r stextended.(f) Followedby the farther region. (g) The
nal extendedboundaries.(h) Extendedegionswith boundaries.
(i) Extendedegionsonly. (j) The nal inpaintedresult.

(a) left view image (b) right view image

(c) (d) (e) (f)

Figure 11: (a) & (b) are the nal inpaintedstereo pair. (¢) & (d)
are blow-upsof (a). (e) & (f) are blow-upsof (b).

Wetheninpaintthedisoccludedixelsby extendingtheregionsbe-
ing occluded.Fig. 9 demonstratea simplescenaridn which only
oneregion is disoccluded.Note thattherecanbe multiple regions
beingdisoccludedFig. 10). Hence,beforethe actualinpainting,
we needto rst identify which region a disoccludedpixel belongs
to. The basicideais to extend eachregion in a front-to-backor-
der With the previously synthesizedlepthmap,we rst pick the
closestregion with the boundarybroken by the disoccludedpixels
(Fig. 10(e)), andthenextendit alongits tangentearits end, until
the extensionis blocked by anotherregion. Thenthe next closest
regionis selectecandperformedwith the boundaryextensionsimi-
larly (Fig. 10(f)). Theprocessontinueauntil all brokenboundaries
are extended(Fig. 10(h)). The resultis an extendedregion map
(Fig. 10(i)). Finally, for eachregion, we inpaintits disoccluded
pixelsusingtexture synthesisnethod/ Ashikhmin2001. More so-
phisticatednpaintingtechniqueg Criminisi et al. 2004 Sunet al.
2009, suchas structure-baseépainting, may also be employed
for large disocclusion. Fig. 9(e) and 10(j) shaw the inpaintedre-
sults. Fig. 11(a) & (b) shav a stereopair of oneframe. Note how
theregionsareproperlyoccludedor disoccludedn theblow-upsof

thetwo views (Fig. 11(c)-(f)).

8 Results and Discussion

To validate the effectivenessof our method, we stereoscopize
wide variety of cel animations rangingfrom Japanes#o Western
stylesof drawing, and from single-characteto hundredsof char
actersanimatedsequencesFig. 1, 12 and 15 are Japanese-style
animationswhile the onesin Fig. 13 and 14 arein more Western
style. Readersrereferredto the supplementaryideofor visualiz-
ing the stereoscopieffect of the examplesshawvn in this paper

Fig. 1 shavs a charactestretchingout his hands.In traditionalcel
animationproduction his handshead,andbody arevery likely to
be collapsednto asinglecel. Existingapproacheto createstereo-
scopiceffect have to manually separatehis single charactefinto
multiple layersin orderto manuallyassigndepthto eachlayer. Ob-
viously, this is tedious.In contrastour methodautomaticallygen-
erategnultiple regionsandsynthesizethe depthfor stereoscopiza-
tion. Fig. 13furtherdemonstratethestrengthof ourmethod.There
arehundredsof regionsin this example,makingthe manualdepth
assignmenandthe maintenancef temporalcoherenceery labor
intensize. Instead,we can corveniently stereoscopiz¢he anima-
tion with temporalconsisteng As our methodpurelyreliesonthe
T-junction cue of edges,color informationis not requiredduring
stereoscopizatiorfig. 14 shavs oneinterestingexample,in which
the input animationcontainsonly line dravings. Even with this,
we can introducestereoscopi@ffect into the animation. Fig. 15
demonstratethe effectivenesf our graph-cutbaseddepthorder
ing estimationin handlingthe suddenchangeof orderingin the
sequence.Here, the girl doesa crosseer. With the synthesized
depthmaps,we can further introduceout-of-focuseffect into the
sequencéFig. 12(e)). In our abore experimentsthe manualinter-
ventionis minimal. For thoseframesrequiring adjustmenteach
frameonly requiredessthanoneminuteof userintervention. The
samesetof parametewaluesareappliedin all our experiments.

Reliability of T-junctions  To validatehow effective T-junctions
arein suggestingordering,we comparethe orderingestimatecoy
our methodto the groundtruth ordering.We rst preparedyround
truth orderingsby manuallylabelingthe orderingof every pair of
regionsin eachframe. So thatwe cancomputethe correctratio.
On average gachframecontainsabout213 T-junctions(maximum
454). Table 1 shaws the correctratio statisticsat differentstages
of our system.Evenif the orderingis estimatecnly basedon in-
dividual T-junctions,the correctratio is alreadyaround68%-83%.
With thesimplebelief computation(Eq.(2)), thecorrectratiois sig-
ni cantly improved. After the graph-cutbbasedemporalconsistent
orderingcomputationtheratiois furtherraisedto 85%-98%.

CorrectRatio Fig.1 Fig.12 | Fig.13 | Fig.14 | Fig.15
T-junctionalone 77:18% | 74:70% | 82:88% | 70:73% | 68:83%
With intra-frameinformation| 90:17% | 90:36% | 94:09% | 80:57% | 81:75%
With temporalcoherence 96:81% | 94:14% | 97:29% | 85:60% | 96:55%

Table 1: Reliability of T-junctionsin ead stage of our ordering
determination.

Timing statistics  All ourexperimentsareconductecbn PCwith
3GHzCPU,4 GB systenmemory Thetotal computationatimefor
eachsequencés reportedn the correspondingaption. Currently
the whole systemis implementedwith Matlah No GPU is used.
We believe GPUimplementatiorcansigni cantly boostthesystem
performance.

Limitation ~ Oneof ourlimitationsliesin thecardboard-lik repre-
sentationwhereregionsarebasicallyassumedo be at. Hence we
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Figure 12: “Running” (a) Input frames.(b) Topolaically sortedordering graphvisualizedasintensity (c) Depthmaps.(d) Steeoresult.
(e) Steeoresultwith out-of-focuseffect. Thissequencéas12 frames(1920 1080. Theframecontainingthe maximalnumberof regions
has72regions. Depthorderingtakes13.5minutesanddepthsynthesisakes10.9minutes.

(a):

(b):

(c):

Figure 13: “The mushooms. (a) Input frames.(b) Depthmaps. (c) Steeoresult. This sequencéas80 frames(994 728). Theframe
containingthe maximalnumberof regionshas124regions. Depthorderingtakes39.1 minutes and depthsynthesisakes65.3minutes.

(a):

(b):

Figure 14: “Raisedby Zombies. (a) Inputframes.(b) Depthmaps.(c) Steeoresult. Thissequencéas52 frames(1280 720) presented

in the form of line drawing Theframecontainingthe maximalnumberof regionshas 188 regions. Depthordering takes 23 minutes,and
depthsynthesisakes40.2minutes. ¢ GuyCollins.



(a):

(b):

(c):

Figure 15: “The basletball girl.” (a) Inputframes.(b) Depthmaps.(c) Steeoresult. Thissequencéas15frameg1104 622). Theframe
containingthe maximalnumberof regionshas92 regions. Depthorderingtakes5.4 minutes and depthsynthesisakes5.1 minutes.

cannotsynthesizecurved regions (curving towardsthe viewpoint)
with graduallychangingdepthvalues.It is possibleto “in ate” the
regionsto createpseudo-3Dmeshesso that regionsareconnected
with eachotherin the boundary Besidesin somecasesa region
a canbe partly occludinganotherregion b and simultaneouslya
is partly occludedby b (seethe headandcollar of the runningold
manin thethird framein Fig. 12). Currently we cannotcompute
the depthcorrectly Furthermoreour assumptiorof similar mo-
tion suggestinghe sameobjectmayfail. Unlesswith sophisticated
semanticanalysis,suchproblemhasto be resohed by userinter-
vention.

As our methodhighly relieson the properidenti cation of regions,
cartoonswithout clearboundarylines (blurry images,imageswith
smole or explosive effects) may not generatecorrectresult. An-
otherlimitation is thatour resultmayfail to resole the orderingif
T-junctionsin the sequenceonsistentlysuggestnincorrectorder
ing. Currently we canonly correctthis by hand.

9 Conclusions

In this paper we presenta novel methodto stereoscopiz@D cel

animations The proposednethodreliesonly onthe T-junctioncue
to resole the orderingof regions. It ts naturallyinto the existing

productionof cel animations.The cel animationcanbe produced
asusual,with anadditionallaststepof our stereoscopizatiorOur

high degreeof automatiorfreesusersfrom thelaborintensive seg-

mentationanddepthassignment.

Our rst key contritution is to maintainthe temporalconsisten-
cy of orderingrelationshipacrossthe frames,via a graph-cutfor-
mulation. Our secondcontribution is the temporal-cohererdepth
synthesivia anovel optimizationformulation. Corvincing stereo-
scopiceffectis createdn all our examples.

While our currentmethodonly relieson T-junctions, other depth
cueslike crudeshadingcould alsobe exploited in the future. We
mayalso“in ate” regionsto avoid the cardboardingyaps.Besides,
we shallfurtherinvestigatehefeasibility in deducingthegrouping
of regionsin amoresemantidashion.
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