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Figure 1: Stereoscopizationof a cel animation. Our methodtakesan ordinary 2D cel animation(top row) as input, infers the temporal-
consistentordering, andsynthesizestheper-framedepthmaps(middlerow), in order to generatea stereoscopiccel animation(bottomrow,
presentedin theform of anaglyphs).Thissequencehas12 frames(1920� 1080). Theframecontainingthemaximalnumberof regionshas
82 regions.In our experiment,depthorderingtakes12 minutes,anddepthsynthesistakes9.6minutes.

Abstract

While hand-drawn cel animationis a world-wide popularform of
art and entertainment,introducing stereoscopiceffect into it re-
mainsdif�cult andcostly, dueto thelack of physicalclues.In this
paper, we proposea methodto synthesizeconvincing stereoscop-
ic cel animationsfrom ordinary2D inputs,without labor-intensive
manualdepthassignmentnor 3D geometryreconstruction. It is
mainly automaticdueto the needof producinglengthyanimation
sequences,but 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 theT-junction
cueavailablein cartoons,we �rst infer theinitial, but not reliable,
orderingof regions. Oneof our major contributions is to resolve
thetemporalinconsistency of orderingby formulatingit asagraph-
cut problem. However, the resultantorderingremainsinsuf�cient
for generatingconvincingstereoscopiceffect,asorderingcannotbe
directly usedfor depthassignmentdueto its discontinuousnature.
We further proposeto synthesizethe depththroughan optimiza-
tion processwith the orderingformulatedas constraints.This is
our secondmajorcontribution. Theoptimizedresult is thespatio-
temporallysmoothdepthfor synthesizingstereoscopiceffect. Our
methodhasbeenevaluatedon a wide rangeof cel animationsand
convincing stereoscopiceffect is obtainedin all cases.
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1 Intr oduction

Traditionalcelanimationis producedwith eachframebeingdrawn
manuallyoncelluloidsor via computertablets,andremainsawide-
ly usedapproach(Fig. 2). Unfortunately, it is extremelydif�cult
to introducestereoscopiceffect into cel animations. To our best
knowledge,thereis only a scarcenumberof stereoscopiccel ani-
mationsproducedsofar. Unlike live-actionmoviesthatcanbecap-
turedwith astereocameraand3D computeranimationsthatcanbe
computerrendered(e.g.Toy StoryandCyborg 009[ProductionI.G.
et al. 2012]), hand-drawn cartoonscontainno physically correct
depthto estimatenor3D geometricalinformationto exploit. In fact,
framesdrawn by celanimatorsusuallycontainphysicallyincorrec-
t objectsor shapesto maintainaestheticsand style [Rademacher
1999]. Traininganimatorsto manuallydraw stereoscopicpairsof
framesis almostinfeasible.

As celsmaybephysicallyincorrect,3D geometryreconstructionof
thehand-drawn scenesbecomesinfeasible.Besides,the transition
betweenadjacentframesis typically much larger 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)andthencomposedto producetheani-
mation.

ing may not be applicable. Onemay suggestutilizing celsasor-
deredlayersin theanimationproduction.However, suchcel layers
maynotcorrespondto thephysicaldepthweneed.As illustratedin
Fig. 2, thetwo charactersmaybecollapsedinto a singlecel during
the production. No orderinginformation betweenthem is avail-
able in the original cel. Suchcollapsingtreatmentis decidedby
theanimatorandis commonin therealproduction.Althoughone
canmanuallyintroducedepthinformation to still cartoonsby la-
beling[S�ykoraet al. 2010] or modelinggeometry[ProductionI.G.
et al. 2012], theseapproachesarelabor-intensive. Thesituationis
evenworsenedwhenextendedto longanimationsequences.

In this paper, we proposea novel methodto “stereoscopize” (intro-
ducestereoscopiceffect to) traditionalcel animationsby inferring
the pseudo-depth, that looks convincing andpleasant.While our
methodis automatic,it providestheoptionof full usercontrol vi-
a direct adjustmentandconstraintson all intermediateresults. It
�ts naturally into the existing production�o w of the 2D cel ani-
mation. Animatorsdo not have to model3D geometrynor to train
themselves for hand-drawing stereoframes. While cartoonsmay
not containphysicallycorrectinformation,thereremainimportant
cuesfor humanaudiencesto perceive thedepth.Oneimportantcue
is the T-junction (Fig. 5) correspondingto the occlusion, andhas
long beenawareby psychologistsandcomputerscientists[Bruce
etal. 2003; Guzḿan1968] in visualperception.Hence,wepropose
to �rst infer theorderingof thelayersby exploiting theT-junction
cue. Here,the “layers” refer to the regionswe extractedandmay
not be equivalent to the cel layers. While the T-junction cuemay
notbeobviousto detectin naturalimages,it is especiallydistinctive
in cartoondrawing asregionsaremostly enclosedby clearedges.
However, theT-junctioncuemaystill benoisyandleadto ordering
inconsistency within aframeand/oramongtheframes.To suppress
the noisewhile allowing the changeof orderingdueto the actual
motion,we formulatetherelationbetweeneachpair of layersasa
graph-cutproblemto maintaintemporalorderingconsistency.

Even with the orderedlayers, layersseparatedby equaldistance
(dueto thelack of inter-layerdistanceinformation)anddiscontin-
uousdepthchangeacrossconsecutive framescannotproducevisu-
ally appealingstereoscopiceffect. Instead,layersbelongingto the
sameobjectshouldhavesimilardepthvalues,andthedepthshould
changesmoothlyacrossframes.To computethepseudo-depthwith
theserequiredproperties,we formulateit asanoptimizationprob-
lem,with thecomputedlayerorderingasinequalityconstraintsand
the usercontrol as higher-priority constraints.Oncethe pseudo-
depthis computed(Fig. 1, middle row), we canthensynthesizea
stereopair for eachframeby renderingthelayersfrom novel view-
pointsandinpaintingthe missingpixels dueto disocclusion.Our
major contribution lies on two aspects. The �rst one is a novel

graph-cutformulationfor achieving temporalconsistency of order-
ing. The secondis the depthsynthesisby minimizing the energy
over similar motionandtemporalsmoothness.On thebottomrow
of Fig. 1, visually pleasantandconvincing stereoscopiceffect for
thecelanimationis obtained,eventhecharacteris originally drawn
ona singlecel layerandprovidesno physicalclues.

2 Related Work

Thekey to stereoscopizemoviesor animationsis to obtaina depth
valuefor eachpixel in eachframe,sothatthedisparitycanbecom-
puted. The depthis determinedby obtainingeither image-based
depthmapsor geometry-basedmodels. Existing methodscanbe
roughlyclassi�ed into depthinferencinganddepthcreation.

Depth Inferencing Recoveringdepthand/orgeometryfrom nat-
ural imagesis a classicalproblemin computervision. Existingap-
proachesutilize variousphotographicdepthcuesfor recovery, in-
cluding shading[Horn 1990; Wu et al. 2008], texture [Superand
Bovik 1995; Forsyth 2001], focus [Nayar and Nakagawa 1990;
Assaand Wolf 2007], and even haze[He et al. 2009]. With a
live-actionvideo sequenceas the input, cameratrajectorycanbe
estimatedand temporalcoherencecan be considered[Kang and
Szeliski2004; Zhanget al. 2008; Langet al. 2010]. Unfortunately,
thesemethodsare only applicablefor naturalimages/videos,be-
causehand-drawn cartoonsarelack of cuesexploited above. For
instance,cartoonshadingis usually crudeand not guaranteedto
bephysicallycorrect.More seriously, themovementbetweencon-
secutive framesis usuallymuchlarger thanthat of the live-action
videos.Togetherwith theinsuf�ciency of texturesin cartoons,fea-
ture tracking and poseestimationbecomevery dif�cult. Hence,
depthor geometryrecovery from hand-drawn cel animationsis in-
feasiblewith theabove methods.

While mostdepthcuesarenot exploitablein cel animations,there
remainsonecommoncueavailablein bothnaturalimagesandcar-
toons. It is the T-junction. Its notion haslong beenawareby re-
searchersin visualperception[Metzger1936; Guzḿan1968; Bruce
et al. 2003]. However, only smallnumberof work is available[A-
postoloff and Fitzgibbon2005; Dimiccoli and Salembier2009a;
Dimiccoli andSalembier2009b; Amer et al. 2010; Jiaet al. 2012]
andall of them only focus on naturalimages. In this paper, we
make the�rst attemptto exploit theT-junctioncuewithin acartoon
frameandthe temporalconsistency of T-junctionsover thewhole
celanimationto infer thedepth.Notethat,unlike in naturalimages
whereT-junctionsarelessobvious to detect,the T-junctioncueis
especiallysuitablefor cartoonsdueto the availability of clearen-
closingedges.

Depth Creation Attemptshave alsobeenmadeto construct3D
geometryfrom line drawings by makingassumptionson both the
inputdrawing andtheshapebeingconstructed.TakingCAD or ar-
chitecturaldrawingsasinput andmakingtheparallel-lineassump-
tion, methodshave beendevelopedto constructobjectsor archi-
tecturalstructures[Lipson andShpitalni1996; Varley andMartin
2002; Lee et al. 2008; Ward et al. 2011]. Due to the strongas-
sumptions,they arenot applicableto arbitrarydrawings, suchas
cartoonsof “organic” charactersor even physically incorrectbut
stylishdrawings. Anotherstreamof work focuseson sketch-based
modeling[Igarashietal.1999; Gingoldetal. 2009; Goldberg 2009;
Karpenko and Hughes2006; Nealenet al. 2007; Joshiand Carr
2008; Kim et al. 2013] that canconstructmore“organic” objects
by makinganothersetof assumptions.Unlike thesecomprehensive
shapeconstructionapproaches,weonly constructa2.5Dlayerrep-
resentationfrom thecartoonandmake no assumptionon theinput.

Themoststraightforwardapproachto createdepthis to allow users
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Figure3: Systemoverview.

to assigndepthvaluesto pixelsdirectly [Venturaet al. 2009; Schar
etal. 2008; Wangetal. 2011]. Theamountof userinterventioncan
be reducedby specifyingequalitiesandinequalities[Zhanget al.
2002; AssaandWolf 2007; S�ykoraet al. 2010]. Nevertheless,ex-
istingmethodsaremainlyappliedonstill cartoonsandseldomcon-
sider temporalconsistency. Due to the amountof manualinput,
practicalapplicationof thesemethodsto lengthycel animationis
questionable.In contrast,our depth-inferencingmethodis main-
ly automaticwith optionalusercontrol,andcapableto synthesize
temporallycoherentdepthfor thewholeanimationsequence.

If theoriginal cel layersareavailable,onecanalsocreatea stereo-
scopic animationby manually assigningdepth to eachcel lay-
er [Tokyo Movie Shinsha1977; ProductionI.G. 2011; Riverset al.
2010] aspracticedin the current�lm industry. However, content
within thesamecel is therefore�attened unlessit is modeledsep-
aratelywith geometry. In our work, we computethedepthfor the
regionsextractedfrom a cel, contentsin the samecel canalsobe
stereoscopizedasdemonstratedin Fig. 1.

3 Overview

Oursystemis overviewedin Fig. 3. Givena sequenceof animation
framesasinput, we �rst extract theregionsfrom eachframe. Our
goal is to determinea depthvaluefor eachregion in orderto syn-
thesizestereoframes. Here,eachareaenclosedby edgesforms a
region(Fig.4(e)). Unliketypicalsegmentations,wedonotsegment
purelybasedoncolor, asseparatedregionscausedby shading(e.g.
shadedregions in Fig. 4(a)) are inappropriatein our application.
Instead,we �rst identify all edgepixelsandstorethemin anedge
map.Notethatedgesin cartoonsarenotnecessarilyblackin color.
It canbeany color but locally darker thanthatof theneighboring
regions. As theluminancechannelcontainsthemostvisually sen-
sitive content,we convert theRGB framesto Lab color spaceand
processonly theL channel.WepreprocesstheL imageby applying
theadaptivehistogramequalizationto makeedgesmoredistinctive,
followed by the median�ltering. The differencebetweenthe be-
fore andaftermedian-�lteredimagesis theedgemap.Themedian
�lter caneffectively differentiatethe explicitly hand-drawn edges
(trough-shapedpro�le Fig. 4(c)) from color discontinuitydue to
shading(stair-shapedpro�le in Fig. 4(d)). Fig. 4(b) shows theedge
mapextractedwith Fig. 4(a) astheinput. We furtherextractedge-
enclosingregions(Fig.4(e))by applyingarolling-ball [Zhangetal.
2009] onthis image-basededgemap.Notethatsimple�ood-�lling
may fail asstylish drawings not alwaysform closedregions. Op-
tionally, usersareallowed to modify the extractedregions(merge
over-segmentedor split under-segmentedregions)via aninteractive
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tool.

As one of our key contributions, we then determinethe depth-
orderingof theextractedregions. We utilize theT-junctioncueto
resolve theordering.A T-junction indicatestheappearanceof oc-
clusionandsuggestsanorderingrelationthatoneregion occludes
theothertwo (e.g.Fig. 5(b)). With theT-junctioncue,weconstruct
an orderinggraphfor eachframe independently(Fig. 3(c)). By
topologicallysorting[Kahn1962] (Section4) this orderinggraph,
we canalreadydeterminean ordering. However, sometimesa T-
junction is vagueor even incorrect(Fig. 5(c)-(e)), thusrelying on
T-junction cuesfrom a singleframeis noisy andinsuf�cient. By
exploiting T-junctionsfrom multiple frames,we cansuppressnois-
esandmaintaintemporalconsistency. In particular, we formulate
thisproblemasagraph-cutproblem[Boykov etal. 2001]. A single
orderingrelationgraphis constructedfor thewhole animationse-
quence(Fig. 3(e)) wheretheorderingrelationsbetweenevery pair
of regionsare the nodesand inter-framecorrespondencesamong
regions(Fig. 3(d)) aretheedges.Thentemporal-consistentorder-
ing relationscanbeobtainedby solvinganoptimalcut (Section5).
A nice featureof this graph-cutformulation is that it alsoallows
sharpchangesof theorderingsdueto actualmotions.Theresultof
thegraph-cutis usedto remove inconsistentand/orinsertmissing
orderingsin eachorderinggraph(Fig. 3(f)). The �nal orderingof
regionsfor eachframeis determinedusingthetopologicalsorting.

To produceconvincing stereoscopiceffect without discontinuous
depthchange,depthorderingaloneis not suf�cient. We needto
further computethe pseudo-depth(Fig. 3(g)) so that the depthof
a region changessmoothlyover time (Section6). We formulate
it as an optimizationproblemwith an objective to minimize two
typesof inter-region depthdistances.They arethedepthdistances
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rectsuggestion(b), vaguesuggestion(c), aswell as incorrectsug-
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betweentemporallyneighboringregionsover consecutive frames,
andthedepthdistancesbetweenspatiallyneighboringregionswith
similarmotions(regionswith similarmotionsaremorelikely to be
connected,andso astheir depths).Previously estimatedordering
information is formulatedasthe inequalityconstraintsso that the
orderingis not violatedduringenergy minimization.

Finally, with theoptimizedimage-baseddepthmaps(partialgeom-
etry) andtheoriginal color frames,we cansynthesizea stereopair
for eachframe (Fig. 3(h)) by re-renderingeachframe as viewed
from two novel eye positions(Section7). Gapsdueto disocclu-
sionin there-renderedviews areinpainted.Thereason,thatwe do
not reusetheinput frameasoneview of thestereopair, is to avoid
largegapsgeneratedby largeeye disparitywhich maycomplicate
thesubsequentinpainting.

4 T-Junction for Ordering

Whena boundary(thevertical line in letter“T”) is blockedby an-
otherboundary(thehorizontalline in “T”), a T-junction is formed
andit suggeststheappearanceof occlusion(Fig. 5(f)). While theT-
junctionsuggestsno orderinginformationbetweenthetwo regions
sharingtheblockedboundary(regionsb& c in Fig.5(f)), it suggest-
s a high belief of the third region (region a in Fig. 5(f)) occluding
theothertwo (b & c). We de�ne a T-junctionasa 3-valencejunc-
tion point in theedgemap. An idealT-junctionis formedby three
suf�ciently long boundariesin which two boundariesarecolinear
andthe third boundaryis perpendicularto them. Obviously, short
boundaries(Fig. 5(d)) aswell asvagueT-junction (Fig. 5(c)) may
misleadtheordering.Hence,we computea belief of theocclusion
suggestionfor eachdetectedT-junction. Considera T-junction t,
wemodelits belief of suggestingregiona blockingregionsbandc
(denotedasa ! b anda ! c) as

B t
a ! b = B t

a ! c = kl min( � a ; 2� � � a ); (1)

wherel = min( lab ; lac ; lbc ; lo), andk = 1=(� lo).

Here, region a is the region with the maximally subtendedangle
� a at the junction. Regionsb andc arethe two remainingregions.
Fig. 5(f) explainsthenotation.Notationlab denotesthearc length
of theboundarysharedby regionsa andb. lac andlbc arede�ned
similarly. lo is the radiusof thecircularneighborhoodcenteredat
thejunctionandit is pre-de�ned(15 pixels in all our experiments,
andshouldbe associatedwith the resolution). It boundsthe con-
tribution of the boundarylengthto the above belief asit is mean-
inglessto considerthewholeboundary. Constantk normalizesthe
beliefvalueto therangeof [0,1]. Thebeliefde�ned above is maxi-
mizedwhentheblockingboundaryisstraightandall boundariesare
suf�ciently long. Whenthereexiststwo equalmaximallysubtend-
edanglesatthesamejunction(Fig.5(c)), bothorderingsuggestions
arevalid andtheirbeliefsarecomputedseparately.

Ourcurrentjunctionidenti�cation methodis ratherstraightforward.
More sophisticatedapproachcanbe found in [Noris et al. 2013].
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Figure 6: (a) An input sequenceof three frames. (b) Thecorre-
spondingorderinggraphsconstructedbasedon theT-junctionsin
a singleframe. (c) Theordering relation graph for the wholese-
quence. (d) Re�nedorderinggraphsbasedon thegraph-cutresult.

However, nomatterhow sophisticatedthemethodis, missingor in-
correctT-junctionsmaystill beunavoidable.Insteadof relying on
the sophisticationof T-junction identi�cation and its belief mod-
el design,we rely on the aggregateeffect of the large numberof
T-junctionsuggestionsfrom multiple frames,to suppressthenois-
iness,compensatethemissingT-junctions,andresolve theincons-
tency amongtheorderingsuggestionsin thefollowing section.

With theorderingsuggestionsandtheir beliefs,weconstructanor-
deringgraphfor eachframe(Fig. 4(f)). Eachregion corresponds
to a nodein the graphandan orderingsuggestiona ! b corre-
spondsto a directededgefrom nodea to nodeb. Eachedgecarries
a weight correspondingto the belief. Whentherearemultiple T-
junctionsbetweenregions a and b, the beliefs of all T-junctions
suggestingthe sameorderingdirectionaresummedandassigned
astheweightof thedirectededgefrom a to b,

wf
a ! b =

X

t 2 T

B t
a ! b (2)

whereT is thesetof T-junctionssuggestingthesameorderinga !
b in the framef . It is possiblethat differentT-junctionssuggest
oppositeorderingdirections,i.e. both a ! b andb ! a exist.
Theseoppositedirectionscorrespondto oppositedirectededgesin
thegraph(thecycle in Fig. 4(f)). In thatcase,weightsof opposite
orderingdirectionsaresummedseparately.

5 Temporal-Consistent Ordering

It seemsthat theorderingof all regionsin eachframealreadycan
beobtainedby topologicallysortingeachorderinggraphindepen-
dently. However, T-junctionsin a singleframemaybe unreliable,
contradictory, or temporallyinconsistent.Fig. 6(a) shows oneun-
stablescenarioin which a yellow squaremovesfrom left to right
andoccludesthepink squarebehind.Eventhoughtheorderingre-
lationshipamongthethreecolorregionsdoesnotchangeovertime,
theT-junctionscapturedareinconsistentwith eachother(Fig.6(b)).
Hence,we utilize the aggregate effect of a large numberof T-
junctionsfrom multiple framesin order to maintainthe temporal



consistency. While anorderingrelationtendsto remainunchanged
in aperiodof time,it mayalsochangeatcertainpointsdueto actual
motions.Hence,we formulatethisproblemasagraph-cutproblem
whichcanmaintainthetemporalconsistency while simultaneously
allow sharpandpersistentchangeof ordering.

We constructan ordering relation graph (Fig. 6(c)) for the whole
animationsequence,basedon the per-frameorderinggraphscon-
structedpreviously. In this graph,eachnode,denotedasn f

a;b , s-
tandsfor anorderingrelationbetweena pair of regionsa andb in
framef . Eachnon-terminalnodeis connectedto thetwo terminal
nodes,sourceandsink. If thegraph-cutresultlabelsanon-terminal
noden f

a;b to source,it meansregion a occludesregion b (a ! b)
in framef . Otherwise,region boccludesregiona (b ! a).

Data Cost Thedatacostmeasureshow likely anorderingrelation
betweenregionsa andb in a framef is a ! b (source)or b ! a
(sink). Eachnodeis connectedto boththesourceandthesink,and
thecostsassociatingwith thecorrespondinglyedgesarede�ned as

D (n f
a;b ; source) = wf

a ! b=(wf
a ! b + wf

b! a ) (3)

and
D (n f

a;b ; sink) = wf
b! a =(wf

a ! b + wf
b! a ) (4)

respectively.

Region Correspondence and Smoothness Cost Thesmooth-
nesscost measureshow likely an ordering relation remainsun-
changedin two consecutive frames,andis modeledasthesimilari-
ty of thecorrespondingregions.To measurethesimilarity, �rst we
needtodeterminethecorrespondenceof regions.Unlikelive-action
videos,contentof celanimationusuallychangesmuchmorerapid-
ly andabruptly. Soexisting motiontrackingmethodsaregenerally
notapplicable.Weproposeto determinetheregioncorrespondence
basedon the similarity of regions. In particular, the similarity of
two regions,a andb, is measuredin termsof their differencesin
color, position,size,andshapeasfollow,

sa;b = J a;b max
�

oa;b

min (r a ; r b )
; exp

�
�

j r a � r b j

min ( r a ; r b )
�

j ha � hb j

min (ha ; hb )

��

(5)
where

J a;b = H [TC � Ca;b ]H [TN � N a;b ]; (6)
H is a Heavisidestepfunction

H [n] =
�

0; n < 0
1; n � 0, (7)

andCa;b = k qa � qb k measuresthecolor differenceof a andb
by calculatingtheEuclideandistancebetweentheir corresponding
color histogramvectorsqa andqb . Thecolor histogramvectoris
constructedin RGB color spacewith eachchannelquantizedinto
16 bins. N a;b is the smallestEuclideandistancebetweenregions
a and b and is normalizedby imageresolution. TC and TN are
user-de�ned thresholdsandare set to 0.3 and0.1 respectively in
ourexperiments.oa;b is thesizeof theoverlappingareaof a andb,
r a is thesizeof a, andha is a very crudeshapedescriptorde�ned
asha = r a =ya whereya is theperimeterof a.

For eachregion in a frame,we searchfor the mostsimilar region
in the previous and subsequentframesrespectively and they are
referredasthecorrespondingregions.Notethatit is possiblethata
regionhasnocorrespondingregionpreviouslyor/andsubsequently.
Wedesignthesimilarity by takingtwo formsof regionchangesinto
account.On onehand,a region maybedivided into multiple sub-
regionsin neighboringframesdueto occlusion.Thesesub-regions
canbevery differentin shapeandsizewith theoriginal region,but
their positionsarelesslikely to changetoomuch.Thus,measuring
theoverlappingareagiveshigh tolerancefor this complication.On
the other hand,a region can translatea lot over two consecutive
frames,but theshapeof theregion is lesslikely to change.In this
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Figure 7: Direct usage of the ordering for depthassignment.(a)
Four input frames. Correspondingregions are labeledwith the
samecolors. (b) Re�nedordering graphs. (c) Assigningthe lay-
er numberas the depthleadsto discontinuousmotion over time.
Thecolors of thecurvescorrespondto that of theregions. (d) Plot
of our optimizeddepthvaluesover time.

case,measuringthedifferenceof areasizeandshapegiveshigher
tolerance.It is lesslikely to have both severeocclusionandlarge
movementsimultaneously, asthis mayhurt the“readability” of the
animationandseemsto beavoidedby cel animators.

With the correspondenceinformation, we createan edgeto link
each two correspondingrelations (not regions, i.e. nodes in
Fig.6(c)) of regionsa andbin consecutive framesf andf + 1. The
associatedsmoothnesscostis modeledasa functionof thesimilar-
ity of a in framesf and(f + 1), sf ;f +1

a , andthesimilarity of b in
framesf and(f + 1), sf ;f +1

b ,

V (n f
a;b ; n f +1

a;b ) = � min( sf ;f +1
a ; sf ;f +1

b ) (8)

where� is theuser-de�ned scalingfactor. Wesetit to 0.8 in all our
experiments.

Optimization and Consistenc y Re�nement Theoverallenergy
functionis

X

f ;u

D (n f
a;b ; u )�( u f

a;b ; u ) +
X

f

V (n f
a;b ; n f +1

a;b )�( u f
a;b ; u f +1

a;b ) (9)

whereu 2 f source,sinkg is thelabel,uf
a;b is thelabelof n f

a;b , and
�( u; v) returns1 if u is differentfrom v and0 otherwise.Noise-
suppressedandtemporal-consistentorderingcanthenbe obtained
by �nding theminimumcut of thegraphthatminimizestheabove
energy function. With thegraph-cutresult,we canthenre�ne the
per-frameorderinggraphsby addingmissingedgesandremoving
inconsistentedges(Fig. 6(d)). Followedby thetopologicalsorting,
weobtaintheorderingof 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 depth values. A natural assumptionis
that the inter-layerdistanceis constant(Fig. 8(c)). But obviously,
suchdepthassignmentcannotproduceconvincing and temporal-
coherentstereoscopiceffect. Fig. 7 explains why such simple
approachcannotmaintain temporalcoherence. Considera tan-
coloredball is thrown over a �x edbluewall (Fig. 7(a)). Theorder-
ing graphof eachframeafter re�nementis shown in Fig. 7(b). By
assigningthe layerorderingasthedepthwithout consideringtem-
poralcoherence,it is possibleto obtaindepthvaluesfor thetanand
blue layersover the four framesasplottedin Fig. 7(c). Fig. 12(b)



(c) (e)(a)

(b) (d)

top view
o45 elevated-

Figure8: Depthof a realexamplecreatedbyassigninglayernum-
ber as depth((b) & (c)) and our depthoptimization((d) & (e)).
(a) Con�guration of thetwo camerasusedfor renderingthelayer-
s. (b) & (d) are rendered fromthe45� -elevatedcamera. (c) & (e)
are rendered fromthe top-view camera. Notethedifferencein the
distributionof layers alongthez direction.

showsarealexamplein whichthedepthof old manchangesabrupt-
ly over theframes.

Temporal-Coherent Depth Synthesis We formulatethe depth
synthesisasanoptimization.Beforedescribingtheobjective func-
tion in detail,we �rst identify therequirementsfor a smoothdepth
motion.Firstly, thesameregionsshouldnotchangein depthabrupt-
ly over time. Thatis, thedepthdistancesof temporallyneighboring
regionsshouldbe minimized. Secondly, regionsbelongingto the
sameobjectshouldbe closeto eachotherin depth. However, de-
terminingwhetherregionsbelongingto a singleobject requiresa
sophisticatedsemanticanalysis.Instead,by assumingthat regions
belongingto thesameobjectaremorelikely to move synchronous-
ly, we cansimplify theproblemto minimizing thedepthdistances
betweenregionswith similar motions. In addition,the previously
computeddepthorderingshouldbe preserved in the form of con-
straints.Thus,we formulatethedepthsynthesisasa minimization
of thefollowing energy function,

Es + E t (10)

wherethetermE s correspondsto thesimilar motionrequirement,
and E t correspondsto the temporalsmoothness.We de�ne the
similarmotiontermEs as,

Es =
X

f ;a;b

exp
�

� � s k m f
a � m f

b k
�

(df
a � df

b )2 (11)

which minimizesdepthdifferencesbetweenspatiallyneighboring
regions with similar motions. Here, df

a denotesthe depthof re-
gion a in framef , andit is thevalueto be determinedduring the
minimization. m f

a is the motion vectorof region a. It is a vector
(normalizedto thecanvassize)from thecentroidof a in framef to
thecentroidof a in framef + 1. � s is ascalingfactorandsetto 0.1
in all ourexperiments.

Thetemporalsmoothnesstermis de�ned as

E t =
X

f ;a

sf ;f +1
a (df

a � df +1
a )2 + �

X

f ;a

e� (df
a ; � )2 (12)

It minimizesdepthdifferencesbetweencorrespondingregionsbe-
tweenconsecutive frames. The left part controlsthe toleranceof
depthchangeof a region. sf ;f +1

a is the similarity of a de�ned in
Section5. Our rationaleis that a region having a smallerchange
in shapeis lesslikely to have largedepthchange.Hence,theblue
wall in Fig. 7 is lesslikely to changein depthwhile the moving
ball (with a changeof scale)is more acceptableto have a larger
changein depth. The right part in Eq.(12) aimsat obtaininga s-
moothdepthchangeover time guidedby a �tted curve. Thatis, we
hopethe depthdf

a of region a over time f canbe representedby

a �tted quadraticcurve � . Its �tting errore� (df
a ; � ) is whatwe are

minimizing. � is theweightandis setto 100in all ourexperiments.

Thepreviouslyobtaineddepthorderingis formulatedasthefollow-
ing linearconstraints

df
b � df

a � gf
a ! b; 8wf

a ! b > 0 (13)

Theabove constraintis only appliedto any two regionswith anor-
deringrelation. Functiongf

a ! b controlsthe minimal depthdiffer-
encebetweenregionsa andb in framef . It triesto pull regionsa-
partin thedepthdomainandprovidethevarietyof inter-layerdepth
distance.If a T-junctionhasa higherbelief value,it is morecon�-
dentthat thecorrespondingregionsdiffer in depth.If theordering
relationbetweentwo regionsaremorepersistentover a periodof
time, the depthdifferenceshouldbe moreobservable. Moreover,
regionswith largersizescontributemoreto theoverall visualexpe-
rience.This givesriseto thefollowing design,

gf
a ! b = min( r f

a ; r f
b )of

a ! bwf
a ! b (14)

where
of

a ! b = min
f 0

jf 0 � f j s:t: wf 0

b! a > 0 (15)

measuresthenumberof framesto thenearestswappingpoint(when
a ! b becomesb ! a), r f

a is thesizeof a in framef , andwf
a ! b

is thebelief of theT-junction.

This optimizationcan be solved using standardmethodssuchas
active set [Gill et al. 1984]. It terminateswhen the energy con-
verges. After minimization, eachregion is assignedwith an op-
timized depthvalue. Fig. 12(c) shows the per-framedepthmaps
obtainedwith this approach.Our resulteffectively suppressesthe
abruptdepthchangein Fig. 12(b). Note that the optimizeddepth
valuesarerelative,andcanbescaledasneeded.

User Constraint We allow usersto specify constraintsto the
depthsynthesisby addingnew orderingsuggestionsor directly as-
sign depthvaluesto the regions. Whenever the userintroducesa
new orderingsuggestion,weaddanadditionalinequalityconstrain-
t to Eq. 13 andremove any contradictingconstraintsimmediately.
Whenever theuserdirectly assignsthedepthvalueof a region a in
framef , we adda new constraintto theoptimizationprocessas

d0 � � � df
a � d0 + � (16)

whered0 is theuser-assigneddepthvalue,and� isasmalltolerance.

Backgr ound Region Specialtreatmentis neededto dealwith the
backgroundregion. Even with T-junctions,the orderingbetween
thebackgroundandotherregionsis not informative. Currently, our
systemidenti�es thebackgroundregion by heuristics,e.g. region-
s that are large in sizeandregionshaving frequentcontactto the
frameboundaryareregardedasbackground.Of course,userscan
alsore�ne the identi�cation of the backgroundvia a simpleinter-
active tool. Oncea region is identi�ed asthebackground,it is as-
signedwith anin�nite depth.

7 Stereoscopization

With theper-framedepthmaps(partialgeometry),we cansynthe-
sizea stereopair of imagesfor eachframeby renderingthe cor-
respondingdepthmap(texturedwith the input color frame) from
novel viewpoints. Insteadof regardingthe original frameasone
of the two views, we rendertwo novel views by equally translat-
ing theviewpoint to theleft andto theright. This strategy reduces
theamountof disoccludedpixelsto �ll. Fig. 9(a) and10(a)aretwo
blow-upsof there-renderedimageswith disoccludedpixelscolored
in green.



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

Figure 9: (a) A blow-upof a left view image fromthesequencein
Fig. 13. (b) Optimizeddepthmapwith gaps. (c) Region mapwith
gaps. (d) Regionsare extendedto �ll the disocclusionpixels. (e)
The�nal inpaintedresult.

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

(f) (g) (h) (j)(i)

Figure 10: (a) A blow-upof a right view image fromthesequence
in Fig. 1. (b) Optimizeddepthmap. (c) Region mapwith gaps.(d)
Region mapdressedwith boundaries.(e) Boundaryof the closer
region is �r st extended.(f) Followedby thefarther region. (g) The
�nal extendedboundaries.(h) Extendedregionswith boundaries.
(i) Extendedregionsonly. (j) The�nal inpaintedresult.

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

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

Figure 11: (a) & (b) are the �nal inpaintedstereopair. (c) & (d)
are blow-upsof (a). (e) & (f) are blow-upsof (b).

Wetheninpaintthedisoccludedpixelsby extendingtheregionsbe-
ing occluded.Fig. 9 demonstratesa simplescenarioin which only
oneregion is disoccluded.Note that therecanbemultiple regions
beingdisoccluded(Fig. 10). Hence,beforethe actualinpainting,
we needto �rst identify which region a disoccludedpixel belongs
to. The basicidea is to extendeachregion in a front-to-backor-
der. With the previously synthesizeddepthmap,we �rst pick the
closestregion with theboundarybrokenby thedisoccludedpixels
(Fig. 10(e)), andthenextendit alongits tangentnearits end,until
the extensionis blocked by anotherregion. Thenthe next closest
region is selectedandperformedwith theboundaryextensionsimi-
larly (Fig. 10(f)). Theprocesscontinuesuntil all brokenboundaries
are extended(Fig. 10(h)). The result is an extendedregion map
(Fig. 10(i)). Finally, for eachregion, we inpaint its disoccluded
pixelsusingtexturesynthesismethod[Ashikhmin2001]. Moreso-
phisticatedinpaintingtechniques[Criminisi et al. 2004; Sunet al.
2005], suchasstructure-basedinpainting,may alsobe employed
for large disocclusion.Fig. 9(e) and10(j) show the inpaintedre-
sults. Fig. 11(a) & (b) show a stereopair of oneframe. Notehow
theregionsareproperlyoccludedor disoccludedin theblow-upsof

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

8 Results and Discussion

To validate the effectivenessof our method,we stereoscopizea
wide variety of cel animations,rangingfrom Japaneseto Western
stylesof drawing, andfrom single-characterto hundredsof char-
actersanimatedsequences.Fig. 1 , 12 and15 areJapanese-style
animationswhile the onesin Fig. 13 and14 are in moreWestern
style.Readersarereferredto thesupplementaryvideofor visualiz-
ing thestereoscopiceffect of theexamplesshown in this paper.

Fig. 1 shows a characterstretchingout his hands.In traditionalcel
animationproduction,his hands,head,andbodyarevery likely to
becollapsedinto a singlecel. Existingapproachesto createstereo-
scopiceffect have to manuallyseparatethis single characterinto
multiple layersin orderto manuallyassigndepthto eachlayer. Ob-
viously, this is tedious.In contrast,our methodautomaticallygen-
eratesmultiple regionsandsynthesizesthedepthfor stereoscopiza-
tion. Fig.13furtherdemonstratesthestrengthof ourmethod.There
arehundredsof regionsin this example,makingthemanualdepth
assignmentandthemaintenanceof temporalcoherencevery labor-
intensive. Instead,we canconveniently stereoscopizethe anima-
tion with temporalconsistency. As our methodpurelyrelieson the
T-junction cueof edges,color information is not requiredduring
stereoscopization.Fig. 14shows oneinterestingexample,in which
the input animationcontainsonly line drawings. Even with this,
we can introducestereoscopiceffect into the animation. Fig. 15
demonstratestheeffectivenessof our graph-cutbaseddepthorder-
ing estimationin handlingthe suddenchangeof orderingin the
sequence.Here, the girl doesa crossover. With the synthesized
depthmaps,we can further introduceout-of-focuseffect into the
sequence(Fig. 12(e)). In our above experiments,themanualinter-
vention is minimal. For thoseframesrequiringadjustment,each
frameonly requireslessthanoneminuteof userintervention. The
samesetof parametervaluesareappliedin all our experiments.

Reliability of T-junctions To validatehow effective T-junctions
arein suggestingordering,we comparetheorderingestimatedby
our methodto thegroundtruth ordering.We �rst preparedground
truth orderingsby manuallylabelingthe orderingof every pair of
regions in eachframe. So that we cancomputethe correctratio.
On average,eachframecontainsabout213T-junctions(maximum
454). Table1 shows the correctratio statisticsat differentstages
of our system.Even if theorderingis estimatedonly basedon in-
dividual T-junctions,thecorrectratio is alreadyaround68%-83%.
With thesimplebeliefcomputation(Eq.(2)), thecorrectratio is sig-
ni�cantly improved. After thegraph-cutbasedtemporalconsistent
orderingcomputation,theratio is 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 each stage of our ordering
determination.

Timing statistics All ourexperimentsareconductedonPCwith
3GHzCPU,4GBsystemmemory. Thetotalcomputationaltimefor
eachsequenceis reportedin thecorrespondingcaption.Currently,
the whole systemis implementedwith Matlab. No GPU is used.
WebelieveGPUimplementationcansigni�cantly boostthesystem
performance.

Limitation Oneof ourlimitationslies in thecardboard-like repre-
sentationwhereregionsarebasicallyassumedto be�at. Hence,we
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Figure 12: “Running.” (a) Input frames.(b) Topologically sortedorderinggraphvisualizedasintensity. (c) Depthmaps.(d) Stereoresult.
(e) Stereoresultwith out-of-focuseffect. Thissequencehas12 frames(1920� 1080). Theframecontainingthemaximalnumberof regions
has72 regions.Depthorderingtakes13.5minutes,anddepthsynthesistakes10.9minutes.

(a):

(b):

(c):

Figure 13: “The mushrooms.” (a) Input frames.(b) Depthmaps.(c) Stereo result. This sequencehas80 frames(994 � 728). Theframe
containingthemaximalnumberof regionshas124regions.Depthorderingtakes39.1minutes,anddepthsynthesistakes65.3minutes.

(a):

(b):

(c):

(c):

Figure 14: “Raisedby Zombies.” (a) Input frames.(b) Depthmaps.(c) Stereoresult.Thissequencehas52 frames(1280� 720) presented
in the form of line drawing. Theframecontainingthemaximalnumberof regionshas188 regions. Depthordering takes23 minutes,and
depthsynthesistakes40.2minutes. c
 GuyCollins.
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(b):
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Figure15: “The basketball girl.” (a) Input frames.(b) Depthmaps.(c) Stereoresult.Thissequencehas15 frames(1104� 622). Theframe
containingthemaximalnumberof regionshas92 regions.Depthorderingtakes5.4minutes,anddepthsynthesistakes5.1minutes.

cannotsynthesizecurved regions(curving towardsthe viewpoint)
with graduallychangingdepthvalues.It is possibleto “in�ate” the
regionsto createpseudo-3Dmeshesso that regionsareconnected
with eachotherin theboundary. Besides,in somecases,a region
a canbe partly occludinganotherregion b andsimultaneouslya
is partly occludedby b (seetheheadandcollar of therunningold
manin the third framein Fig. 12). Currently, we cannotcompute
the depthcorrectly. Furthermore,our assumptionof similar mo-
tion suggestingthesameobjectmayfail. Unlesswith sophisticated
semanticanalysis,suchproblemhasto be resolved by userinter-
vention.

As ourmethodhighly relieson theproperidenti�cation of regions,
cartoonswithout clearboundarylines(blurry images,imageswith
smoke or explosive effects)may not generatecorrectresult. An-
otherlimitation is thatour resultmayfail to resolve theorderingif
T-junctionsin thesequenceconsistentlysuggestanincorrectorder-
ing. Currently, we canonly correctthis by hand.

9 Conc lusions

In this paper, we presenta novel methodto stereoscopize2D cel
animations.Theproposedmethodreliesonly on theT-junctioncue
to resolve theorderingof regions. It �ts naturallyinto theexisting
productionof cel animations.The cel animationcanbe produced
asusual,with anadditionallaststepof our stereoscopization.Our
high degreeof automationfreesusersfrom thelabor-intensive seg-
mentationanddepthassignment.

Our �rst key contribution is to maintain the temporalconsisten-
cy of orderingrelationshipacrossthe frames,via a graph-cutfor-
mulation. Our secondcontribution is the temporal-coherentdepth
synthesisvia a novel optimizationformulation.Convincing stereo-
scopiceffect is createdin all ourexamples.

While our currentmethodonly relieson T-junctions,otherdepth
cueslike crudeshadingcould alsobe exploited in the future. We
mayalso“in�ate” regionsto avoid thecardboardinggaps.Besides,
we shallfurtherinvestigatethefeasibility in deducingthegrouping
of regionsin a moresemanticfashion.
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