
EUROGRAPHICS2010/ T. Akenine-MöllerandM. Zwicker
(GuestEditors)

Volume29 (2010), Number2

Adding Depth to CartoonsUsingSparseDepth (In)equalities

D. Sýkora,y1 D. Sedlacek,2 S.Jinchao,1 J.Dingliana,1 andS.Collins1

1Trinity CollegeDublin
2CzechTechnicalUniversityin Prague,Facultyof ElectricalEngineering

Abstract

Thispaperpresentsa novel interactiveapproach for addingdepthinformationinto hand-drawncartoonimages
andanimations.In comparisonto previousdepthassignmenttechniquesour solutionrequiresminimalusereffort
andenablescreationof consistentpop-upsin a matterof seconds.Inspiredby perceptualstudiesweformulatea
customtailoredoptimizationframework that tries to mimicthewaythat a humanreconstructsdepthinformation
froma singleimage. Its key advantage is that it completelyavoidsinputsrequiringknowledge of absolutedepth
andinsteadusesa set of sparsedepth(in)equalitiesthataremuch easierto specify. Sincetheseconstraintsleadto
a solutionbasedonquadratic programmingthat is timeconsumingto evaluateweproposea simpleapproximative
algorithmyieldingsimilar resultswith much lower computationaloverhead.We demonstrateits usefulnessin the
context of a cartoon animationproductionpipeline including applicationssuch as enhancement,registration,
composition,3D modellingandstereoscopicdisplay.

Categoriesand SubjectDescriptors(accordingto ACM CCS): ComputerGraphics[I.3.4]: GraphicsUtilities—
Graphicseditors,ImageProcessingandComputerVision [I.4.8]: SceneAnalysis—Depthcues, ImageProcess-
ing and ComputerVision [I.4.6]: Segmentation—Pixel classi�cation, ComputerApplications [J.5]: Arts and
Humanities—Finearts

1. Intr oduction

Recoveringdepthfrom a singleimageis a challenge,which
hasremainedan openproblemafter decadesof active re-
search.In this paperwe focus on a speci�c variant of the
problemwheretheinput imageis ahand-madeline drawing.
As opposedto previousattemptsto providecomplete3D re-
constructioneitherby imposing variousgeometricassump-
tions [LS96, VM02, LFG08] or using sketch-basedinter-
facesto createthe3D model incrementally[IMT99,KH06,
NISA07,JC08,GIZ09], we seeka simple2.5Dpop-upcon-
sistentwith theobserver's perceptionof depthin thescene.
Suchrepresentationis crucial for maintainingcorrectvisi-
bility andconnectivity of individual partsduringinteractive
shapemanipulation [IMH05, WXXC08], deformableim-
ageregistration[SDC09a] or fragmentcomposition[SBv05]
(seeFigure1 top).It canalsobeusedin thecontext of image
enhancementto generate3D-like shadingeffects [Joh02],

y e-mail:sykorad@cs.tcd.ie

improve perceptionof depth[LCD06], or producestereo-
scopicimageswhich have becomeincreasinglypopulardue
to emerging3D displaytechnologies(seeFigure1 bottom).

Althoughin generalit is almostimpossibleto obtaincon-
sistent2.5D pop-upautomaticallywe show that by usinga
few user-provided hints the taskbecomesvery simple.Our
novel approachis motivatedby perceptualstudiesthathave
triedto understandhow ahumanreconstructsdepthinforma-
tion from a single image[KvDK96, Koe98]. Thesestudies
show that in contrastto machines,humanshave no internal
representationof the sceneandratherrely on a setof local
judgementsfrom which they reconstructglobalobservation.
Morespeci�cally they have foundthathumanstypically fail
to specify absolutedepthvaluesbut are much more accu-
ratein telling whethersomepartof theobjectis in front of
anotherandvice versa.This observationleadsusto thefor-
mulation of an optimizationproblemthat tries to emulate
the humandepthreconstructionprocess.Its key advantage
is that it completelyavoids speci�cation of absolutedepth
valuesandinsteadusesdepth(in)equalitieswhichbettercor-
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Figure 1: Applications– depthmapsgeneratedusingour systemcanbeutilized to maintaincorrectvisibility in (a) as-rigid-
as-possibleshapemanipulation,(b) deformableimageregistration,and(c) fragmentcomposition.They canalsohelpto (d) en-
hanceperceptionof depth,(e) interpolatenormalswith respectto depthdiscontinuities,and produce(f) 3D-like shading,
(g) stereoscopicimages,or (h) simple3D models.

respondto theuser's intuition. Usingthis framework we im-
plementaninteractiveuserinterfacethatsigni�cantly lowers
themanualeffort neededto createsimplecartoonpop-ups.

Therestof thepaperis organizedasfollows.We�rst sum-
marizeprevious work in recovering depthfrom single im-
agesand analyzethe main drawbackswith respectto our
cartoon-orientedscenario.Then we proceedto a descrip-
tion of our novel approach,show someresultsanddiscuss
implementationissuesand limitations. Finally we demon-
stratevariousapplicationsin thecontext thecartoonanima-
tion productionpipelineandconcludewith possibleavenues
for futurework.

2. Relatedwork

Classicalapproachesto depthfrom a single imageexploit
variousphotographicdepthcuessuchas shading[Hor90,
WSTS08], texture [SB95, For01], depth-of-�eld [NN94,
AW07], or haze[Fat08, HST09]. Therearealsotechniques
thattreattheproblemasastatisticalinferenceandusesuper-
visedlearning[HEH05,SSN09] or a largedatabaseof man-
ually annotatedimages[RT09] to provide a sampleof prior
knowledge.However, dueto their statistical naturethey re-
quire the input datato be very similar to that provided in
examplesor databasesandif not they typically produceonly
verycoarseapproximations.

When depthcuesor statisticalinferencedo not provide
suf�cient resultsone can let the userpaint with depthdi-
rectly aswith color [Wil90, Kan98]. Although several sim-
plegeometricconstraints[HiAA97] or customtailorededit-

ing tools[OCDD01] canspeed-uptheprocess,it is still very
tediousandtimeconsuming.

The problem becomesslightly simpler when the input
image is a line drawing with visible contoursthat delin-
eateobject boundaries.When the depictedobject consists
of several planar surfacesand when somebasic geomet-
ric constraintsare satis�ed, a complete3D model can be
generatedautomatically[LS96, VM02, LFG08]. However,
such constraintsare typically not satis�ed in the caseof
cartoon imageswhere the aim is to provide highly styl-
ized depiction.A commonassumptionhereis that the ob-
ject hasa blobby surfacethereforeit is possibleto useits
contoursas an input to somesketch-based3D modelling
tool [IMT99,KH06,NISA07,JC08,GIZ09] to createa sim-
pleblobbyobjectthatcanbefurtherusedin variousapplica-
tions [PFWF00, OCN04]. However, sucha work�o w is not
suitablefor our 2.5D scenariowherethe aim is to provide
depthvaluesconsistentwith theinternalstructureof thecar-
toonimage.

Ourtechniqueismostcloselyrelatedto theworkof Zhang
et al. [ZDPSS01], who proposea systemthatallows recon-
structionof free-form surfacesfrom several user-speci�ed
hintswhich form a linearly constrained quadraticoptimiza-
tion problem.Althoughthemethodis very successful,there
areseveral drawbacksthat make the depthassignmentdif-
�cult in our cartoonpop-upscenario: (1) they requirethe
user to delineatedepth discontinuitiesmanually, (2) it is
necessaryto specifyabsolutedepth valuesfor regionssep-
aratedby discontinuities,and(3) the systemdoesnot pro-
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Figure 2: Depthfromsparseinequalities– input image (left) with two user-speci�eddepthinequalities(greenarrows),output
depthmapobtainedby solvingquadratic program (right), and approximativesolutionallowing interactivefeedback (middle
yellow box): (a) multi-label segmentation,(b) topological sorting, (c) intermediatedepthmap,(d) boundaryconditionsfor
Laplaceequation.

videinteractivefeedbacksincetheoptimizationis extremely
time consumingevenwhensophisticatedsolverswith hier-
archicalpreconditioningare used.Assaand Wolf [AW07]
later extendedZhang's approachby addingautomaticpre-
segmentationanddepth inequalitiessimilar to that usedin
oursystem.However, theirsystemis still notinteractive. The
whole pipeline takesseveral hoursper single image. They
�rst generateconstraintsautomaticallyusingvariousdepth
cuesextractedfrom an input photographand then solve a
complex optimizationproblemto obtainthe�nal depthmap.

Recently, Venturaetal. [VDH09] presentedaninteractive
sketch-basedinterfacefor photopop-upthatalsobearssome
resemblanceto oursystem.They �rst pre-segmenttheimage
and then usedistanceon a groundplaneto assigncoarse
depthsto eachlayer. After that they manipulatedetailsby
paintingdepthgradientsandintegratethemto producethe
�nal depthmap.

Our approachcan also be viewed as an extension of
colorization[LLW04] or multi-label segmentation[Gra06]
where,insteadof colors or labels,the aim is to propagate
depthvalues.Theaddedvalueof oursystemis thatwedonot
requirethe userto specifyexact depthvaluesasboundary
conditionsbut insteadusedepth(in)equalitieswhich make
theprocessmoreintuitive.

3. Our approach

In thissectionwepresentournovel approachto cartoonpop-
upbasedonasetof sparsedepth(in)equalities.We �rst for-
mulateanoptimizationproblemandshow how to solveit us-
ing quadraticprogramming,thenwe proceedto anapproxi-
mative solutionthatallows interactive feedbackand,�nally ,
we demonstratehow to extend it to handledrawing styles
with thick contoursandcartoonanimations.

3.1. Problemformulation

Let us assumethat we have an imageI for which the user
hasalreadyspeci�ed desireddepthequalitiesf p;qg 2 U=
andinequalitiesf p;qg 2 U> (seeFigure2 left), wherep;q2
I arepixels or a setof pixels (scribbles).In the following

sectionwe assumethat p andq arepixelsbut it is trivial to
extendtheapproachto work alsowith scribbles.

Now the task is similar to colorizationor segmentation.
We want to assigndepthsto all pixels so that the user-
speci�ed constraintsare satis�ed and discontinuitiesare
preferredat locationswherethe intensity gradientof I is
high (seeFigure2 right). This canbeformulatedasanopti-
mizationproblemwheretheaim is to �nd aminimumof the
following energy function:

minimize: å
p2I

å
q2N p

wpq(dp � dq)2 (1)

subjectto: dp � dq = 0 8f p;qg 2 U=
dp � dq � e 8f p;qg 2 U>

wheredp denotesthedepthvalueassignedto a pixel p, N p
is a 4-connectedneighborhoodof p, ande is somepositive
numbergreaterthanzero(e.g.e= 1). Theweightwpq is set
asin [Gra06]:

wpq / exp
�

�
1
s

(I p � I q)2
�

;

whereI p is the imageintensityat pixel p, ands is a mean
contrastof edges.A closerinspectionof (1) revealsthatour
problemcanberewrittenasaquadraticprogram:

minimize:
1
2

dTLd (2)

subjectto: dp � dq = 0 8f p;qg 2 U=
dp � dq � e 8f p;qg 2 U>

whereL is a large sparsematrix of size jI j2 representing
the so calledLaplace-Beltramioperator[Gra06]. This pro-
gramcanbesolveddirectlyusing,for instance,anactiveset
method[GMSW84], however, in practicethe computation
cantake tensof secondseven for very small images.To al-
low instantfeedbackwe proposeanapproximative solution
thatyieldssimilar resultswith signi�cantly lower computa-
tionaloverhead.
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Figure 3: Depthexpansion– syntheticexample(left): (a) input depthmapwith contours, (b) medialaxisobtainedusingtwo
distancetransformscomputedfromactiveregion (red)andall other regions(blue),(c) propagationof contourthicknessfrom
medialaxis to all contourpixels,(d) depthexpansionbasedon local thicknessestimate, (e) �lling small gaps,(f) expanded
depthmap.Practical example(right): several minorartifactsaredepictedin selectedzoom-ins.

3.2. Interacti veapproximation

The key idea of our approximative solution is to decom-
posetheprobleminto two separatesteps:(1) multi-labelseg-
mentation(Figure2a)and(2) depthassignment(Figure2b).
To do so we �rst treat the user-speci�ed constraintsas an
unorderedset of labelsL . Then we exploit an interactive
multi-label segmentationalgorithm tailored to cartoonim-
ages– LazyBrush[SDC09b]. Anotheralternative is random
walker segmentation[Gra06], however, sincethis algorithm
requiresus to solve a numberof poorly conditionedlinear
systemsit doesnot provide instant feedback.In contrast
LazyBrushexploits fast discreteoptimizationand further-
moreis resistantto imprecisescribbleplacement.

Onceregionsareseparatedwe canapply depthinequal-
ities U< but now all constraintsthat fall inside a region
areassociated with onegraphnodethat correspondsto the
underlyingregion. Suchnodesare interconnectedby a set
of orientededgesrepresentingdesiredinequalities(seeFig-
ure2b). In generalthisprocesscanresultin anarbitraryori-
entedgraph for whichconsistentdepthassignment(seeFig-
ure2c) existsonly if it doesnot containorientedloops.The
algorithmthat solvesthis problemis known astopological
sorting [Kah62] (seeAppendix). A part of this algorithm
is a detectionof orientedloopsso that onecaneasily rec-
ognizewhetherthe newly addedconstraintis consistent.If
not, thesegmentationphasecanbe invoked to createa new
region andthenupdatethe depthswith anothertopological
sortingstep.Notethatsincesegmentationanddepthassign-
mentstepsareindependentthey canbeexecutedincremen-
tally until thedesireddepthassignmentis reached.

Whentheabsolutedepthsareknown,wecaneasilyrecon-
structsmoothdepthtransitions(seeFigure2 right) to mimic
the resultprovided by the quadraticprogram(2). To do so

weuseasimpli�ed versionof (1):

minimize: å
p2I

å
q2N p

vpq(dp � dq)2 (3)

subjectto: dp = d̂p 8p 2 U�

where

vpq /
�

I p for d̂p 6= d̂q
1 otherwise,

d̂ denotesdepthvaluesfrom a depthmapproducedby the
topologicalsorting,andU� is a subsetof pixelsusedin U<
or U= (seeFigure2d). We let theuserdecidewhetherthese
constraintswill be includedin U� . The reasonwe useI p
insteadof 0 is thatwe have to decidewhetherthedepthdis-
continuityis real or virtual. RealdiscontinuitieshaveI p = 0
but thosewhicharenotcoveredby contours(likeuppergaps
in Figure2) have I p = 1, i.e. they preserve continuity and
thereforeproducesmoothdepthtransitions.The energy (3)
canbeminimizedby solvingtheLaplaceequation

r 2d = 0

with thefollowing boundaryconditions(q 2 N p):

Dirichlet: dp = d̂p ( ) p 2 U�

Neumann: d0
pq = 0 ( ) d̂p 6= d̂q ^ I p = 0

for whicha fastGPU-basedsolverexists[JCW09].

3.3. Depth expansion

Up to this point we have not yet taken careof pixels cov-
ered by contours.As the LazyBrushalgorithm placesre-
gion boundariesinside the contourit is not clear to which
region the contouractuallybelongs.Sincethis information
is inevitable for most applicationsdiscussedin this paper
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Figure4: Depthpropagation – transferof user-providedconstraints(top): (a) sourceimageenhancedbya depthmap,produced
usingconstraints(b,c),(d) constraintstransferredto a target imageusingas-rigid-as-possibleimageregistration,(e) target im-
ageenhancedbya depthmapproducedusing(d). As-rigid-as-possibleimageregistration (bottom):(f) sourceimage, (g) target
image, (h) initial overlap, (i) erronousregistration withoutdepthmap,(j) correct registration usingdepthmap(a) andaddi-
tional cracksat depthdiscontinuitiesspeci�edbybluearrowsin (b).

we have to provide a solutionto this depthexpansion prob-
lem.For drawingscontainingonly thin contours,regionscan
be consecutively erodedin a front-to-backorder. However,
sucha simple approachcan easily lead to noticeablearti-
factswhen usedfor thick contours.In this casethe depth
expansionprocessis equivalentto the�gure-groundsepara-
tion problemdescribedin [PGR99] which is not trivial since
it typically requiressemanticknowledgethat cannotbe re-
coveredwithoutadditionaluserintervention.

To solve this we improve upona previousapproachpro-
posedin [SBv05] that in practice producesgood results
with minor artifacts.We �rst estimatelocal contourthick-
nessusing two distancemaps[FH04]: D1 computedfrom
theboundariesof regionsbeingexpanded(redcolor in Fig-
ure 3b) and D2 from all other regions (blue color in Fig-
ure 3b). Pixels whereD1

p = D2
p form a medial axis from

which we canpropagateestimatesof contourthicknesst to
all otherpixels(Figure3c) by solvingLaplaceequation

r 2t = 0

usingthefollowing boundaryconditions(q 2 N p):

Dirichlet: tp = 2D1
p ( ) D1

p = D2
p

Neumann: t0
pq = 0 ( ) D1

p = 0 _ D2
p = 0:

Thenwe expandthe region to pixels whereD1
p < tp (Fig-

ure3d) and�ll in smallgapsby removing connectedcompo-
nentsof which thesizeis below aprede�nedthreshold(Fig-
ure3e).Theexpandedregionis thenremovedfrom thedepth
mapandthesameprocessis appliedto all otherremaining
regions in a front-to-backorder to obtain the resultingex-
pansion(Figure3f).

3.4. Depth propagation

Our depth assignmentframework can be easily extended
to handle cartoon animations. We can utilize the as-
rigid-as-possibleimage registration algorithm proposed
in [SDC09a]. The depthpropagation phaseis the sameas
auto-painting:a pre-annotatedanimationframe(Figure4c)
is registered with a target image (Figure 4g) and user-
de�ned labelsL are automaticallytransferred(Figure 4d)
betweencorrespondingpixels (Figure 4j). After that the
LazyBrushalgorithm[SDC09b] is usedto obtain the �nal
depthmap (Figure 4e). Note that sincethe absolutedepth
valuesarealreadyknown in thesourceframewedonotneed
to executea topologicalsortingstep.

Known depthvaluescanbealsoutilized duringas-rigid-
as-possibleimage registration to avoid inconsistentcon-
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�gurations which can arise when several parts of the de-
formedshapeoverlapeachother(Figure4i). Moreover, the
user can additionally specify a subsetof depth inequali-
ties (blue arrows in Figure4b) to mark out discontinuities
thatwill beunderstoodascracksduring thesquareembed-
dingphaseusedin theas-rigid-as-possibleregistrationalgo-
rithm[SDC09a]. Thismodi�cation allowsmoreaccurateim-
ageregistrationandconsequentlymoreaccuratedepthprop-
agation in caseswhenseveral partsof the deformedshape
are glued togetherin the 2D projectionalthoughthey can
move independently(e.g.handsor bootsin Figure4f).

4. Resultsand Limitations

We have implementedour algorithmin a simpleinteractive
applicationwherethe usercan freely combinemulti-label
segmentationwith thespeci�cationof depthinequalities.A
typical work�o w suitablefor novice usersis to �rst de�ne
the segmentationandthenadddepthinequalities,however,
experienceduserswill tendto combinethesetwo modesto
achieve fasterprogress.They can,for instance,directlygen-
eratescribbleswith a newly addeddepthinequalityto pro-
ducea regionandconstraintin onestep.

Severalexamplesof cartoonpop-upsgeneratedusingour
algorithmarepresented in Figures5 and6. Userinteractions
are recordedin two separatelayers– one containsequal-
ity scribblesandthesecondcontainsinequalities.Thesetwo
layersarehiddenduring the interactionto avoid clutter. It
is typically suf�cient to seeonly the currently addedcon-
strainttogetherwith an intermediatedepthmap(Figure5c)
enhancedusinga techniquethatwill bediscussedlater.

Note that the user doesnot tend to specify a minimal
set of inequalities but instead uses a more complicated
graph(seeFigure5b).Shetypically startswith local inequal-
ities andthenre�nes theresultby addingmoredistantcon-
straints.This incrementalprocessnicelycorrespondsto how
thehumanvisualsystemworks.It startsfrom localcuesand
thenproceedsto morecomplicatedglobalonesto reachthe
overall perceptionof depthin thescene.

As theLazyBrushalgorithm[SDC09b] suffersfrom met-
ricationartifactswhena largepartof thecontouris missing,
weadditionallyallow theuserto specifyasetof virtual con-
toursusingscribblesor splinestrokes(seepink curveswith
blackdotsin Figure6a).However, thesecurvesarerequired
only whentheoutputis expectedto betheintermediatedis-
cretedepthmap(Figure6c). In thesmoothcase(Figure6d),
the shapeof the virtual contoursis not importantsince it
doesnot correspondto a depthdiscontinuity andtherefore
will besmoothedout.Nevertheless,thevirtual contourscan
still beusedin orderto removerealcontoursthatdonot rep-
resentdepthdiscontinuities(upperpartof trunk in Figure6)
or to introducethem(lower partof dog's headin Figure6).
From this perspective our approximative algorithm brings
anotherimportantbene�t asthepre-segmentationphaseau-
tomaticallyremovesunimportantdetails(e.g.trunkwrinkles

in Figure6) thatwill normallybeunderstoodascandidates
for depthdiscontinuities.To obtainthesameresultusingthe
solutionbasedon quadraticprogramming(2) it is necessary
to markoutall suchdetailsasvirtual contours.

Limitations. An importantlimitation of theproposedalgo-
rithm is thedepthexpansionphasedescribedin Section3.3.
Although in generalit gives betterresultsas comparedto
the simple median�lter usedin [SBv05] it still produces
severalartifacts(seeseparatezoomed-ininsetsin Figure3).
Thesearisemainly due to the incorrectestimationof con-
tour thicknessand/ornontrivial overlappingof contours.Al-
thoughthesesmallerrorsaretypically imperceptiblein most
applicationsit is necessaryto correctthemmanuallywhen
a cleandepthmap is expected.Another drawback lies in
theexpertannotationwork�o w whentheuserstartsto com-
bine segmentationwith the speci�cationof depthinequali-
ties.Althoughtheproposedapproximativealgorithmdetects
cyclesautomaticallyit is not ableto decidewhereto put a
new scribblein orderto resolve thecon�ict. This limitation
makestheinterfacemorecomplicatedascomparedto theso-
lution basedonquadraticprogramming,wherethetheprob-
lem is resolvedautomatically.

5. Applications

In thissectionwediscussseveralapplicationsthatusedepth
mapsgeneratedby theproposedalgorithm.As our research
is mainly motivatedby the needsof the cartoonanimation
productionpipelinewe focuson this �eld, however, we be-
lieve that similar principlesare applicablealso in a more
generalimageeditingcontext.

Compositionand manipulation. Depthmapsgeneratedus-
ing our systemprovide invaluableinformation for interac-
tive shapemanipulation[IMH05, WXXC08] whereseveral
parts of deformedshapescan overlap each other. Using
our approachthe usercan quickly modify the depthorder
to enforcethe desiredvisibility (seeFigure1a). The same
problemarisesin systemswheretheusersextractandcom-
poseimagefragments[SBv05]. Heredepthinequalitiesal-
low quick reorderingof regionsto obtaincorrectcomposi-
tion (seeFigure 1c). Although a similar work�o w is used
alsoin [MP09], our approachis moregeneralasit naturally
handlesself occlusionanddoesnot requireany specialdata
structure.

Enhancementand shading. Per-pixel depthvaluesareim-
portantalso for variousimageenhancementtechniques.In
our framework we enhancedepthperceptionby superim-
posingstacksof regionswith blurredboundariesin a back-
to-front order(seeFigures1d and5). This effect is similar
to thatproducedby depth-buffer unsharpmasking[LCD06].
Anotherpopulartechniquethatcanpro�t fromouralgorithm
is Lumo [Joh02]. Hereper-pixel depthmapshelp to obtain
correctnormalinterpolation (Figure1e) which is laterused
to emulate3D-like shading(Figure1f). In theoriginal sys-
tem the userhad to traceregion boundariesmanually and
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Figure 5: Examplesof cartoon pop-upsgenerated using our system:(a) user-speci�ed depth equalities,(b) inequalities,
(c) depthvisualizationusedduring theinteractivesessionto providevisualfeedback, (d) �nal depthmap.

thenspecifyabsolute depthvalues,which is time consum-
ing andcounterintuitive.Usingourtechniquecorrectnormal
mapscanbeobtainedveryquickly.

Modelling and stereo. Using an analogy to shapefrom
shadingwe canreconstructan initial blobby surfaceusing
the Z-componentor normalsgeneratedby Lumo [Joh02].
Such surfacescan be further re�ned using smoothdepth
mapsproducedby our framework. We set up a consistent
gradient�eld that respectssmoothdepthtransitionsaswell
asuser-provided discontinuitiesandthen integrateit to re-
constructthe �nal height�eld (seeFigure1h). Sucha sim-
ple 3D modelcanbefurtherre�ned in somemodelling tool
or renderedfrom two differentviewpointsto obtainstereo-
scopicimages(seeFigure1g).

6. Conclusionsand Futur ework

We have presenteda novel interactive approachto cartoon
pop-upthat enablesartiststo quickly annotatetheir hand-
madedrawingsandanimationswith additionaldepthinfor-
mation.A key bene�t of theproposedmethodascompared
to previousdepthassignmenttechniquesis thatit usesdepth
(in)equalitiesinsteadof absolutedepth values.Since this
type of constraintbettercorrespondsto the depthrecovery
mechanismusedin the humanvisual system,it makes the
depthassignmentmoreintuitiveandlesstedious.

As a futurework we planto improve thedepthexpansion
phaseanddevelop an automaticapproachfor resolvingthe
cycling problemin theexpertannotationwork�o w. We also
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Figure6: Examplesof cartoonpop-upsgeneratedusingour system:(a) user-speci�edvirtual contours (pink)anddepthequal-
ities, (b) inequalities,(c) intermediatediscretedepthmap,(d) �nal smoothdepthmap.

wantto extendourapproachto work with naturalimagesand
�nd someotherapplicationsfor usinginequalitiesinsteadof
absolutevaluesin the more generalcontext of interactive
imageediting.
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Appendix

Let us assumewe have a graph G(V;E) consisting of
nodesV interconnectedby asetof orientededgesE. In addi-
tion to thatwe have anemptysetL anda setSthatcontains
all nodeshaving no incoming edges.Topological sorting
of V canbeobtainedusingthefollowing algorithm[Kah62]:

while S6= ; do

S:= S� f ng and L := L [ f ng

for 8m2 V having edgee: n ! m do

E := E � f eg

if mhasnootherincomingedgesthen

S:= S[ f mg

endfor

endwhile

if E 6= ; then

G hasat leastoneorientedcycleelse
L containstopologicallysortednodes.
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