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LazyBrush: Flexible Painting Tool for Hand-drawn Cartoons
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Abstract

In this paper we presentLazyBrush a novel interactive tool for painting hand-madecartoon drawings
and animations.Its key advantae is simplicity and exibility. As opposedto previous customtailored ap-
proaches[SBvO5QWHO0§ LazyBrushdoesnot rely on style speci ¢ featues sud as homaenousregions or
patterncontinuity yet still offers compaable or evenlessmanualeffort for a broad classof drawing styles.In
additionto this, it is not sensitiveto impreciseplacementof color strokeswhich malespainting lesstediousand
brings signi cant time savingsin the cortext cartoonanimation.LazyBrushoriginally stemsfrom requirements
analysiscarried out with professionalink-and-paintillustrators who establisheda list of usefulfeatuesfor an
ideal painting tool. We incorporate this list into an optimizationframevork leadingto a variant of Potts enegy
with several interestingtheoetical properties.\We showhowto minimizeit ef ciently and demonstate its useful-
nessin variouspractical scenariosncludingtheink-and-paintproductionpipeline

Catagories and SubjectDescriptors(accordingto ACM CCS) ComputerGraphics|[l.3.4]: GraphicsUtilities—
Graphicseditors,ImageProessingand Compuer Vision [I.4.6]: Segmentation—Pigl classi cation, Computer

Applications[J.5]: Arts andHumanities—Ine arts

1. Intr oduction

Painting, i.e. the processof adding colors to hand-made
drawings, is a commonoperatia in standardmagemanip-

ulation programs startingfrom simple bitmap edtors such

asPaintbrushto professioaml digital ink-and-pain solutions
like Animq Toonz or RetasIn thesesystemsavariantof the

ood- Il algorithmis typically usedto speedup painting.

This algarithm workswell for imageswith homogenouse-

gionsandsalientcontinwousoutlines.However, mary hand-

madedrawing styles contain more complicatedstructures
(e.g.pencildrawing in Figure 1). For suchimagesit is nec-

essaryto performmary detailedmanualcorrectionsto get

cleanresults.This additional effort can be very time con-

sumingand costineffective in the context of the ink-and-

paintpipelinewherethousandsf framesmust be painted.

Recently signi cant effort hasbeendevoted to a simi-
lar problem— the interactve colorizationof gray-scalem-
ageqdLLWO04,YS0€]. Althoughtheseapproachesffer fasci-
natingresultson naturalphotographsandvideos,they typi-
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cally fail whenappliedto hand-mad&ravingswhich do not

presere a smoothimage model (seeFigure 2). Sykora et

al. [SBv0] addressedhis issueby developingan unsuper

vised sggmentationalgorithm for black-and-whitecartoon
animationsableto producesegmentatiorsimilar to thatpro-

ducedby connecteddomponenanalysis]RK82] onabinary

image.The maindravbackof their approachs theassump-
tion of large homogenousegionsenclosedy distinctcon-

tinuousoutlines.Whenappliedto more complicatedstyles,
they tendto group salientregionsdueto gappy outlinesor

producemary smallregions(seeFigure 2).

Qu et al. [QWHO0€ proposedmana colorizationframe-
work that overcomesforementionedlimitations by exploit-
ing both patternandintensitycontinuityin conjunctionwith
a level-setoptimization.Accordingto userspeci ed exam-
plesof hatchingpatternsthey extracttextural featuresand
computea similarity maphaving anintensitypro le like a
homogeneouregion with distinctboundariesSubsequently
they propagate colors from userspeci ed scrikbles until
they reachsalientbarriers.During the propagtionthey also
employ shaperegularizationto overcomepossibleleakage
throughgappy boundariesDespitethe succesf this ap-
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Figure 1: LazyBrushn action— minimaleffort is neededo paintthis highly structued pencildrawingwith fuzzyoutlinesand
shadedegions(left). Seehowthe algorithm handlesmpreciseplacemenbf color strokes(middle)andis ableto producehigh

quality anti-aliasedoutput(right).

Levin et al. 2004

Sykora et al. 2005

Qu et al. 2006 LazyBrush
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Figure2: LazyBrushvs.state-of-the-art- variousalgorithmsappliedon the samenput data(badkgroundseedsroundtheim-
age borderandblueseednsidetheelephants ear): Levin etal. [LLW04 assumémproperimage model,Sylora etal. [ SBv0%
donothandlegapsandproducemanysmallregions,andQuetal. [QWHO0§ getstud in inappropriatelocal minimasothatall
remainingregionsshouldbe lled individually. In contrastto this, LazyBrushnds an optimalboundaryand doesnot require

further effort.

proach,mary importantissuesremain. Sincethe level-set
optimizationis basedon gradientdescenit canessily get
stuckin someinappropriatdocal minima. Thistypically oc-
curs when the algorithmis usedfor imageswhich do not
containrepetitve hatchingpatterns(seeFigure 2). In this
casethe userhasto specify mary additional scribblesor
tweakparametersf level-setoptimizationto allow crossing
salientboundariesduring front propagtion. Anotherprob-
lem occurswhennarrav or smallregionsare painted.Also
in this casemary thin scribblesmustbe dravn andparam-
eterstwealed to achieve desiredresults. Theselimitations
hinderthe pradical usability of manaa colorizatian for im-
ageswhich do not containrepetitive patterns

Theaimof this papetlisto presentinovel e xible painting
tool easilyapplicableto variousdrawing styles.We demon-
stratean approacltthatis independenbf style-speci c fea-
turesbut, despitethis, requirescomparableor lessmanual
effort than previous style-limitedapproachesOur key con-
tribution is hiddenin a list of previously undiscussegrop-
ertiespresentedn Section3 which rede nesbehaior of an
idealpaintingtool. Thislist arosefrom arequiremets anal-
ysis carriedout with professionalnk-and-paintillustrators.
Wereformulatdt asanenegy optimizationproblemandob-
tainaninterestingand,to ourknowledge,unexploredvariant
of enegy function with Pottsinteraction[Pot53 and spe-
cial sparg dataterm. We discussits interestingtheoretical

propertiesandpresentan ef cient approximationalgorithm
requiringonly a few globally optimal decisionsto obtaina
nearlyoptimalsolution.

The rest of the paperis organizedas follows. First we
briey discussrelatedwork, thenwe analyzesomedesired
propertiesof a new paintingtool, formulatethe enegy min-
imization problemandshav how to solwe it ef ciently . Af-
terwardswe useour new algorithmfor paintingreal cartoon
imagesin different drawving styles and analyzeits practi-
cal strengthsand limitations. Finally, we presenta couple
of promisingapplicationsn the cartoonprodiction pipeline
andconcludewith severalnew avenwesfor futureresearch.

2. Relatedwork

Interactve lling of homogenousegions hasbeenstudied
sinceseveraldecadesgo whenlargepixel frame-tuffersbe-
camepractical LiebermarLie78] proposedanextensionof

the ood- Il algorithmfor lling with arbitrary black-and-
white patterns,Smith [Smi79 shaved how to Il regions
with shadedoundariesandFishkinandBarsky [FB84] pre-
sentedrecoloringof anti-aliasedmages Althoughtheseap-
proachesansimplify lling in somespecialcasesthey still

suffer from limitations of the original ood- Il algorithm,
i.e.theinability to copewith gappy boundarie®r to reacha
salientboundaryof aregion with conplicatedhatching.
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The same limitations also hold for auto-paintingsys-
tems[SFOQ QST 05] which build uponconnecteccompo-
nentanalysis.This processis equivalentto sequentialex-
ecutionof the ood- Il algorithm with differentlabelson
eachun lled pixel in athresholdedinaryimage.Sykoraet
al. [SBv0Y] replacedthe thresholdingby a more sophisti-
catedoutline detectionalgorithmallowing auto-paintingof
black-and-whitecartoonanimations Neverthelessin the -
nal stage,they still rely on connecteccomponentanalysis
andthussharethe aforementionedimitations.

A relatedoperatiorto lling is colorizationbasedncolor
seedsThis methodwaspioneeredy Horiuchi[Hor0Z who
usedprobabilisticrelaxationto propagte colors. Levin et
al. [LLWO04] popularizedthis approachwith their variant
basedon a weightedleastsquareoptimizationframework.
Later Yatziv and Sapiro[YS0§ proposeda different so-
lution basedon a blending of several nearestcolor seeds
weightedby geodesidistance Although theseapproaches
require little effort for imagessatisfyinga smoothimage
model,they becomeimpracticalfor cartoonimagesdueto
color bleedingartifacts.Qu et al. [QWHO0§ andlater Luan
etal. [LWCO 07] addressetheseissuedy employing hard
pre-sgmentationbasedon texture classi cation schemes.
However, this approachs applicableonly for drawing styles
containingrepetitive textural patterns.

Paintinghasmuchin commonwith interactveimageseg-
mentation.This eld wasmainly motivatedby the seminal
work of Boykov andJolly [BJO1 who demonstreednumer
ous bene ts of a graphcut basedsolution. Grady [Gra0§
later proposeda concurrentapproachbasedon a weighted
leastsquaesframeavork (similar to [LLWO04]) whichis eas-
ily extendableo multi-labelsegmentatiorandobtainscom-
parableresultsto a graphcut framevork. Neverthelessall
theseapproacheslo not take into accountthe speci c re-
quirementsof paintingwhich differ from thoseusedin im-
agesegmentation.

3. Ideal painting tool

In this section,we formulatea setof desiredpropertiesfor
anideal painting tool. This setarosefrom discussionwith
professionalnk-and-paintllustratorswho arefamiliar with
standardmage manipulationtools as well as professional
ink-and-paintsystems They typically usea variantof the
ood- Il algorithm,providing an effective solutionfor sim-
ple cartoonimageswith homogenousegions and distinct
continuousoutlines but onerarely applicableto morecom-
plicateddrawing styles.

One of the well-known problemsof the ood- Il algo-
rithm is color leakagethroughoutline gaps.To overcome
this issue,illustratorstypically join problematicgapsman-
ually. This is a tedioustask requiring high concentration
since the humanvisual systemnormally tendsto connect
weakedgegKan79. In professionaink-and-paintsystems,
automaticoutline joining algorithms[SC94 are available.
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However, this processusually connectsall gapswhich is

often counterproductie sincein mary drawings this oper

ation removesthe simplicity of one-click lling. A similar

problemoccursalso when the image containshatchingor

mary smallregions.In thesecasesllustratorstypically de-
lineatethe region of interestusing someedgesnappingse-
lection tool (suchasintelligent scissos [MB99]) andthen
Il thewholeareaThishoweverrequiregprecisepositioning
of boundaryseedswhich is a tedioustask.Manga coloriza-
tion [QWHO€ partially overcomegheselimitations by vir-

tually corvertingareaswith repetitve patterngnto homoge-
nous regions with distinct boundaries Neverthelesssuch
corversionworks only for mang sincerepetitive patterns
arerarein hand-madeartoondravings.
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Figure 3: Anideal paintingtool tendsto Il as mud area
aspossible(A); whenthere are concurentseedsit nds an

optimalboundaryregardlessof gappyoutlinesand produces
compactegionswithoutholes(B); it supportssoftscribbles
by preservingrule of majority so it is not necessaryo paint

preciselyinside the region of interest (C); it handlesanti-

aliasingby pushingcolor boundariego pixelswith minimal

intensitynot with maximalgradient(D).

&

S

Optimal boundary. Theillustrators' wish is to have a tool
thattendsto Il asmuchareaaspossibleby nding anopti-
mal enclosingboundary(regardlessof holesandgappy out-
lines) andthen,whennecessarythey canre ne theinterior
using additional strokes (seecasesA and B in Figure 3).
Suchwork ow is not suppatedin mang colorization.Al-
thoughit handlesgappy outlinesvia region shaperegular
ization, it is not ableto nd and optimal boundarydue to
gettingstuckin inappropriatdocal minima (seeFigure2 or
redcrossedexamplein Figure3, rule A).

Connectedlabelling. In manga colorization,usereditscan
producecolor regionswith arbitrary topology(i.e. they can
consistof several disconneted parts). This functionality
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brings considerablespeed-upn a specialcasewhenthere

is a one-to-onecorrespondencbetweencolor ard pattern.
However, in amoregenerakettingthis behaior canbecon-

fusingsinceit breaksa locality assumptionwhich is essen-
tial for paintingandis requiredby illustrators.

Soft scribble. Anotherfeaturewhich illustratorsappreciate
is a color brushresistantto impreciseplacementAccord-
ing to namingcorventionusedin colorizationandinterac-
tiveimagesegmentationyve referto strokesmadewith such
a brushas soft scribbles Soft scribblesshould satisfy the
so called rule of majority, meaningthat a region is lled
with a color whosestrokes have mostof their pixels lying
in its interior (seecaseC in Figure3). This simplerule can
bring signi cant time saszings when painting thin structures
or smallregions.Dueto Fitts' law [Fit54] thetime neededo
reachthin objectscanbegreatlyreducedy slightly increas-
ing brushradius(seeFigure4). A greatspeedip canalsobe
achieved in the contet of the ink-and-paintpipeline when
severalalignedanimationphasesrepaintedsimultaneously
(onion II') or when color patchesare transferredfrom al-
readypaintedframesto newv ones(patct pasting seeSec-
tion 5 andFigure9). In comparisonto the mana coloriza-
tion, soft scribblesare a completelynew feature,however,
a similar ideahasbeenexploredrecentlyin the context of
appearancediting [AP0g. The key differenceis that the
enegy minimization framewvork usedin [AP0O§ takesinto
accounbnly coarseeditswhichareinsufcient for painting.

0 0

W1 W

1
t/ log, 1+
t2

W1y w Wy w

Figure 4: Softscribblesand Fitts' law [Fit54] — thetaskis
to Il the small rectangleof width w;. Using a pixel-wide
brushthe expectedimeneededo read its interior is t;. By
increasingbrush radius we can enlame the target mamin
to wp andobtainconsideably lowertimet,.

Anti-aliasing. Since scannedhand-dravn imagescontain
soft anti-aliasededgesit is necessaryo have a mechanism
that preseres suchanti-aliasingduring the painting phase
(seecaseD in Figure3). This featurecanalsobeformulated
asa goalto retrieve boundariesninimizing the visibility of

color discontinuities.The reasonis thatin cartoonimages
dark outlinesareusedto emphasizeegion shapeandsince
thecoloris typically multiplied by the original intensity the

optimalboundaryshouldbein the placewherethisintensity

is minimal. This nding is inconsistenwith standardnax-
imum gradientformulation usedin interactve image sey-
mentationBJO] (seeintensitypro les in Figure3 bottom).
In mang colorizationthis featurewas not discussedsince
authorsconsidereanly binaryimages.

4. Energy function

In this section we formulateanenegy minimizationframe-
work, the aim of which is to saisfy the requirementgpre-
sentedn theprevioussection.

As aninput we have a gray-scalémagel consistingof
pixelsP in a4-connectedieighborhod systemN andaset
of userprovided non-overlappingstrokes S with colorsC.
Theaimisto nd alabelling,i.e. the color-to-pixel assign-
mentc thatminimizesthefollowing enegy function

E(©= @& Vpa(cpicg)+ & Dp(cp) 1)

f p;qg2N p2 P
wheresmoothnesserm Vp:q representshe enegy of color
discontinuitybetweertwo neighborpixels p andg, anddata
termDp theenepy of assigningcolor ¢p to pixel p.

4.1. Smoothnesgerm

As discussedn Section3, the aim is to hide color discon-
tinuities. Sincetypically multiplicative color modulationis
used,the bestlocationsfor color discontinuitiesare at pix-
elswheretheoriginalimageintensityis low, e.g.insidedark
outlines.Accordingto this nding we lettheenepgy Vp,q be:

n
Vea(cpica) | P17 P8 G @)
However, the absolutevaluesof Vp,q shouldbe setcarefully
sincethey have a fundamentaimpact on the resultingla-
belling. As we wantto prefercompactandhole-free regions
it is necessaryo avoid zercs in Vp,q for the casecp 6 cq,
otherwiseregions with outlines having zero intensity will
not contritute to the minimum of (1). Such regions can
be easily disconnectedand produceholesin the nal la-
belling. As opposedo that, non-zerosmoothnesgerm will
leadto compactregionswithout holes.However, it canalso
produceunintendedshortcutsthroughwhite areas.To sup-
pressthis shortcomingit is necessaryo set high enegies
for the boundariegoing throughthe white pixels. Theoret-
ically, this enegy shouldbe higherthanthe longestoutline
in theimagel. Neverthelessa goodestimatefor this value
is a perimeterof |. In mostcaseghis settingeffectively en-
suresthat a region boundarywill go through white pixels
only whenthereis no otherlow enepgy pathalongdarkout-
lines. Following theseideas,we map an interval of image
intensitied0; 1i to hl;Ki, whereK = 2 (w+ h), wis width
andh heightof |. For nearly binary imagessuchmapping
canbe linear, i.e. I8 = K Ip+ 1, however, for black-and-
white cartoonsor soft pencildrawings (suchas“blocks” im-
agein Figure 1 or “robber” in Figure 10) the problemwith
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shortcutspersistsdue to lower contrastbetweenhomoge-
nousareasandoutlines.

To alleviate thisissueit is possibleto usesomenonlinear
mappingthatenhanceshe contrast(e.g.lg =K I,% +1)or
employ a morepowerful techniquepreviously usedfor out-
line detectionin black-and-whitecartoonimages[SBv03.
Here, outlinesare detectedusing the responseof a Lapla-
cian of GaussianlL G) lter. This Iter correspondgo a
light-over-darkmechanisnusedin the primary stagef the
humanvisual system[MH80]. From a mathematicapoint
of view, L G estimateghe secondorder deriative of the
image intensity its zero-crossinggorrespondio edgelo-
cations,and local maxima to placeswith high cunature
(e.g. centersof outlines).According to this we preprocess
theimagel by ltering with L G andproducea new im-
agelf =1 max0;s L G(l)) wherethenegativeresporse
of L G isclampedo zeroandpositive valuesscaledby sto
matchtheinterval h0; 1i. After this preprocessinghe con-
trastof outlinesis emphasizedndthe interior of homoge-
nousregions are turnedto white regardlessof their origi-
nal intensity (seeFigure 5). Finally, valuesin I; are lin-
early mappedo theinterval hl;Ki andusedin smoothnes
termVpg.

original filtered

Figure 5: An exampleof animage preprocessedby Itering
withL G-theoriginal image (left); normalizedandclipped
responsefL G (right). See¢heimprovemenbnthecontrast
of outlines.

Note, how our smmthnesgerm completelydiffers from
termsusedin interactve imagesegmentatior] BJO1, Gra0g.
Theaim hereis to pushthe segmentboundaryto pixelswith
maximal gradient.If the gradientmagnitudeis high (asin
cartoonimages),mary pixels can have Vp,q nearor equal
zero.As discussedn Section3 this settingis unsuitablefor
paintingsinceit revealscolor discontinuitieson soft edges
andproducesholes.

4.2. Dataterm

In manga colorizationor interactve imagesegmentationthe
dataterm Dy is usuallysetto someimage-basedik elihood
suchas patternor intensity similarity. The assumptiorbe-
hind this settingis thatthereis a one-to-oneorrespondence
betweercolor andpattern/intensityHowever, repetitive pat-
ternsor intensity variationsare not typical for hand-made
dravingsandevenif they arepresentpne-to-onecorrespon-
dencesrerare.To addresshis factLazyBrustdoesnotrely
onimage-basedlk elihoodsbut usescompletelyuserdriven
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dataterm allowing the implementationof a soft scribbles
discussedn Section3.

Thekey ideais to relaxacommonassumptioni.e. thatall
userde ned seedsare necessarilyhard constraintsinstead
welettheuserto decidehow to penalizdabelling by setting:

Dp(Cp) = | K, (3)

wherel 2 H0;1i is aconstangivenby theuserandK is the
enepy of discatinuity at white pixels thatbalanceghein-

uence of dataandsmoothnesgserms(thereforewe usethe
samesymbolasin Sectiond.1). Thevalueof | indicateshe
presenceof a brushstroke andits “strength™: 1 = 1 is for

pixels that have not received a brushstroke,| = 0 for hard
scribbles andfor soft scribblesl shouldsatisfythe follow-

ing inequality:0+ K j§ < K 1S+ | K jg, sayingthatthe
enegy (1) is lower evenif thepixelsunderascribbleS have
notreceve its color (j§ is the areaand S the perimeterof

9. Fromthis constraintve obtain:l > 1  1S55 whichwe
canmeasue for eachscribblebut in practicemost scribbles
havel 1S53 < 0:95sowesetl = 0:95.

It is easyto verify thatsoft scribblespresere the rule of
majority. ImagineseveralseedegixelsSwith Dp=1 Kiin-
sidearegion R wherethe smoothnesss assumedo by con-
stant. Thenthe labelling with minimal enegy shouldhave
lowestd Dp=1 K j§+ K jR g. After simpli c ation:
abp=K (jR (1 1) jS)yieldsminimumfor thelargest
(1 1) jS,i.e.whenall scribbleshaveequall thenthewin-
nerwill have thelargestnumberof seedegixelsjs.

4.3. Minimization

Now we proceedto the minimization of (1). Since the
smoothnesserm Vp,q dependsnly on pixel intensity and
not on the color labels,our enegy function satis es Potts
model [Pot53. As shown in [BVZ98] minimizing sucha
functionis equivalentto solving a multiwaycut problemon
acertainundirectedyraphG= fV ;EgwhereV = f B,Cgisa
setof verticesandE = fE p; Ecg asetof edgegseeFigure?).

C1Q

Resne
LIy

Figure 7: Multiway cut — basicstructue of graph G (left):
pixels P (white dots), color terminalsC (color dots), pixel
edges Ep with weightwp,q (black lines), and links to color
terminalsEc with weightwp;c (color lines). Resultingmulti-
way cutand correspondindabelling of pixels(right).
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Figure 6: Multiway cut algorithmin progress— gradually reducingmax- ow/min-cutsubpoblemssolvedon graphsG with
terminalsS and T (top), correspondingmasksof unlabelledpixelsM (bottom,chederboaid patternindicatesunlabelled
pixels).Notehowtwo trivial subpoblemsc4 andcs were prunedin thethird iteration (middlé).

VerticesV consistof pixels P and color terminalsC.
Each pixel p 2 P is connectedto its 4 neighborsvia
edgesEp having weight equalto smoothnesserm wp.q =
Vp,q for casecp 6 cq. There are also auxiliary edgesEc
thatconnectcolor terminalsC to seedegixels. EachE; has
weightwp,c = K Dp(c) (hardscribbleshave wp,c = K and
SOfth;c: (1 | ) K)

Note that in contrastto interactve image segmenta-
tion [BJO] ourgraphis very spars€hasmuchlessE;). This
is dueto thefactthatmaost pixelshave Dp = K for all labels
sothe weightwp,c = 0 andthusthe correspondindz is re-
dundant.Sincethereareno otherlinks to terminalsbesides
userde nedtheresultinglabellingwill bealwaysconnected
to seedsThis is in accordancavith propertiesdiscussedn
Section3.

A multiway cut with 2 terminalsis equivalentto a max-
o w/min-cut problem for which efcient algorithms ex-
ist [BKO4]. However, for 3 or more terminalsthe problem
is NP-hard[DJP 92] even on our sparsegraph. Neverthe-
less,it is interestingthat we arevery closeto P, becauseéf
we assumenly a setof hardscribbleseachwith uniqueter
minal (e.g.asin Figure7), we canalways collapseseeded
pixels to this terminaland obtaina planargraphfor which
anexactpolynomialalgorithmexists[Yeh0J. Nevertheless,
we cannotcollapsepixelsseededy softscribblesandsowe
needto solve thefull non-planaproblemfor which no poly-
nomial approximationschemeexists. The bestknown ap-
proximation[KKS 04] basedon geometricembeddingand
linearprogramning guaranteeanoptimal solutionwithin a
factorof 1:3438 e, whereg, goesto zero with increasing
numberof terminalsk (for k= 3 theboundis %). Thisalgo-
rithm is not easyto implementanddueto slow performance
it is inappropriatdor interactve applicatiors. Therearealso
otherapproximatioralgorithmsbasedon the max- ow/min-
cut subroutinglDJP 92, BVZ01]. Although they guarantee
optimality only within a factorof 2 % and?2 respectiely,
they aremucheasierto implemen. Theproblemis thatthey
arestill relatively slow dueto mary max- ow/min-cutsteps.
For exampleit takesmorethan11 secondg€o computela-

belling for 0.5 Mpix imagein Figurel on a 2.4GHzCPU
usinga-expansionmalgorithmdescribedn [BVZ01].

Inspiredby the isolation heuristic usedin [DJP 92] we
proposea novel greedymultiway cut algorithm,which takes
adwantageof our specialgraphtopology guaranteeingon-
nectedabelling.In practicejt providessimilarresultsasthe
widely useda-expansionBVZ01] butis signi cantly faster
(18x for Figure 1, seealso Table 1) and so more suitable
for interactize applicationslt worksin asimplehierarchical
fashionby solvinglessthanN one-to-allmax- ow/min-cut
problems(whereN is thenumberof colors).Thesigni cant
speedup is obtainedthanksto (1) graduallyreducingsize
of max- ow/min-cut subproblemsand (2) ability to prune
trivial caseslt hasthefollowing steps(cf. work-in-progress
examplein Figure6):

1. Initialize a setof active color labelsC anda maskM of unla-

belledpixels.

2. Find all unlabelledregionsR in M that intersectstrokes with
only one color label ¢;. For eachsuchr 2 R setlabelsin M
to ¢ andif thereis no otherregionin M containingstrokes
with labelc,, remove ¢; from C.

. If Cis emptythenstop.

. Selectanarbitrarycolorlabelc 2 C.

. Build agraphG from all unlabelledpixelsin M .

. Connecipixelsseededvith colorlabelc to terminalS, andpix-
elsseededvith colorsC  fcg to terminalT .

7. Solve max- ow/min-cut problem[BKO04] on G with sourceS

andsink T .

8. At pixelswherecorrespondingraphverticeswere assignedo

terminalS, setlabelin maskM toc.

9. Remwe colorlabelc from C andgoto (2).

o0 h W

Roughlyspeakinghealgorithmselectanarbitrary color
asa rst terminalandall othercolorsasa seconderminal.
Thenit solvesthebinarymax- ow/min-cut problemandre-
moves a part of the imageassigmed to the rst terminal. It
performsthe sameoperationon the reducedmagewith re-
ducedsetof colorswhile avoiding max- ow/min-cutcom-
putationwhenthereareregionscontainingonly seedswith
onecolor. If thereis no otherconnected¢omponentvith two
differentcolor labelsthe algorithmstops.
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Li[ld

Figure 8: Limitations— two different minimal solutionswith equalenegy (A); a shortcutencompassing small scribblehas
lower enegy than a boundaryalong the outline (B); the rule of majority is biasedby thin creeks(C); low contrast between
outlinesand homajenousregions causesunintendedabelling (D); long gapsor missingoutlinescan producejaggy bound-
aries(E). Additionalsoftscribbles(markedwith reddashedine) are necessaryo resolvecasesA-C. CaseD canbesuppessed
by contrastenhancemerdnd caseE by post-pocessingisingsmoothactivecontourmodel[ XABO7.

Although sucha greedyapproactdoesnot guarante®p-
timality within afactorof 2, in practiceit producedabelling
with enegy closeor even slightly betterthana-expansion
(seeTable 1) sothatthe visual differenceis imperceptible.
Moreover, whenthe size of regions correspondingo indi-
vidual colorsis known beforehad (e.g. backgroundseed
or dominantcolor) it is possibleto perform a selectionof
colorsfrom the “largest”to the “smallest” and gain signi -
cantsubproblenreductionafteronly afew initial stepsAn-
other greatoptimizationcanbe achieved if we can predict
the topology of the resultinglabelling. Then, thanksto the
four color theoem[AH89], we cangroupcolor labelsto 4
terminalsand useonly 4-way cut to obtaina constantime
solutionfor anarbitrarynumberof colors.

name resultion | colors | speedup | DE [%]
bottle 720x576 3 3x -0.0452
robber 720x576 6 17x 0.0196
boy 720x576 7 17x 0.0274
picnic 1026x578 7 17x 0.0090
blocks 1026x578 7 18x 0.0038
footman | 1026x578 9 9x 0.0025
mang 1026x578 11 16x 0.0395

Table 1: Our algorithmvs. a-expansion- the speedup in-
creasegoughlywith the numberof colors while the change
in labelling is imperceptible (negative DE meansour algo-
rithm found bette local minimumand vice versa). Names
correspondo drawingsin Figure 10. Thedrawing“blocks”
is shownin Figure 1.

4.4, Limitations

Thereare several situationswherethe enegy function (1)
doesnot exactly presere rules presentedn Section3. Al-
though thesecasesare rare, the user should be aware of
them, know the sourceof a problem and a way to resohe
it.
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Ambiguity. The rst problematic situation is depicted
in Figure 8 (caseA). Therearetwo differentminimal solu-
tionswith equaleremy. In this casethe structureof the nal
labelling dependoonly on the orderof labels.This ambigu-
ity canbe easilyresohedby puttinganotherdecisve stroke
insidethesmallsquare.

Shortcuts. When the user draws thin scribbles(e.g. one
pixel wide) inside a region with a very long or gappy out-
line, the casecaneasilybethata shortcutencompassinthe
scribblewill have lower enegy thana long boundaryalong
theoutline(caseB in Figure8). To avoid suchdegenerateso-
lutions, it is necessaryo usewider brushego ensureghatthe
scribbles perimeteris muchlongerthanthe sumof lengths
of all gaps.

Majority bias. Anotherproblemis connectedvith the fact
that the rule of majority can be biasedby the image con-
tent. Thisbiasbecomegritical in thecaseof thin creekqsee
caseC in Figure8). Here,thelower enegy of softscribbles
cancompensatér thehighenepgy of shortcutsandproduce
unintendedabelling. Another soft scribbleis necessaryo
resohe this situation.

Low contrast. Our approachcanfail on imageswherethe
contrastbetweenoutline and homogenousreais low (see
caseD in Figure 8). For suchimagesit is recommended
to usenon-linearcontrastenhancementr L G-basedpre-
processingas discussedn Section 4.1 Suchmodi cation
is necessarynly for settingup the smoothnesgermin (1),
theresultinglabellingcanbethenappliedontheunmodi ed
image(asdonein Figurel).

Metrication artifacts. When outlineshave long gaps,the
resultingboundarycanhave jaggy shapesinceits lengthis
minimizedin the senseof the L' norm (seecaseE in Fig-
ure 8). Although an extersion exists [BKO03], allowing the
approximatiorof the L2 normto arbitraryextents,it requires
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mary additionalEp edgesyielding signi cant slovdown of
the optimization. Even if the L2 norm is minimized, the
boundaryshapestill doesnotneedto beoptimalin thesense
of higherordercontinuity (C* or C?). To solve this problem
the shapecan be post-processedsing someactive contour
modelwith amoresophisticate@moothessterm[XABQ7].

5. Results

We implemented_azyBrushin a simpleinteractve applica-
tion and validatedits e xibility on variousdrawing styles
including pen and pencil dravings, black-and-whitecar
toons[SBv0g and mang [QWHO0E. Selectedresultsare
presentedh Figurel0 (drawvings“bottle” and“robber” were
preprocessedsingL G to enhance&ontrasiof outlines).

Note that the usereffort required by LazyBrushis com-
parableto previous techniquesgven thoughit doesnot as-
sumeary style-speci cfeaturesTheroughlypositionedsoft
scribblesalsoreducethe level of concentratiorrequiredof
the illustrator, which makes painting more enjoyable and
thuslesstedious.Thisfeaturecanalsobebene cialin appli-
cationswherespeci ¢ motorcoordinationabilitiesaretaken
into account(e.g.a paintingtool for young children).

Theadwantageof softscribblesbecomegvenmore appar
entin the context of the ink-and-paintpipelinewherethou-
sandsof framesmustbe paintedmanually A populartech-
nique hereis onion Il allowing to paint several superim-
posedanimation in-betweensimultaneously(seeFigure 9,
top). In contrasto standarcapproachetazyBrushdoesnot
requireprecisepositioningof colorseedsBy draving longer
softscribblest is possibleto cover large movements.

LazyBrushcan be also utilized in a more sophisticated
auto-paintingechniquecalledpatc pasting[SBv04 where
colorinformationis transferrecautomaticallyby registering
interestingpoints in already paintedand unpainteddraw-
ings. The original methodrequirespre-s@gmentationin or-
der to computethe most frequently used color inside a
region (see Figure 9, bottom). With LazyBrushthe pre-
segmentationis no longer neededsince the color patches
can be usedas soft scribblesand the rule of majority will
propagteto the mostfrequentlyusedcolor. Thanksto this,
patchpastingcanbeusedalsofor morecomplicateddraving
styleswheremeaningfulsggmentatioris hardto obtain.

Since LazyBrush does not mix colors (as compared
to [LLWO4]) but produceshard segments,it is possibleto
useit for lling regionswith differentcontentbeyond just
color, e.g.gradientspatternsor depthinformationwhichcan
be utilized for composition,unsharpmaskng [LCDO6] or
in Lumo [Joh02 whereit is necessaryo producecorrect
normalorientationfor 3D-like shading.

6. Conclusionsand Futur e work

We have presente new interactve tool for paintinghand-
madecartoondrawings calledLazyBrushlt is basedon an

optimizationframework thattries to mimic the behaior of
an ideal painting tool as proposedby professionalllustra-
tors. The key advantageof LazyBrushis e xibility. It can
be usedfor paintingin variousdrawing styleswith compa-
rableusereffort to thatofferedby previous style-limitedap-
proachesWe have alsodemonstrateds usabilityin thecon-
text of the ink-and-paintpipelinefor which LazyBrushwas
mainly designatedand can provide signi cant reductionof
manualeffort.

As futurework we planto integrateLazyBrushmoreinto
the spatio-temporadomain [WBC 05 and examine pos-
sible modi cations of our enegy function in orderto uti-
lize differentoptimization schemesuchasweightedleast-
squaes[Gra0g AP0g. Anotherinterestingavenuefor fu-
tureresearchis graphcoloring algorithms[RSST96, which
allow thegroupingof colorterminalsin suchaway thatonly
a X ednumberof max- ow/min-cutstepss necessaryo ob-
tain asolutionfor arbitrarynumbersof colors.

Acknowledgements

We are grateful to T. Jarlovsky, V. Votypka, and
T. Rycheckyfrom AniFilm studio for being initiators and
rst usersof our system.Mary thanksalsogo to L. Kavan
for extensve discussionson the earlier versionof the pa-
perandto anorymousreviewersfor their fruitful comments.
Imagesin this paperare courtesyof P. Koutsky/ AniIm,
O. Sykora, L. Vicek,Y. Quetal., andstudiosUPP& DMP.
Thiswork hasbeensupportedy theMarie CurieactionlEF,
No. PIEF-GA-2008-221320.

References

[AH89] APPEL K., HAKEN W.: Every planarmap is four-
colorable.Contempoary Mathematic98 (1989),1-741.

[APO8] AN X., PELLACINI F.: AppProp:All-pairs appearance-
spaceedit propagtion. ACM Transactionson Graphics27, 3
(2008),40.

[BJO1] Boykov Y., JoLLy M.-P.: Interactie graphcutsfor op-
timal boundary& region segmentatiorof objectsin N-D images.
In Proceedingsof Internation Corferenceon ComputerVision
(2001),pp.I: 105-112.

[BKO3] Boykov Y., KoLMOGORoV V.: Computinggeodesics
and minimal surfacesvia graphcuts. In Proceedingof IEEE
International Confeenceon ComputerVision (2003),pp. |: 26—
33.

[BKO4] BoyKkov Y., KOLMOGOROV V.: An experimentalcom-
parisonof min-cut/max- ow algorithmsfor enegy minimization
in vision. |IEEE Transactionson Pattern Analysisand Machine
Intelligence26, 9 (2004),1124-1137.

[BVZ98] Boykov Y., VEKSLER O., ZABIH R.: Markov ran-
dom elds with ef cient approximationsln Proceeding®fIEEE
Confeenceon ComputeMision andPattern Recanition (1998),
pp.648—655.

[BVZ01] Boykov Y., VEKSLER O., ZABIH R.: Fastapproxi-
mateenepgy minimizationvia graphcuts. IEEE Transaction®n
Pattern Analysisand Machine Intelligence23, 11 (2001),1222—
1239.

[DJP 92] DAHLHAUS E., JOHNSON D. S., PAPADIMITRIOU
C. H., SEYMOUR P. D., YANNAKAKIS M.: The complity

C 2008TheAuthor(s)
Journakompilation ¢ 2008TheEurograplits AssociatiorandBlackwell PubishingLtd.



D. Sylora, J. Dingliana& S.Collins/ LazyBrush

onion fill
—

patch pasting
—_—

¢ P Koutsky/ AniFilm

Figure 9: LazyBrusHor theink-and-paintpipeline— a wholeanimationcanbe paintedsimultaneouslyin theonion Il setting
usinga few softscribbles(top), auto-paintingby patch pasting[ SBv04 is possiblesvenwithout pre-sgmentation(bottom).

of multiway cuts. In Proceeding®f ACM Symposiunon Theory
of Computing(1992),pp.241-251.

[FB84] FisHKIN K. P, BARSKY B. A.: A family of new algo-
rithmsfor soft lling. ACM SIGGRAPHComputerGraphics18,
3(1984),235-244.

[Fit54] FITTS P. M.: Theinformationcapacityof the humanmo-
tor systemin controllingthe amplitudeof movement.Journal of
ExperimentaPsydology 47, 6 (1954),381-391.

[Gra06] GRADY L.: Randomwalks for image segmentation.
|EEE Transaction®n PatternAnalysisandMachineIntelligence
28,11(2006),1768-1783.

[Hor02] HoRriucH! T.: Estimationof color for gray-level image
by probabilisticrelaxation.ln Proceeding®f IEEE International
Confeenceon PatternRecanition (2002),pp. 867-870.

[Joh02] JoHNsSTON S. F.: Lumo: lllumination for cel anima-
tion. In Proceedingsof International Symposiumon Non-
photoealistic Animationand Rendering2002),pp. 45-52.

[Kan79] KANizsAa G.: Organizationin Mision. Prager, New
York, 1979.

[KKS 04] KARGER D. R., KLEIN P, STEIN C., THORUP M.,
YouNG N. E.: Roundingalgorithmsfor ageometricembedding
of minimummultiway cut. Mathematicof OpefationsReseath
29, 3(2004),436-461.

[LCDO06] LUFT T., CoLDITZ C., DEUSSEN O.: Imageenhance-
mentby unsharpmaskingthedepthbuffer. ACM Transactionn
Graphics25, 3 (2006),1206-1213.

[Lie78] LIEBERMAN H.: How to colorin acoloringbook. ACM
SIGGRAPHComputerGraphics12, 3 (1978),111-116.

[LLWO4] LEeVIN A., LiscHINSKI D., WEISS Y.: Colorization
usingoptimization.ACM Transaction®n Graphics23, 3 (2004),
689-694.

[LWCO 07] LUAN Q., WEN F., COHEN-ORD., LIANG L., XU
Y.-Q., SHUM H.-Y.: Naturalimagecolorization.In Proceedings
EurographicsSymposiunon Rendering2007),pp. 309-320.

[MB99] MORTENSEN E. N., BARRETT W. A.: Tobog@gn-based
intelligentscissorith afour parameteedgemodel.In Process-
ings of IEEE ComputerVision and Pattern Recagnition (1999),
pp.Il: 452-458.

[MH80] MARR D., HILDRETH E. C.: Theoryof edgedetection.
In Proceeding®f RoyalSociety(1980),vol. B207,pp. 187-217.

Cc 2008TheAuthor(s)
Journakompilaton ¢ 2008TheEurograjmicsAssociatiorandBlackwell PublishingLtd.

[Pot52] PoTTSs R.: Somegeneralizedrderdisordertransforma-
tion. In Proceeding®f Cambridg PhilosophicalSociety(1952),
vol. 48, pp.106-109.

[QST 05] Qiu J., SEAH H. S., TIAN F., Wu Z., CHEN Q.:
Feature-andregion-basedauto paintingfor 2D animation. The
Visual Computer21, 11 (2005),928-944.

[QWHO06] QuY.,WONGT.T., HENG P. A.: Mangacolorization.
ACM Transactionn Graphics25, 3 (2006),1214-1220.

[RK82] RoOseENFELD A., KAK A. C.: Digital Picture Processing
vol. 1. AcademicPressQOrlando,USA, 1982.

[RSST96] ROBERTSON N., SANDERS D. P, SEYMOUR P,
THoMAS R.: Efciently four-coloring planargraphs. In Pro-
ceedingsof ACM Symposiurmon Theoryof Computing(1996),
pp.571-575.

[SBv04] SYKORA D., BURIANEK J., ARA J.: Unsupervised
colorizationof black-and-whitecartoons.In Proceedingf the
3rd International Symposiunon Non-photoealistic Animation
andRendering2004),pp.121-127.

[SBvO5] SYKORA D., BURIANEK J., ARA J.: Colorizationof
black-and-whitecartoons. Image and Vision Computing23, 9
(2005),767-782.

[SC94] SEAH H. S., CHUA B. C.: A skeletalline joining algo-
rithm. In Proceedingf the ComputerGraphicsinternational
(1994),pp.62-73.

[SFOO] SEAH H. S., FENG T.: Computefassistedcoloring by
matchingline drawings. TheVisual Computerl6, 5 (2000),289—
304.

[Smi79] SmiTH A. R.: Tint Il
Graphics13, 2 (1979),276-283.

[WBC 05] WANG J., BHAT P, COLBURN R. A., AGRAWALA
M., CoHEN M. F.: Interactve video cutout. ACM Transactions
on Graphics24, 3 (2005),585-594.

[XABO7] Xu N., AHUJA N., BANSAL R.: Objectsegmentation
using graph cuts basedactive contours. Computer\Vision and
Image Understanding107, 3 (2007),210-224.

[YehO1] YEH W.-C.: A simplealgorithmfor the planarmultiway
cutproblem.Journal of Algorithms39 (2001),68-77.

[YS06] YATzIv L., SAPIRO G.: Fastimageandvideo coloriza-
tion usingchrominanceblending. IEEE Transactionson Image
Processingl5, 5 (2006),1120-1129.

ACM SIGGRAPHComputer



D. Sylora, J. Dingliana & S.Collins/ LazyBrush

bottle
c L. Vicek
UPP& DMP
footman boy ¢
¢ L. Vlcek ¢ P.Koutsky/ AniFilm
picnic mang

¢ P.Koutsky/ AniFilm € Y.Qu,T. T.Wong,P. A. Heng

Figure 10: LazyBrustpaintings— in ead exampleseeuserspeci edscribblessuperimposedn the original drawingandthe
correspondingoptimizedpainting (hamescorrespondo Table 1). Badkgroundscribblesare sometimenvisible sincethey are
implicitly drawnaroundtheimage border. Mostcolor scribblesare softtherefore they canbe positionedroughly
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