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Abstract

We presentan algorithmfor simulatingthe cracksfound in Batik
wax paintinganddyeingtechniqueusedto make imageson cloth.
Thealgorithmproducescrackssimilar to thosefound in batik due
to the wax crackingin the dyeingprocess.The methodis unlike
earliersimulationtechniquesusedin computergraphics,in that it
is basedontheDistanceTransformalgorithmratherthanonaphys-
ically basedsimulationsuchasusingspringmassmeshesor �nite
elementmethods.Suchmethodscanbedif�cult to implementand
computationallycostly dueto the large numbersof equationsthat
needto besolved. In contrast,our methodis simpleto implement
andtakesonly a few secondsto produceconvincing patternsthat
capturemany of the characteristicsof the crackpatternsfound in
realBatik cloth.

CR Categories: I.3.5 [ComputerGraphics]:ComputationalGe-
ometryandObjectModeling—Geometricalgorithms;

Keywords: Non-PhotorealisticRendering,cracking, distance
transform,batik

1 Intro duction

Batik paintingis anancientart probablyoriginatingin India or the
Middle Eastas many as 2000 yearsago. However, it is usually
associatedwith theIndonesianislandsof Java andBali [Fraser-Lu
1991]. Liquid wax is paintedontocloth andthecloth is thendyed.
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Thedyedoesnotaffect theclothwhereit is paintedwith wax. This
processcanbe repeatedwith new coloursto addto the complex-
ity of the imageon thecloth. Thewax canoptionallyberemoved
from thecloth by scrapingandwashingbetweenthedyeandpaint
cycles. During the process,crackscanform in the wax allowing
dyeto seepinto thecloth. As thecloth undergoessuccessive dying
proceduresthecracksageandbecomewider. Othersubtleeffects
take placesuchascracksbecomingwider at junctionswith other
cracks.Theseeffectscombineto form crackpatternsthat areim-
mediatelyrecognisableasbatik. Themotivationin thiswork wasto
producebatik likecracksin a2D imageasapostprocessoperation.
The algorithmhasbeenimplementedasa �lter in a paint system,
so that an artist may paint a simulatedwax imageandthenapply
colour andcrackssimulatingthe dyeingandcrackingprocess.In
this way a seriesof layeredimagessimulatingwax paintingcanbe
combinedto producea �nal simulatedBatik painting. Following
this introductionthepaperis organisedinto thefollowing sections:
previouswork, visualcharacteristicsof Batik, distancetransforms,
cracksimulation,controllingthevisualizationprocess,dyesimula-
tion, resultsandconclusions.

2 Previous Work

Thework we presenthereis partof the increasingnumberof new
renderingapproacheswhich have beenloosely groupedas Non-
PhotoRealisticRendering(NPR). Most of thesehave looked to
either �ne arts suchas painting [Hertzmannet al. 2001], [Curtis
et al. 1997] and drawing styles[Winkenbachand Salesin1994],
[SousaandBuchanan1999b],[Kalnins et al. 2002] or cartooning
[Kowalskietal. 1999].Ourwork is in thesamespirit in thatweare
interestedin producingan expressive renderingmethod,however
we differ in thatwe presenta new NPRtechniquethat is basedon
batik, a traditionalcraft approach.Woodcuts[Mizuno et al. 2000]
andmosaics[Kim andPellacini2002]arealsoexamplesof crafts
thathave inspiredrenderingtechniques.

In recentyearstherehasbeena greatinterestin modellingthe
crackformationprocessin variousdifferentmedia,usuallyfor the
purposeof animation.Previouswork in theareaof fractureforma-
tion haveconcentratedoneithersimulatingtheprocessof breaking
an objector on the formationof a crackpattern. An exampleof
shatteredmodelswasdoneby Norton et al. [Norton et al. 1991],
in which a teapot wasdiscretizedinto cubes,thephysicalproper-
tiesweresimulatedasa mass-springmesh,andthespringswould
breakwhentheir elasticlimit wasexceeded.Theactualcrackpat-
ternswere quite coarsein this model sincethey were composed
of fairly large sizedcubes.TerzopoulosandFleischer[Terzopou-
losandFleischer1988b],investigatedthemodelingof visco-elastic
andplasticdeformations.They useda�nite differencingtechnique,
andappliedit to torn paperandrippedcloth. Themethodrequires
that a surfacebe discretizedon a rectangulargrid. The resulting
fracturesexhibited an aliasingeffect causedby the imposedgrid.
Realisticcracksandmaterialbehaviour wereproducedby Metaxas
andTerzopoulos[MetaxasandTerzopoulos1992]usinga �nite el-
ementmethodfor animatingdeformations.O'Brien andHodgins
[O'Brien andHodgins1999]alsodevelopeda methodfor fracture
modelling basedon continuummechanics,in which the material
deformationwasexpressedusingstraintensors.Otherrecentwork



in this vein, wasdoneby Koichi Hirota et al, [Hirota et al. 2000],
[Hirota et al. 1998]. The continuousmodelwas thendiscretized
into tetrahedralmeshesandthe�nite elementmethodapplied.Re-
centwork by FederlandPrusinkiewicz [FederlandPrusinkiewicz
2002]alsoused�nite elementmethodsappliedto a growing rather
thana staticsurface. He wasableto reproducerealisticbark pat-
ternsby simulatingthetreegrowth andpatternsof cracksforming
in dryingmud.

Although thesephysically basedmethodscan producehighly
plausiblevisual results,they aredif�cult to programandsolving
the matricesassociatedwith a larger �nite elementmeshcantake
considerablecomputetime, makingfastresponsein an interactive
situationdif�cult to achieve. O'Brien andHodgins[O'Brien and
Hodgins 1999], for example, report computingtimes of several
minutesper frame; in contrastour crack formationprocesstakes
about4 secondsonaresolutionof 1000squared.O'Brien andHod-
ginspoint out in [O'Brien andHodgins1999]thatengineeringand
computergraphicsrequirementsaredifferentin thatengineerswish
to usetheir simulationsto make predictionsaboutthe real world
whereasusersof computergraphicsareonly concernedabouthow
thecracksappearvisually.

In our work we go a step further and use an algorithm that
achievesgoodresultsbut doesnotclaim to follow physicalsimula-
tion principles.Our approachshouldthereforebeconsideredmore
in thecontext of non-photorealisticrenderingratherthanin physi-
cally basedmodelling.Othershavealsofollowedthisprinciple,see
[Raghavachary2002]and[GobronandChiba2001].

Our methodis relatively simple,usingonly onealgorithm,the
DistanceTransform[Jain1989]. Theinterfaceto thesoftwarewas
writtensothatartistscouldusethis techniqueto addacracktexture
to anexisting batteryof �lters. For this reasonwe built the“crack
�lter” asaPhotoshopplugin.

Figure2: RealBatik. ImageCourtesytheBatik Institute.

Figure3: Imagea. real batik cracks,b. generatedcracks. Each
cracktendsto move towardstheconcave regionson theboundary.

3 Visual Characteristics of Batik

Figure2 shows anexampleof realBatik painting.Theinsetimage
(bottomright of the�gure) is acloseuptakenfrom within thewhite
rectangle,which shows the characteristiccrackpatternsfound in
Batik. Therearea numberof factorswhich affect the appearance
of thecloth. Firstly thedye is absorbednon-homogenouslyby the
cloth. Introducingsomenoiseinto the imagecanproducea rea-
sonablesimulationof this effect. In our system,a variation on
Perlin noise[Wyvill andNovins 1999] hasbeenusedto simulate
non-homogenousdyeabsorption.Cracksareformedin time order,
ratherthanall at once,so a crackwill run until meetingthe edge
of the wax or anothercrackeitherof which will stopit. It canbe
observedin theclose-upimagethattherearefew placeswhereone
crackcrossesanother, but therearemany T-junctions.

Cracksoftenendin maximallyconcave regionsof thewax bor-
der, as depictedin Figure 3, possiblybecauseit is energetically
cheaperfor thecracksto beshorter. Thewax maskfor Figure3b,
wasgeneratedby giving asinput to our system,animagethatrep-
resentsthe wax areaswithout any cracks. The numberof cracks
generatedis chosenby theuser. Thegeneratedandrealcrackshave
anoverall similarity in position. They arenot exactsincethestart
positionsfor thegeneratedcracksin oursystemarechosenstochas-
tically, and the numberof cracksuserdriven. The tendency for
cracksto endin concave regionscanbe observed in both images
andmany of the cracksin imagea have very similar counterparts
in imageb.

Crackserode, thereforeolder cracksare wider than younger
cracks. At T-junctionsthe wax becomesfragile at the edgesand
tendsto breakoff, widening the cracksin this region. Thereare
many typesof wax usedby thevariousdifferentbatik manufactur-
ers.Mostwaxis acombinationof beeswaxandparaf�n, andthera-
tio betweenthetwo determineshow muchit will crack(moreparaf-
�n gives more cracking). For example,unlike Indonesianbatik,
Chinesebatik is madeusingmostlybeeswax, which resistscrack-
ing whendyed,avoiding thecrackpatternsthat thealgorithmsde-
scribedin thispaperattemptto reproduce.

In our simulationthe user�rst generatesoneor morewax im-
ages,which will becombinedto form the�nished artwork. In our
casethey aredigital images,whichencodethecharacteristicsof the
wax in thecolourchannels(seesection7). A wax imageis loaded
into the simulator, cracksareproduced,simulateddye is applied
andtheresultis compositedwith the�nal image.

A visual simulationof thesecrackpropertiescanbe produced
usingvariationsof thedistancetransformalgorithm.



Figure4: Samplewax image(left), distancetransform(right)

4 Distance Transforms

In this andthefollowing sectionswe usethefollowing de�nitions:
Wde�nestheimagedomain.W de�nesthepartof Wthatis covered
with wax, andthesetV consistsof theborderof W togetherwith
all thecracks.

In order to achieve a plausibledistribution of cracks,we start
from the following observations: (1) newer cracksrun from one
older crack to anotherolder crack (wherethe borderof the wax
domainalsocountsasoneor morecracks),and (2) cracksserve
to alleviate the tensionin the wax. Thereforetensionis closeto
zeronearanoldercrack,sonew cracksshouldmainly run through
regionsthatarefar removedfrom oldercracks.

In order to achieve (2), we needto know, in every point of W,
how far the nearestolder crackis. A simpleway to do that, is by
usinga distancetransform. Given a subsetV of W, the distance
transformD(p) in apoint p 2 W is de�ned as

D(p) = MIN(v : v 2 V : jp� vj);

in otherwords:it is thedistanceto thepointv in V thatis nearestto
p; j p� vj is thedistancebetweenp andv accordingto somemetric.

Thevalueof D(p) dependson thedistancemetric chosen.Us-
ing anL2 metric is preferredin many applicationsasit providesa
rotationallyinvariantmeasure.Brute forcemethodsto calculatea
rotationallyinvariantdistancetransformrequireO(jWjjVj) calcula-
tions.Variouswork hasbeendoneonsuchmethodsto increasethe
ef�ciency [GavrilovaandAlsuwaiyel2001].

For ourapplicationhowever, experimentsshow thatwedon't re-
ally needrotationalinvariance.A simpleimplementationusingL1

metric,basedon Jain's algorithm[Jain1989]givesresultsthatare
visually just asappropriatewith theadditionaladvantageof much
simplercodeandconsiderablymoreef�cient execution.

The Jain algorithm is a two-passalgorithm with complexity
O(jWj) asfollows:

for(pixel p in V) D(p)=0;
for(pixel p in Omega--V) D(p)=infinity;
for(pixel p: scan from top left to bottom right){

for(pixel n in upper left half Neighbourhood(p))
if(D(n)+|n-p|<D(p))D(p)=D(n)+|n-p|;

}
for(pixel p: scan from bottom right to top left){

for(pixel n in lower right half Neighbourhood(p))
if(D(n)+|n-p|<D(p))D(p)=D(n)+|n-p|;

}

For someapplications,suchasmodelingthe wideningof older
cracks,notonly doweneedto know thedistanceto thenearestfea-
ture but alsothe identity of this feature. (A “feature” heremeans
a crackor theborderof W). To this aim, we useanextendedver-
sionof thedistancetransform[Jain1989];we call this theidentity
transform(IDT). Assumethateverypoint p in Whasa label,l ( p).
Thelabelsfor pointsin V aretakenfrom asetL = f l 0; l 1; l 2; : : :g.
Thealgorithmfor IDT is asfollows:

for(pixel p in V) {
D(p)=0;
lambda(p)= element from Lambda;

}
for(pixel p in Omega--V) {

D(p)=infinity;
lambda(p)= 'undefined';

}
for(pixel p: scan from top left to bottom right){

for(pixel n in upper left half Neighbourhood(p))
if(D(n)+|n-p|<D(p)) {

D(p)=D(n)+|n-p|;
lambda(p)=lambda(n);

}
}

// and similar for the second pass

TheIDT effectively computesadiscretesamplingof theVoronoi
diagramfor thecurrentlyusedmetric,wheretheseedsmaybear-
bitrarily shapedsubsetsof W.

We usethe following featuresof the distancetransformin our
cracksimulator:

� D(p) is theshortestdistancebetweenp andany earlierfeature
in W;

� l (p) is theidentityof thenearestfeatureto p;

� D(p) andl (p) allow localupdatingin caseof localmodi�ca-
tionsof V (in otherwords,assoonasthenext youngercrack
is formed,we only have to re-computeD(p) and l (p) in a
subdomainof Wthat is roughlyequalto theboundingbox of
therecentcrack);

� For closer approximationsto the L2 metric, we can sim-
ply adjustthe de�nition of “Neighbourhood”.Larger neigh-
bourhoodsgivebetterapproximationtocircular(D(p)=const)-
contoursin caseof apoint-shapedsubsetV (at theexpenseof
slower execution). Although we assumethat this mustbe a
well-known generalisationwe werenot able to �nd a refer-
enceto it.

– 3 x 3, 4-connected:square;

– 3 x 3, 8-connected:8-gon,

– 5 x 5, 24-connected:(16-gon),

– 7 x 7, 48-connected:( 32-gon,etc.)

5 Crack Simulation
In this sectionwe describethe processof forming a patternof
cracksin a layerof wax. A wax-processingstepof thealgorithmis
asfollows:

crack initialisation;
do{

find suitable starting point;
for(both halves of the crack){

do{
find propagation direction;
apply random perturbation;
make a step;

} until arrival on earlier feature
}
update D(p) and lambda(p) near recent crack;

} until amount of cracks set by user.

In the initialization phasea distancetransformandan IDT are
appliedto theareaswhichhavebeencoveredby wax,W. Thenon-
coveredarea,W� W, isassignedD(p) = 0andl (p) = “unde�ned”.

A samplewax mask(in red)andits distancetransformis shown
in Figure4, thedistancevaluesin theright-handimagehave been
scaledandassignedto theredchannel.



In our approachto crack propagation, we assumethat cracks
serve to alleviate the stressdistribution in the wax. The energeti-
cally cheapestway to do this, is to have cracksof minimal length.
So therearetwo boundaryconditions:(1) asexplainedin section
4, a crackshouldpassthrougha point that is at (locally) maximal
distancefrom any earliercrack,sincetherethe stressis (locally)
maximal;and(2) acrackshouldpropagateasfastaspossibleto the
nearestfeature(i.e. earliercrackor borderof thewax). The latter
will ensurethat begin andendpointsof new cracksare likely to
begin andendatapointof localmaximalcurvatureof oldercracks,
whichconformsto thephysicalbehaviour of cracks.

In order to steercracksin the directionof the steepestdescent
of D(p), we needthe gradientof D(p). As well asstoringD(p)

andl (p) ateachpixel, thegradient~ÑD(p) = ( ¶D(p)
¶x ; ¶D(p)

¶y ) of the
distancetransformis alsocalculatedandstored.Thederivativesare
computedon thegrid locationsusing�nite differences;to mitigate
aliasing,we �rst low-pass�lter D(p).

Oncedistancevaluesand their gradientshave beencomputed
thecrackpropagationalgorithmis initiatedby �rst choosingaseed
point insidethewax region. A randompoint q insideW is chosen
(seealsosection6). From q, we follow a pathin the directionof
increasingD(p) to �nd a local maximumof D(p). Let q0 be the
locationof thelocalmaximum.

Fromthepointq0, thecrackis propagatedsimultaneouslyin two
(normalized)directions~d and� ~d. We �nd ~d asthedirectionof the
steepestdescentof D(q0).

In orderto representcracksaspolylines,we representthemasa
chainof line segements(apolyline)whereeveryvertex hasat least
oneintegercoordinate.Noticethatpixels,suchasthestartingpoint
q', fall in thiscategoryasit hasbothintegercoordinates.So,let the
currentcrackpointbe pc wherepc is eitheron thehorizontalor the
verticaledgebetweentwo adjacentpixels.

Frompc downhill, ~ÑD is usedto determinethedirectionof prop-
agation,say~r, by following thegradient.To do this,~r is evaluated
in pc at sub-pixel resolutionby linearly interpolatingthe values
of ~ÑD(p) in the two pixels adjacentto pc. We intersectthe line
pc + m~r with the four sidesof the squareshown in �gure 5, con-
sistingof pc's neighbouringpixelsandtheir appropriateopposites.
Theintersectionpoint thatis closestto pc will bethenext point on
thecrack.

Propagating the crack as outlined above, would lead to very
straightcracks.To get the characteristicwrinkled appearance,we
perturb~r with a �ltered Brownian motion noise. Both the noise
amplitudeandthe�ltering strengthareput underusercontrol.The
noiseamplitudeis locally controllable(seesection 6); the �lter
strengthis aglobalparameter.

In Figure5 thepixelsindicatedwith blacksquaresarelabelledas
“on a crack”. Their l -valuesreceive a serialnumberthatencodes
the ageof the crack. If thereare n cracksrequired,the l -value
in the pixels that are “on” cracknumberi areset to n � i. After
completionof this crack,theIDT propagatesthesel -valuesto the
environment.So,aftertheIDT, all pixelshavetheageof thenearest
cracksetin their l -value.

ThedistancevaluesD(p) of points“on” thecrackaresub-pixel
accurate;in Figure5, theexistingcrackis shown astheredpolyline
with sub-pixel coordinates;thebluesquaresindicatepixelsusedfor
computingD(p) andthenext positionsof pc. Sothepresenceof all
subsequentcracksis entirelyencodedin themapsD(p) andl (p).

In section 7 we explain how the ageof the crack,asencoded
in l (p), is usedto accountfor anage-dependentwidth of thedye
track.

We accountfor onefurthereffect that is thewideningof theT-
junction betweena crackandan older crack. To this aim, every
point on a crackshouldalsoknow its distanceto the two features
(typically: T-junctionswith earlier cracks)that causeit to termi-

Figure5: Calculatingthedirectionof crackpropagation.Theblack
squaresrepresentthepixel centres.

nate. In order to computethis distance,we usethe fact that we
know (roughly)in advancehow longacrackis goingto be. Indeed,
thevalueof D(q0) in thestartingpointq0tellsusthis. Duringprop-
agation over (onehalf of) a crack,we keeptrack of the distance
travelled. In all the points p on a crackwe administratea value
d2j(p) (shortfor “distanceto junction”), de�ned as:

d2j(p) = MAX(0; len(p;q0) � D(q0) + T):

Here, “len” is the distancetravelled betweenq0 and p. So for
pointsp thatarefurther thana certainthreshold,sayT, from their
destination,d2j(p) = 0. If they arecloserthanT to thethreshold,
they have a linearly increasingvalue,with a maximumof T on the
junction.

With a separaterun of a distancetransformalgorithm,we also
propagatethevaluesof d2j to theenvironmentof cracks.Thistime,
however, wedecreaseratherthanincreasethedistanceattribute.So
after this distancetransform,all pixels have a valid d2j-attribute
which is 0 at locationsfar from T-junctions,which is maximalon
theT-junctions,andwhichlinearlydecreaseswith thedistanceto T-
junctions.Thevalueof d2j(p) is usedin theactualcomputationof
thedistanceto thenearestcrack.It resultsin pointsthatarecloseto
a T-junctionto yield a reduceddistanceto thecenterof thenearest
crack. Therefore,whencloseto a T-junction, thereareeffectively
morepointsthathave a distanceto thenearestcrack-centrethat is
below thethreshold,andhence,thecrackappearsto bewider near
T-junctions.

Oncea crackhasbeenpropagated,agedandT-junctionsadmin-
istered,thecycle is repeatedfor thenext crack.



Figure6: Crackbefore(top)andafter(bottom)agingandwidening
dueto T-junctions.

6 Controlling The Process

To controlthebatik simulationtheusersuppliesa seriesof images
representingthewaxmasksandthesimulationcomputesthecracks
andcompositestheimagesinto anoutputimage.Thereareseveral
controlsthat can be appliedto the crackingprocess. Local con-
trol is achieved by de�ning the distribution of the valuesof crack
width (d(p)), crackdensity(r (p)), andcrackrandomness(wiggly-
nessw(p)) asfunctionsof thelocationp. In orderto provide these
valuestheusercansetthered(d(p)), green(r (p)), andblue(w(p))
distributionsin theinput image.Theactualcoloursareunimportant
andgreyscaleimagescouldequallywell beused.

Figure7 shows theeffectsof varyingeachof theseparameters.
Thetopmapof Canadahasasmoothredrampvaryingfrom 100%
redin theEastto 0% in theWest.Thevariationof d(p) in thewax
imagecanbeseenin thetopimageof Figure7: thecracksarewider
in the East. The apparentwidth of a crackis not storedexplicitly
but is calculatedaspartof thedyeapplicationprocess(see7).

The densityparameter(r (p)) is usedto control the probability
thata crackis created.For example,in regionsof low r (p) fewer
pointsareacceptedandthereforefewer cracksgenerated.The al-
gorithm to �nd the crack startingpoint q �rst selectsa random
point that lies within W. The densityvalue,r (q) rangingfrom 0
to 1, is comparedagainsta uniform randomnumberr 2 [0 : 1]. If
r (q)3 > r thepoint is accepted.Thecubewasfoundempirically
to givebetterresultsthana linearor squarerelationship.

Theparameterw(p) isusedtocontrolthelocaldirectiontakenby
thecrack. In Figure7, thecracksappearstraighterin theWestand
follow a morerandom(wiggly) pathin theEastasw(p) increases

from Westto East.
Thereis alsoa globalrandomnesscontrol,which canbeusedto

vary thedirectionof all thecracks.Detailsof how thepathdirec-
tion is calculatedaregiven in section5. Otherglobal controlsare
providedby varyingparameterssuchasoverall crackwidth (i.e. a
scalingfactoraffecting all cracks)andsmoothnessusingan inter-
activeuserinterface.

In realbatikthewaxis oftenleft ontheclothuntil the�nal wash-
ing stagewhenall the wax masksareremoved from the cloth. In
somecasesit may be desirableto remove a wax imagefrom the
cloth in betweenpaint/dyecycles. In this casethe areaof cloth
no longerin�uenced by thewax would receive morethanonedye
application.Wealsosimulatethisprocess.

7 Dye Simulation

Applying the algorithmfrom section5, using the control mecha-
nismsasdescribedin section6, producesa mapD(p) that repre-
sents,in everypoint p, thedistanceto thenearestcrack(or thebor-
derof W). It alsoproducesamapl (p) thatrepresentstheage(i.e.,
thesequencenumber)of thecracknearestto p. In thepresentsec-
tion we describehow a colour is assignedto p thatcorrespondsto
theapplicationof dyeof agivencolourto theclothwith thepresent
waxdistribution.

Therearetwo aspectsto colourassignment:�rst, thecomputa-
tion of thecolour that resultsfrom mixing thedyecolourwith the
existingcolour(whichmaybetheoriginalclothcolouror thecolour
thatresultedfrom applyingearlierdyes)atnon-protectedspots,and
thecomputationof theintensityof thedyeatagivenlocationtaking
thewaxdistribution into account.

7.1 A Multiplicative Colour Mo del for Dye Applica-
tion

Weadoptamultiplicativecolourmodelfor dyecolouring(seeFig-
ure 8), sinceit morecloselymodelsthe interactionbetweendyes,
asthey areappliedoneover theother.

This meansthat we associatea setof spectralre�ection coef�-
cientsto thecloth, sayr i(p) for frequenciesni andlocationp, and
asetof spectraltransmissioncoef�cients, sayti; j (p) to layerof dye
numberj. Theresultingspectraldistribution thatresultswhenillu-
minatingthebatikwith a light sourcewith spectraldistributionsi is
givenby

sir i(p)P j ti; j
2(p);

for all i. Thesquareaccountsfor thefactthatthelight passestwice
througheachlayer of dye. In our implementation,we samplethe
visible light spectrumwith 3 samples:i = 1;2;3. In orderto rep-
resentthesimulatedbatik in standardRGBformat,wechoosepure
spectralred,greenandbluefor our colourprimariesn1, n2 andn3.
In order to visualizethe resultingbatik, the purespectralcompo-
nentsareapproximatedby the red, greenandblue of the current
colourreproductiondevice.

The spectraltransmissioncoef�cients ti; j have a negative ex-
ponentialdependency on the thicknessof the dye layer (i.e., the
amountof dye per unit area). The assumptionusedhereis that a
thickerlayerof dyeisequivalentto two layerseachof half thethick-
ness.Thenthereductionof thespectralintensitiesis theproductof
thereductionof thetwo individual layers,hencetheexponentialbe-
havior: f (thickness1+ thickness2) = f (thickness1) � f (thickness2)
so f mustbeanexponentialfunctionof thethickness.

We approximatethis exponentialdependency by a lineardepen-
dency on thedyeconcentration.Thereforewe introduceaneffec-
tive dye concentrationdistribution, sayc j (p) for dye number j at
location p. In thenext sectionwe explain how c j (p) is computed



from D(p) andl (p). For now wementionthatc j (p) is everywhere
a numberbetween0 (no dye)and1 (maximaldyeconcentration).
With c j (p), wecompute

ti; j (p) = 1� c j (p)(1� ti; j0);

whereti; j0 is thespectraltransmissioncoef�cient for dyenumberj
at frequency ni whenit would beappliedwith maximalconcentra-
tion.

7.2 Geometrical Aspects of the Dye Distribution

In order to computec j (p), we adopt the assumptionthat dye is
somewhatabsorbedin cloth. Thisabsorptiongivesriseto aroughly
exponentialdistribution [Kreyszig1999])nearthelocationswhere
D(p) = 0.

We approximatethe negative exponentialdecayby a truncated
linear function(i.e., for distancesbetween0 andsomethresholdd
from the sideof the crackthe concentrationlinearly decaysfrom
1 to 0; for distancesfurther thand, theconcentrationstays0). As
explainedin section6, d is allowedto vary asa functionof thelo-
cation p. We want to accountfor effectssuchascrackwidening
dueto crackageor dueto closenessto T-junctions,andwe imple-
mentthis in thedye-depositingprocessby allowing d to vary asa
functionof thelocationp, henceweused(p).

Wecancomputec j (p) from D(p) by setting:

c j (p) = MAX(0;1�
D(p)
d(p)

):

With this formula,all crackswould give riseto dyetracksof equal
width if d(p) is constant.In orderto takecrackaginginto account,
weset

c j (p) = MAX(0;1�
D(p)l (p)

d(p)l 0
);

wherel 0 is thescaleparameterwhichgloballycontrolscrackwidth
(seesection6). Theageof thenearestcrackisencodedin l (p) such
thatoldercrackscorrespondto largervalues.

Finally weneedto accountfor T-junctionwidening.In section5
it wasshown how thevalueof d2j(p) is computedto representthe
distanceto thenearestT-junction.T-junctionwideningis calculated
in asimilarwayto crackaging,by introducingafurthermultiplica-
tion factor, d2j(p).

8 Results and Conclusions

Theexampleshown in Figure9 wasmadeby �rst drawing a series
of six wax masks,which togetherform the outline of the moose
head.Figure9ashows the �rst wax mask(inset)andtheresultant
imagegeneratedby runningthe cracksimulation. A variationon
Perlin noise[Wyvill andNovins 1999] hasbeenusedto simulate
non-homogenousdyeabsorption.A new waxmaskhasbeenadded
in Figure9bandthemaskusedin Figure9c is aninversemaskpro-
viding cracksin thebackground.The�nal mooseheadis theresult
of combiningall 6 masksin six passesthroughthecracksimulation.

Theexampleshown in Figure9 wasmadeby �rst drawing a se-
riesof six waxmasks,whichtogetherform theoutlineof themoose
head.Figure9ashowsthe�rst waxmask( readandblackinset)and
the resultantimagegeneratedby runningthe cracksimulation. A
variationon Perlinnoise[Wyvill andNovins 1999]hasbeenused
to simulatenon-homogenousdye absorption. In eachstepas in-
dicatedby imagegroupingsFigure9a to f, a new wax maskhas
beenadded.Thesemasksareshown in redandblackwith thered
repsentingthe waxed areas. The dyes(colouredasshown in the
rectangularcolourswatches)areappliedadditively. Noticehow the

additive effect of repeateddying changesthe colour. In the mask
usedin Figure9c is an inversemaskproviding cracksin theback-
ground.The�nal mooseheadis theresultof combiningall 6 masks
in six passesthroughthecracksimulation.

In the�nal imageof Figure9 someof thewax maskshave been
left in placeuntil theendof theprocess,althoughtheoptionexists
to remove the wax at eachstage. For examplethe wax maskof
Figure9a,wasnot removeduntil theendof thewholeprocessand
theareaunderit hasa complex crackpattern,theresultof multiple
passesthroughthecracksimulation.

Oneof thekey elementsin producinga convincing visualsimu-
lationof thebatikcracksis theprocessof agingandmanufacturing
wider crackscloseto T-junctionsascanbe seenin Figure9. For
a comparisonof cracksgeneratedwith andwithout usingtheseef-
fectsseeFigure6.

Fromour experimentswith our crackgenerationtechniqueswe
concludethefollowing:

1. Thecrackalgorithmgivesconvincingbatik-likecracksin �at-
coloured,segmentedimages.

2. The variousmechanismsin the batik processcanbe imple-
mentedin termsof few elementarygeometricoperationsand
imageprocessingoperationsonapurelylocalbasis.

3. All requiredalgorithmscanbestraightforwardlyderivedfrom
thedistancetransform.

8.1 Limitations

In therealbatik example,Figure3b, thecrackstendto form in the
narrowestpartsof the wax areas,andtendto divide the wax into
large, roundishchunks. In the syntheticexample,the crackstend
to drive right throughthemiddleof theseroundareasandspanthe
narrow channelslessfrequently. Thereasonfor this is thatif awax
piecewith a narrow part is formed,the chancesarelarge that the
�rst crackasproducedin our algorithmwill not be in this narrow
part but ratherthroughthe middle of one of the big lobes. This
is a consequenceof our hill climbing approach,and it is a weak
point of our algorithm.On theotherhand,aftersubdividing pieces
cansoonget rounder( i.e. moreconvex), andthe problemis less
likely to occur. It canbeseenthat theoverall effect is very similar
to the cracksin batik. The dye simulationis a simpleapproxima-
tion to theactualdyeprocess,It doesnot capturefor example,the
variationsin differenttypesof cloth. A betterdyesimulationis an
areafor futurework. Perhapswith a moreintuitive userinterface,
thealgorithmmaybeusefulfor artists,andthuswe tradethenum-
ber of physical phenomenawe take into accountfor speedin our
simulation.Our resultsarepleasingandcloseto thecracksin real
Batik for small computationalprogrammingeffort. Judgingfrom
otherphysically basedcrackingmethodsa betterphysical simula-
tion mayperhapscomecloserto theappearanceof therealcracks
but would beconsiderablymoredif�cult to programandrun much
slower.

8.2 Future Work

Wehaveimplementedthesetechniquesasplug-insoftwarefor Pho-
toshop,addinganother�lter to provide a new tool for artists. The
userinterfacedescribedherewasmerely to test the crack forma-
tion processandproducethe examples.Our future work includes
developingour own paintsystemthatsimulatesthefeel of thewax
paintingprocess,includingtheeffectsof thedifferenttypesof wax,
andthe fact that thewax tendsto form blendedpatchesaswell as
practicalproblemssuchasthechangein viscositywith cooling.
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Figure 7: Eachmap of Canadais representedby a colour ramp
goingfrom Westto East(0-255).Crackwidth (red),density(green)
andrandomness(blue)varyasthevalueof theinputchannelvaries
acrosseachimage.

Reflective Substrate:  r*  = 0.9 ;  g*  = 0.9;  b*  = 0.9

Transmit:  r*= 1.0 ;  g*  = 1.0;  b* = 0.25;

Transmit:  r *= 0.9 ;  g*  = 0.9;  b*  = 0.4;

r= 1.0
g=1.0
b=1.0

r= 0.729
g=0.729
b=0.009

r= 0.81
g=0.81
b=0.0225

r= 0.81
g=0.81
b=0.09

r= 0.9
g=0.9
b=0.4

r= 0.9
g=0.9
b=0.1

Figure8: How MultiplicativeColourWorks,dyesmaybemodelled
ascolour�lters.



Figure9: Thelargemooseheadimageis a complex imagecreatedwith this Batik process.Thesurroundingimagegroupingsa - f, show the
stagesin building the�nished image.Eachgroupingcontains:a blackandredimageof thewax mask(theredis thewax), a colourswatch
of thedyeusedfor this step,theimagethatresultsfrom this stepanda tableof parameters.Theparametersareasfollows: W representsthe
width factorfor thewaxcracks,V representsthecrackvisibility, N representsthenumberof cracks,andM+ indicatesthatthewaxwasused
additively, (wecouldalternatively removedtheold wax).


