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Abstract The problemof digital paintingis consideredrom a
signal processingviewpoint, andis reconsidereds a problemof

directedtexture synthesis.It is animportantcharacteristiof nat-
ural texture that detail may be evident at mary scalesandthe de-
tail at eachscalemay have distinctcharacteristicsA “sparsecon-
volution” procedurefor generatingandomtextureswith arbitrary
spectralcontentis described.The capability of specifyingthe tex-

ture spectrum(and thus the amountof detail at eachscale)is an
improvementover stochastidexture synthesigprocessewhich are
scalebounar which have a prescribedL/f spectrum.This spectral
texture synthesisprocedureprovides the basisfor a digital paint
systemwhich rivalsthetextural sophisticatiorof traditionalartistic
media. Applicationsin terrain synthesisand texturing computer
renderedbjectsarealsoshowvn.

CR Cateoriesand SubjectDescriptors: 1.3.3 [ComputerGraph-
ics]: Picture/lmagegenerationj.3.7 [ComputerGraphics]: Three
DimensionalGraphicsand Realism- color, shading,shadaing ,
andtexture.

Additional Key WordsandPhrasestexture synthesispainting,ter-
rain models fractals.

1 Introduction

Themotivationfor texture synthesidies in the obsenationthatthe
absenceof texture is often responsiblgor the characteristicstark
or geometricappearancef computergeneratedmages,andmore
generallyin therecognitiorthatcurrentimagesynthesigechniques
areinappropriatdor renderingmary naturalphenomena[Reeves,
1983].

The lack of texture is felt particularlyin digital painting. While
it appeardnitially that a “put-that-colorthere” paint program(in
which ary region of the display screenmay be shadedwith ary
desiredcolor) is a comprehense de nition of painting, its limi-
tationsare severe,ascanbe seenby the following agument: The
numberof distinct color regionsin a digitized (non-computer)m-
ageis generallyfoundto beasigni cant fractionof thetotal number
of pixels. In atypical mediumresolution(250,000pixel) digitized
imagethereareon the orderof 105distinctcolor regions,depend-
ing on the color resolutionof the digitizer andimagebuffer. This
canbevisually demonstratetdy applyinga uniquemappingof the
pixel valuesof a digitized imageontorelatively incoherenbor ran-
domvaluegFigurel]. Thus,ontheorderof 105manualoperations
would berequiredto digitally painta mediumresolutionimageof
comparableompl«ity usinga put-that-colotthereprocedure As
aresultmary digital paintingsincorporatedigitized imagesor use
geometricalpatternsto achieve visual complexity, while in other
caseghejaggie,low resolutionappearanceesultingfrom the put-
that-colorthere procedureprovides the “digital” characterof the
painting.

In contrastmuchof the detail in traditionalmediais generatedis
adesiredeffect of the paintingprocess Paints,brushesandpaint-
ing surfacesarecarefully selectedor their characteristieffects. It

Figure2: A watercolorbrushstrok.

may be saidthat, whereaghe paint programignoresthe nuances
of the artistsgestureto producea uniform, analyticalmark, an ex-
pressve (physical) painting mediumampli es the artistsgesture.
Figure2 is presentedo emphasizehatdigital paintingis far from
a “solved problem”, asa single brushstrok in antraditional (and
ostensiblyprimitive) mediumproducesa quantityandcharacteiof
texturalinformationwhich would be dif cult to digitally generate.

Computeiartistsmake thepointthatdigital simulationof traditional
artistic mediais not anappropriategoal. While thisis agreedit is
alsoinappropriateto identify theintrinsic characteof computeim-
ageswith hardware andsoftware primitiveswhich wereoriginally
developedto accommodaténformationdisplayratherthanimage
synthesis Sincethis mediumis essentiallyde ned in software,or-
ganiceffectsare no lessintrinsic than geometricaleffects though
theformerwill requirenew techniques.

The ultimate form of computesresistedimage creationwill cer
tainly departfrom the paintingmetaphar Theimmediatepotential
of a programmablegaintingis neverthelessattractve, remember
ing thata goodillustrator canrenderan arbitraryscenen thetime
sometimesequiredto ray tracerelatively simplescenesAs anini-
tial approximatiorthe problemof developingan expressie digital
paintingmediumwill be viewed asa problemof texture synthesis.
Texture is de ned hereas object detail which we do not careto
explicitly specifythoughsomeof its aggrejatecharacteristicenay
be known. This de nition encompassemary naturalphenomena
aswell asthe small-scaledetail usually associatedvith the term.
The size andlocation of a geographideaturemay be of interest,
for example,but it is notdesirableto designor measurets surface
beyond a certainscale. The textural thresholdis the scalebeyond
whichimagedetailmaybereplacedy other similar detailwithout
affectingthe viewersperceptiorof subject.

While thisis abroadde nition of texture,the consideratiorof tex-
ture asan essentiallyplanarphenomenoris restrictve. It will be
seenthattexture elds may beinterpretedasheight elds for ter
rain synthesisandthe developmentof three-dimensionajeneral-
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izationsof planartexture synthesisnethodss concevable.

2 Texture Models

Texture modelstradedepthfor generalityin attemptingto repro-
ducetheappearancef atexturewithout consideringts underlying
structure.Naturaltexturesexhibit local variationswhich aremod-
elledasarandomprocessalthoughthe responsiblgghenomenare
not randomfrom otherviewpoints. A numberof stochastidexture
modelshave beenproposedcandarediscussedn thereferencesA
brief descriptionof severalimportantmodelsfollows.

Time-seriesnodellingconsidergeriodicitiesin therow scanof an
image;this approachis fundamentallylimit in thatit cannoteasily
describehestructureof thetexturein thedimensions(sperpendic-
ularto thescan.

Planarrandompoint processegeneratea texture consistingof a

distribution of pointson a planarbackground Bombingprocesses

generalizeghe planarpoint procesdy replacingthe point primitive

with a shapepossessingrientation,color andothercharacteristics

[Schacte’& Ahuja,1979].

Cell growth processegartition the planeinto cells. The Voronoi
tesselationis an exemplary cell growvn processwhich distributes
cell nucleiby a point processa cell is de ned asthe boundaryof
the collection of pointswhich are closestto a particularnucleus.
Theresultingtexture resemblesaturalcellular structures[Mezei,
Puzin,andConroy].

Syntactictexture modelsequatetokensof a formal grammarwith

structuralprimitivesof thetexture. A highly structurecbut nonde-
terministictexturemaybe generatedf probabilitiesareassignedo

therewrite or expansionrulesof thegrammaifLu andFu, 1978].

Two-dimensionaMarkove randomeld modelsconsidethecondi-
tional probabilityof colorvaluesover asampleregion of thetexture
[Hassnerand Sklansky, 1980; CrossandJain,1983]. The Marko-
vian propertyis modi ed by de ning thetransitionprobabilitieson
aneighborhoof adjacenir non-adjacenpixels, sothetermde-
scribesa nite memoryprocessatherthanaplanarMarkov chain.
this methodhasachiezed goodresultsin simulatingprototypetex-
tures. Unfortunatelyit is not practicalfor texturessampledat high
resolutionsincethe numberof conditionalprobabilitiesis Gsif G
is the numberof quantizedcolor levelsandS is the numberof ad-
jacentpixelsto be consideredSeveralauthorshave usedBrownian
sheetsto modelruggedterrain [Fournier Fussell,and Carpenter
1983; Mandelbrot,1982]. Thoughnot originally conceved of as
a texture model, the heightvaluesof the Brownian sheetmay be
reinterpretedhscolor valuesof a planartexture.

3 Texture and Scale

An importantcharacteristioof naturaltexture is that textural de-
tail may occurat morethanonescale.Detail may be noticeableat
all scaledrom thetextural thresholdto the limit of visual activity.
For examplea eld of pebbleshasanoverall shaperloserinspec-
tion shaws the contourof individual pebblesgeachof which hasits
own surfacetexture[Figure 3]. With the exceptionof the Brownian
modelof terrain,the texture modelsmentionedabore describetex-
tureswith detail at only onescale(this is true of Markov textures
becausef practicallimitations on the sizeof the region determin-
ing the transitionprobabilities). An overvien of thesetexturesaf-
rms thatthe generatingorocessds stationaryanddevoid of global
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Figure3: A eld of pebbles.

Figure4: Windowed plot of the grey levelsin onerow of Figure
3 (bottom), auto correlation,power spectrum. andten pole auto
regressve spectrumestimateobtainedby linear prediction(top).

charactemwhile closeexaminationcanreveal only the constituent
pixelsof thetexture.

The Brownian model of terraindoeshave the propertythat closer
obsenration yields moredetail. This applicationof Brownian mo-
tion resultedfrom Mandelbrotsinterestin fractals,a collection of
mathematicabbjectsunitedby the criterion of recursve self- sim-
ilarity: the objectsarede ned asanalyticor probabilisticfunctions
of scale[Mandelbrot,1982]. Brownian motion canbe considered
self-similarsincethe statisticalmomentsof any samplearesimilar
to ary othersamplewhenadjustedby a scalingfactor In factun-
modi ed Brownian motion generates very ruggedterrain. Man-
delbrothasproposeda revised modelin which B(t) is Itered to
adjustits amplitudespectrunto f-q (theun ltered B(t) hasthe pa-
rameterg=1). The Itering is conceved asa Riemann-Liouville
integral of B(t) [Oldhamand Spaniey 1974]: (equationhere)(The
dB(x) form of the integral is usedto sidestepthe problemsof for-
mally de ning the derivative of B(t) or the integral thereofusing
thelimit calculus).Thisis seerto beacorvolution of thederivative
of B(t) (white noise)with a Iter h(t)+tg-1. The(equation)scaling
factorcancelghenumeratoin thetransformof h(t), (equatiorhere)
(for integervaluesn). Whenq is aninteger RL(b(t)) reducego g-
fold repeatedntegrationof B(t) with the consequergmoothingef-
fect of multiplying the spectrumof B(t) by 1/fq. Fractionalvalues
of q producean intermediateamountof smoothing. (In practice
the Iltering is carriedout by multiplying the spectrumof a Gaus-
sianwhite noiseby the desiredexponentandinversetransforming
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Figure5: Paintedpatterns(left) and texturesrealizedby Fourier
transformation(right). The lower texture on theright is the phase
of thetransformwhile the remainingtexturesaretransformmagni-
tudes.

[Voss,1983)).

4 Frequency Domain Interpretation of

Texture

Whatis importanthereis thatthe precedingdiscussiorshouldsug-
gestthefrequengy domaininterpretatiorof texture. Consideragain
thepebblesn Figure3. Thedominantstructurede ned by therep-
etition of similarly sizedpebbleds re ected by peaksin the power
spectruncenteredat the frequeng which is theinverseof thetyp-
ical pebblesize.[Figure4]. Theattenuatedhigh-frequeng portion
of the spectrunre ects therelatively smoothsurfacetexture of the
pebbles.

This exampleillustratesthe wide bandwidthandvaried spectraof
naturaltextures, re ecting the variety of naturalstructures. Al-
thoughthefractal 1/f spectraareanalyticallytractableandhave re-
sultedin very attractve computationamethodgFournier Fussell,
andCarpenter1982]they arenot universal. The following proce-
duregeneratesandomtextureswith arbitraryspectra.

5 Texture Synthesis Procedure

5.1 Spectrum Painting

The spectralinterpretationof texture suggestshe direct speci ca-
tion of the spectrumas input to the texture synthesisprocedure,
with the texture generatedy inverseFourier transformation.For
“organic” texturesthe spectrummay be asdif cult to analytically
de ne asthetextureitself. Instead the desiredspectrurris painted
usingadigital paintprogram[Figure5]. (Thisis a“bootstrap”pro-
ceduresincethe paint programincorporateghe textureswhich it
creates).

Two quadrantf the amplitudespectrumare paintedandthe re-
mainingtwo quadrantaregeneratedy symmetry Thephasespec-
trumis paintedor setto randomvalues.Inversetransformatiorgen-
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eratesa comple texture, with the real andimaginarycomponents
having a similar visual character The magnitude Jog magnitude,
or phaseof theinversetransformmayalsosene astextures.

Usingthe nearduality betweerforward andinverseFouriertrans-
forms, it is alsoeffective to implementthe spectrumpainting pro-

cedureby the forward transformfrom a real, asymmetricpattern.
Theresultingtextureexhibitsthequadransymmetryof aspectrum,
F(u,v)= F* (-u, -v) which maybeundesirable.

Experiencawith the spectrunpaintingmethodshavs thatit is pos-

sibleto acquireanintuitive feel for the relationbetweercharacter

istics of a paintedspectrumor patternandits transform,andthe

authorcanreliably paintamplitudespectrao simulatesomesimple

texturesincluding carvas andwood grain. Painting phasespectra
is more dif cult becausehe histogramdisplay methodproduces
an apparentdiscontinuity betweentwo pi and zero radians. The

methodis fairly robust,however , andvariationssuchassettingthe

phaseo zeroor at randomhave producedusefultextures.

Whenthe spectrunmpaintingmethodis notintuitive it nevertheless
producesich andorganictextureswhich would bedif cult to paint
in the spatialdomainusingcurrenttechniques.Oneis temptedto
suggestan inversesymmetryof visual compleity, by which per
ceptuallysimple gures in one domainposseswisually sophisti-
catedtransforms.Thisis in parta visual applicationof the uncer
tainty principle, which stateghata signalandits transformcannot
bothbe“of shortduration”. Thus,a patternconsistingof afew non-
zeropointstransformdo atexturewhich extendover thetransform
area[Figure5].

5.2 Sparse Convolution

Thetexture samplerealizedby spectrunpaintinghasseveralunde-
sirablepropertieshowever:

1. Itis periodic.

2. If standardfast Fourier transformsoftware is usedthenthe
textureis containedn a squareareawhosepixel resolutionis
apower of two.

3. Thetexturehaswell-de ned edgeswhich arenot characteris-
tic of naturaltextures.

In the secondstageof the texture synthesisprocedurea random
texture eld is producedfrom the texture sample. The sampleis

windowed to remove edgediscontinuitiesby multiplying the sam-
ple by theradial Gaussiar{equation)Thetexture eld is initialized

to aconstanvalueanddevelopedby weightedadditionsof thedis-

placedsample Theweightsanddisplacementaregivenby awhite

randomnumbergeneratar This procedurds equivalentto an out-

of-ordercorvolution of the windowed texture samplewith a white

noise. Thus,the texture sampleassumeshe role of the Iter im-

pulseresponser point spreadunction,andthe expectedspectrum
of thetexture eld is thatof the sample.

In practiceexcellentresultsare obtainedwhenthe white noiseis
replacedy a“sparse”(white) noiseor pointprocessontainingap-
proximatelytennon-zerovaluesperpointspreacarea.Theout- of-
ordercornvolution with a sparsenoiseresultsin a signi cant com-
putationaladvantagerelative to directconvolution. Furthersavings
mayberealizedif thenoiseis quantizedo integervalues.
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Figure6: Sampledmpulseresponsdright, from [Bryant, 1978])
andsynthetictexture (left).

5.3 Sampled Impulse Response Filtering

Whenit is desiredto generatea randomtexture eld which emu-
latesa prototypetexture anda sampleof thattexture is available,
we usetheresultthat,if a stochastigprocesss modelledasa nite
impulseresponselter excited by white noise thena properlywin-
dowed sampleof the processs expectedto resemblethe impulse
responsef the Iter . Thetransformof thewindow shouldbeanar
rowbandapproximatiorto the deltafunction sincethe windowing
multiplication (modulation)is equivalentto the corvolution of the
samplespectrumwith thewindow spectrumModestspectrakver
agingis appropriatesinceit reduceghe local varianceof the sam-
ple spectrumwith respectto “true” (prototype)spectrum;seethe
discussiornf modi ed periodogranmspectrumestimationin a text
suchas[Beauchampand Yuen, 1979]. The transformof a Gaus-
sianwindow is alsoGaussiarandthebandwidthof thetransformis
inverselyproportionalto the sizeof thewindow.

Consideredin the spatial domain, the window should be large
enoughto includeoneor moreperiodsof thelowestfrequeng com-
ponentsvhich characterizéhetexture. For thepurposesf painting
or imagesynthesishe window size canbe determinedby inspec-
tion and adjustedf necessary“As big aspossible”is not a good
size becausespatialconvolution is an O(size (to the 2nd)) proce-
dure;the unusedsourcetextureis put to a betteruseby averaging
severalsamplesn the frequeny domainandinversetransforming,
therebyreducingthe varianceof the sampleas an estimateof the
prototypeimpulseresponse.

Thesparseconvolution procedures usedto producea randomtex-
ture eld from the windoved sample.While the resultingtextures
roughlyresembleheir prototypeqFigure6), the sampledmpulse
responsegrocedures attractize in thatit doesnot requireestima-
tion of texture parametersAs suchit shouldbe notedthatsampled
impulseresponsdtering is asynthesiproceduregatherthanatex-
turemodel.

6 Applications

6.1 Digital painting

Several variationson thesetexture synthesisproceduregorm the
basisof a digital paintprogram[Figures7, 8]. Sparseconvolution
allowslarge.texturedareado begeneratedapidly. Thepainterde-
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Figure9: Paintingon avirtual surface.lllustrationboard(left) and
sandpapefright) surfacesareshavn.

signsa texture sampleusing one of the methodsdescribedabore
and speci es the extent, mean, spread,and “sparsenessdf the
sparsenoise. Noise pointslying outsidethe designatedxtent are
discardedIn the currentimplementatioron a nine-bitframebuffer
with atwenty-fourbit colorlookuptable,theresultingtexture eld
is copiedinto the framebuffer andthe lookup tableis adjustedto
containa color washin the portion of thetableindexed by the tex-
ture eld. Thetexture eld memgessmoothlywith its surroundings
because¢he edgesf thetexture eld inheritthewindow appliedto
the texture sample.Mary variationson the copying operationare
possiblerangingfrom thelinearinterpolation

pic[x,y]<-pic[x,y] + d* (tex[row, col]-pic[x,y])
[Whitted, 1983; Smith, 1982] to a “dry-brush” in which a second
texturemodulateghedensityof applicationof theprincipaltexture.
Theeffectof thetextureapplicationthendepend®nwhereit is ap-
plied (in relationto the secondexture) soa virtual surfaceresults.
The virtual surfacecansene analogouslto the textured surfaces
of traditionalmedia. The periodictexturesresultingfrom the spec-
trum painting proceduremay be repeatedn a mosaicto form an
extendedyirtual surface. This is implementedsimply by indexing
the virtual surfacetexture with the currentscreeraddressmodulo
thesizeof thetexture.

In the mostversatiletexture applicationcon gurationsthe texture
is usedasaweightto interpolatebetweerthebackground&andsome
othercolorsourceratherthaninterpolatingbetweerthetextureand
thebackgroundThesecon gurationsaredescribedn the“painters
rasterop™

pic[x,y]<-pic[x,y] + d*tex[row,col]
(the ellipsesindicatethe presenceof additionalparameters).For
example,if f is setto ¢ - pic[x,y] wherec is a scalarcolor mixedby
thepainter thenthetexturedescribeshedensityor spreadunction
of a“texturedairbrush”.In aneight-bitor nine-bitframebuffer it is
practicalto precomputeéhefunctionf andstoreit in atableindexed
by pic[x,y]. Thetableis recomputedvhentheauxiliary parameters
change(this doesnot happenmorethanonceper texture applica-
tion). The effect of the paintersrasterop dependson the contents
of thetargetareaaswell ason the appliedtexture, so eachtexture
applicationbuilds uponthe existing textureratherthanreplacingit.

In additionit is oftenusefulto referencehetexturethrougha shap-
ing tablev[t]. Thedefaultvalueof thetableis v[t] =t, makingthe

* f(pic[x,y],-..

N
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tableinvisible. By alteringthe slopeof the table function asv][t]

= a*t + b linearcompressiorandnegationareachie/ed. Recti ca-
tion, clipping, power modi cation, andnon-linear ltering areob-
tainedwithout additionalprogrammingoy usingappropriateshap-
ing functions.

Thisis acheapandpowerful Itering method.lIt is similarto color
lookuptabletechniquesut it maybe appliedlocally andits effect
depend®nthecurrenttextureapplicationcon guration. Thespec-
tral shapingeffectsanddesignproceduredor this methodarede-
velopedin [LeBrun, 1979]. In keepingwith theintuitive approach
usedin the texture synthesisprocedure the userdraws the shap-
ing function usinga digitizing tabletand evaluatest interactvely.
A paintingis createdby usingthe texture synthesigprocedureasa
brushwith ade nable shapeandtextural properties Thesizeof the
synthesigegionis reducedn orderto paintdetails.If thespeci ed
sizeis smallerthanthe size of the texture samplethenthe texture
sampleis appliedin placeof the synthesizedexture. In this case
the“brushstrole” (appliedtexture)is nolongerrandomandthere-
peatedapplicationof the texture samplemaybeevident.

Thisis usuallynot a seriousproblem,sincein mostpaintingstyles
the semantiadetail (detail explicitly speci ed by the artist) occurs
atamuchlargerscalethanthe procesdexture. Severalapproaches
to the problemof creatingsmall, randomtextures(on the orderof
tensquarepixels) have beenattemptedhowever.

One approachis to synthesizethe texture with an all-pole Iter

drivenby noise. Theall-pole lter canpredicta small areaof tex-
ture providedthatan adjacentareaof supportor Iter memoryhas
beenobtained. In our applicationthe Iter memoryis setto the
neighboringareasof the painting(if notzero)or to thetexture pro-
totypeor sample.The lter is designedby alinearpredictiont to
the sample.Thelinear predictionmethodis very attractve in that
it canmonitorthe lter stability (a commonproblemin the design
of all-pole lters) andin thatit accomplisheshe Iter designtask
[Makhoul]. This would be an ideal methodif the Iter wereim-
plementedn hardware,but it is ratherslow for interactve painting
whenimplementedn software.

A secondapproachs to precomputesomeof thedesiredextureand
obtaina“brushfull” of it by positioningawindow correspondingo
the size of the brush. If the window is moved with eachtexture
applicationtheneach“brushstrole” is distinctbut characteristiof
thedesiredtexture.

The succes®f texture synthesidn paintingis in partindicatedby
the statisticthat Figures7,8 were createdusingbetween2000and
10,000points enteredfrom a digitizing tablet, while eachpicture
containsapproximatelyl00,000separateolor regions. The input
streamdrom thedigitizing tabletandkeyboardmayberecordedo
producea relatively compactrepresentationf a painting. A more
controversial indication of successs that thesepaintingsdo not
suggestheir computerorigin, andthey have beenmistalenfor dig-
itizedimages.

6.2 Terrain synthesis and texture mapping

Synthetidexturesmaybeinterpretedasheight elds to createava-
riety of terraintypes. Figure 10 is reminiscenibf a terrainshaped
by erosionwhile Figurellresembles: Itered fractalsurfacewith
the quali cation thatit hasa modestdirectionaltrend. It is inter
estingto notethatif the texture sampleis a stepfunctionthenthe
out-of-ordercornvolution procedurgeducego avariantof theLevy
faulting processwhich was usedto implementthe rst Brownian
terrain simulations[Mandelbrot, 1977]. The preseration of the
samplespectrumin the texture eld is evident asboth have a 1/f
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(amplitude)spectrunt. RecentlyHaruyamaandBarsky have simi-
larly consideredhefractal 1/f typespectraasaninstanceof amore
generalspectralapproachto texture [Haruyama& Barsky, 1984].
Their paperadaptghe attractive recursve-subdvision fractal con-
structionto producenon-fractaltextureswith a variety of possible
spectra.

Theperiodictexturesresultingfrom inverseFouriertransformation
areusefulin texturemappingcomputesrenderedbjectssincethey

may be repeatedo cover large areaswithout producingthe border
discontinuitieswhich are visible in the non-periodictexture map
usedin Figure8.

7 Conclusions

The frequeng domaininterpretationof texture motivatesthe de-

velopmentof a spectraltexture synthesismethodwhich cangen-
eratesynthetictextureshaving the broadbandwidthand irregular

spectracharacteristiof naturaltextures. An interactve procedure
for generatingextureswith arbitrary spectrawas presented.This

procedurehasbeenusedto realizesomeof the potentialof digital

paintingasa softwaremediumpossessinfew inherentlimitations

or characteristicsThe textural compleity of the resultingimages
approachethatobtainablédn traditionalartisticmedia.
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Figure8: The backgroundn this pictureis paintedwhile the stone gures area texture-mappeaomputerrenderedbject. The edgeof the
(non-periodic)exture mapis visible asa horizontalseamontheleft gure; this wasretainedfor anesthetiaeason.

Figure10: A syntheticterraingeneratedrom alumpy texturesample.

Figurell: A syntheticterrainresemblinga fractalsurface.A directionalcharacteristi¢“north-southridges”)is evident.
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Figure 1: Randomfalse-colorationof a digitized painting. The
numberof distinctcolor regionsis alargefractionof thetotal num-
berof pixels.

Figure7: A digital paintingincorporatingsynthetictextures.
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