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Abstract The problemof digital painting is consideredfrom a
signalprocessingviewpoint, and is reconsideredasa problemof
directedtexture synthesis.It is an importantcharacteristicof nat-
ural texture thatdetailmaybeevident at many scales,andthede-
tail at eachscalemayhave distinctcharacteristics.A “sparsecon-
volution” procedurefor generatingrandomtextureswith arbitrary
spectralcontentis described.Thecapabilityof specifyingthetex-
ture spectrum(and thus the amountof detail at eachscale)is an
improvementover stochastictexturesynthesisprocesseswhich are
scaleboundor which have a prescribed1/f spectrum.This spectral
texture synthesisprocedureprovides the basisfor a digital paint
systemwhich rivalsthetexturalsophisticationof traditionalartistic
media. Applicationsin terrainsynthesisand texturing computer-
renderedobjectsarealsoshown.

CR Categoriesand SubjectDescriptors: I.3.3 [ComputerGraph-
ics]: Picture/Imagegeneration;I.3.7 [ComputerGraphics]:Three
DimensionalGraphicsandRealism- color, shading,shadowing ,
andtexture.

AdditionalKey WordsandPhrases:texturesynthesis,painting,ter-
rainmodels,fractals.

1 Intr oduction

Themotivationfor texturesynthesislies in theobservationthatthe
absenceof texture is often responsiblefor the characteristicstark
or geometricappearanceof computergeneratedimages,andmore
generally, in therecognitionthatcurrentimagesynthesistechniques
areinappropriatefor renderingmany naturalphenomena.[Reeves,
1983].

The lack of texture is felt particularly in digital painting. While
it appearsinitially that a “put-that-color-there” paint program(in
which any region of the display screenmay be shadedwith any
desiredcolor) is a comprehensive de�nition of painting, its limi-
tationsaresevere,ascanbe seenby the following argument:The
numberof distinctcolor regionsin a digitized(non-computer)im-
ageis generallyfoundto beasigni�cant fractionof thetotalnumber
of pixels. In a typical mediumresolution(250,000pixel) digitized
imagethereareon theorderof 105distinctcolor regions,depend-
ing on the color resolutionof the digitizer andimagebuffer. This
canbevisually demonstratedby applyinga uniquemappingof the
pixel valuesof a digitized imageontorelatively incoherentor ran-
domvalues[Figure1]. Thus,ontheorderof 105manualoperations
would berequiredto digitally painta mediumresolutionimageof
comparablecomplexity usinga put-that-color-thereprocedure.As
a resultmany digital paintingsincorporatedigitized imagesor use
geometricalpatternsto achieve visual complexity, while in other
casesthejaggie,low resolutionappearanceresultingfrom theput-
that-color-thereprocedureprovides the “digital” characterof the
painting.

In contrastmuchof the detail in traditionalmediais generatedas
a desiredeffect of thepaintingprocess.Paints,brushes,andpaint-
ing surfacesarecarefullyselectedfor their characteristiceffects.It

Figure2: A watercolorbrushstroke.

may be saidthat , whereasthe paintprogramignoresthenuances
of theartistsgestureto producea uniform, analyticalmark,anex-
pressive (physical)paintingmediumampli�es the artistsgesture.
Figure2 is presentedto emphasizethatdigital paintingis far from
a “solved problem”, asa singlebrushstroke in an traditional(and
ostensiblyprimitive) mediumproducesa quantityandcharacterof
textural informationwhichwould bedif�cult to digitally generate.

Computerartistsmakethepointthatdigital simulationof traditional
artisticmediais not anappropriategoal. While this is agreed,it is
alsoinappropriateto identify theintrinsiccharacterof computerim-
ageswith hardwareandsoftwareprimitiveswhich wereoriginally
developedto accommodateinformationdisplayratherthanimage
synthesis.Sincethis mediumis essentiallyde�ned in software,or-
ganiceffectsareno lessintrinsic thangeometricaleffects though
theformerwill requirenew techniques.

The ultimate form of computer-resistedimage creationwill cer-
tainly departfrom thepaintingmetaphor. Theimmediatepotential
of a programmablepainting is neverthelessattractive, remember-
ing thata goodillustratorcanrenderanarbitraryscenein thetime
sometimesrequiredto ray tracerelatively simplescenes.As anini-
tial approximationtheproblemof developinganexpressive digital
paintingmediumwill beviewedasa problemof texturesynthesis.
Texture is de�ned hereas object detail which we do not careto
explicitly specifythoughsomeof its aggregatecharacteristicsmay
be known. This de�nition encompassesmany naturalphenomena
aswell asthe small-scaledetail usuallyassociatedwith the term.
The sizeandlocationof a geographicfeaturemay be of interest,
for example,but it is not desirableto designor measureits surface
beyond a certainscale.The textural thresholdis the scalebeyond
whichimagedetailmaybereplacedby other, similardetailwithout
affectingtheviewersperceptionof subject.

While this is a broadde�nition of texture,theconsiderationof tex-
ture asan essentiallyplanarphenomenonis restrictive. It will be
seenthat texture �elds may be interpretedasheight �elds for ter-
rain synthesis,andthedevelopmentof three-dimensionalgeneral-
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izationsof planartexturesynthesismethodsis conceivable.

2 Texture Models

Texture modelstradedepthfor generalityin attemptingto repro-
ducetheappearanceof a texturewithoutconsideringits underlying
structure.Naturaltexturesexhibit local variationswhich aremod-
elledasa randomprocessalthoughtheresponsiblephenomenaare
not randomfrom otherviewpoints.A numberof stochastictexture
modelshave beenproposedandarediscussedin thereferences.A
brief descriptionof several importantmodelsfollows.

Time-seriesmodellingconsidersperiodicitiesin therow scanof an
image;this approachis fundamentallylimit in that it cannoteasily
describethestructureof thetexturein thedimensions(s)perpendic-
ular to thescan.

Planarrandompoint processesgeneratea texture consistingof a
distribution of pointson a planarbackground.Bombingprocesses
generalizetheplanarpoint processby replacingthepointprimitive
with a shapepossessingorientation,color andothercharacteristics
[Schacter& Ahuja,1979].

Cell growth processespartition the planeinto cells. The Voronoi
tesselationis an exemplarycell grown processwhich distributes
cell nuclei by a point process;a cell is de�ned astheboundaryof
the collectionof pointswhich areclosestto a particularnucleus.
Theresultingtextureresemblesnaturalcellularstructures.[Mezei,
Puzin,andConroy].

Syntactictexture modelsequatetokensof a formal grammarwith
structuralprimitivesof thetexture. A highly structuredbut nonde-
terministictexturemaybegeneratedif probabilitiesareassignedto
therewrite or expansionrulesof thegrammar[Lu andFu,1978].

Two-dimensionalMarkoverandom�eld modelsconsiderthecondi-
tionalprobabilityof colorvaluesoverasampleregionof thetexture
[HassnerandSklansky, 1980;CrossandJain,1983]. TheMarko-
vianpropertyis modi�ed by de�ning thetransitionprobabilitieson
a neighborhoodof adjacentor non-adjacentpixels,sothetermde-
scribesa �nite memoryprocessratherthana planarMarkov chain.
this methodhasachievedgoodresultsin simulatingprototypetex-
tures.Unfortunatelyit is not practicalfor texturessampledat high
resolutionsincethenumberof conditionalprobabilitiesis Gs if G
is thenumberof quantizedcolor levelsandS is thenumberof ad-
jacentpixelsto beconsidered.SeveralauthorshaveusedBrownian
sheetsto model ruggedterrain [Fournier, Fussell,andCarpenter,
1983; Mandelbrot,1982]. Thoughnot originally conceived of as
a texture model, the heightvaluesof the Brownian sheetmay be
reinterpretedascolor valuesof a planartexture.

3 Texture and Scale

An importantcharacteristicof natural texture is that textural de-
tail mayoccurat morethanonescale.Detail maybenoticeableat
all scalesfrom thetextural thresholdto the limit of visualactivity.
For examplea �eld of pebbleshasanoverall shape;closerinspec-
tion shows thecontourof individual pebbles,eachof which hasits
own surfacetexture[Figure3]. With theexceptionof theBrownian
modelof terrain,thetexturemodelsmentionedabove describetex-
tureswith detail at only onescale(this is trueof Markov textures
becauseof practicallimitationson thesizeof theregion determin-
ing the transitionprobabilities).An overview of thesetexturesaf-
�rms thatthegeneratingprocessis stationaryanddevoid of global

Figure3: A �eld of pebbles.

Figure4: Windowed plot of the grey levels in onerow of Figure
3 (bottom),autocorrelation,power spectrum. andten pole auto
regressive spectrumestimateobtainedby linearprediction(top).

characterwhile closeexaminationcanreveal only the constituent
pixelsof thetexture.

The Brownian modelof terraindoeshave the propertythat closer
observation yields moredetail. This applicationof Brownian mo-
tion resultedfrom Mandelbrotsinterestin fractals,a collectionof
mathematicalobjectsunitedby thecriterionof recursive self- sim-
ilarity: theobjectsarede�ned asanalyticor probabilisticfunctions
of scale[Mandelbrot,1982]. Brownian motion canbeconsidered
self-similarsincethestatisticalmomentsof any samplearesimilar
to any othersample,whenadjustedby a scalingfactor. In factun-
modi�ed Brownian motion generatesa very ruggedterrain. Man-
delbrot hasproposeda revised model in which B(t) is �ltered to
adjustits amplitudespectrumto f-q (theun�ltered B(t) hasthepa-
rameterq=1). The �ltering is conceived as a Riemann-Liouville
integral of B(t) [OldhamandSpanier, 1974]: (equationhere)(The
dB(x) form of the integral is usedto sidesteptheproblemsof for-
mally de�ning the derivative of B(t) or the integral thereofusing
thelimit calculus).This is seento beaconvolutionof thederivative
of B(t) (white noise)with a �lter h(t)+t q-1. The(equation)scaling
factorcancelsthenumeratorin thetransformof h(t), (equationhere)
(for integervaluesn). Whenq is an integerRL(b(t)) reducesto q-
fold repeatedintegrationof B(t) with theconsequentsmoothingef-
fect of multiplying thespectrumof B(t) by 1/fq. Fractionalvalues
of q producean intermediateamountof smoothing. (In practice
the �ltering is carriedout by multiplying the spectrumof a Gaus-
sianwhite noiseby thedesiredexponentandinversetransforming
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Figure 5: Paintedpatterns(left) and texturesrealizedby Fourier
transformation(right). The lower texture on the right is thephase
of thetransformwhile theremainingtexturesaretransformmagni-
tudes.

[Voss,1983]).

4 Frequenc y Domain Interpretation of
Texture

Whatis importanthereis thattheprecedingdiscussionshouldsug-
gestthefrequency domaininterpretationof texture.Consideragain
thepebblesin Figure3. Thedominantstructurede�ned by therep-
etition of similarly sizedpebblesis re�ectedby peaksin thepower
spectrumcenteredat thefrequency which is theinverseof thetyp-
ical pebblesize.[Figure4]. Theattenuatedhigh-frequency portion
of thespectrumre�ects therelatively smoothsurfacetextureof the
pebbles.

This exampleillustratesthewide bandwidthandvariedspectraof
natural textures, re�ecting the variety of naturalstructures. Al-
thoughthefractal1/f spectraareanalyticallytractableandhave re-
sultedin very attractive computationalmethods[Fournier, Fussell,
andCarpenter, 1982] they arenot universal.The following proce-
duregeneratesrandomtextureswith arbitraryspectra.

5 Texture Synthesis Procedure

5.1 Spectrum Painting

Thespectralinterpretationof texturesuggeststhedirect speci�ca-
tion of the spectrumas input to the texture synthesisprocedure,
with the texture generatedby inverseFourier transformation.For
“organic” texturesthe spectrummay beasdif�cult to analytically
de�ne asthetextureitself. Instead,thedesiredspectrumis painted
usingadigital paintprogram[Figure5]. (This is a “bootstrap”pro-
ceduresincethe paint programincorporatesthe textureswhich it
creates).

Two quadrantsof the amplitudespectrumarepaintedand the re-
mainingtwo quadrantsaregeneratedbysymmetry. Thephasespec-
trumis paintedor setto randomvalues.Inversetransformationgen-

eratesa complex texture,with therealandimaginarycomponents
having a similar visual character. The magnitude,log magnitude,
or phaseof theinversetransformmayalsoserve astextures.

Using thenearduality betweenforwardandinverseFourier trans-
forms, it is alsoeffective to implementthespectrumpaintingpro-
cedureby the forward transformfrom a real, asymmetricpattern.
Theresultingtextureexhibitsthequadrantsymmetryof aspectrum,
F(u,v)= F* (-u, -v) whichmaybeundesirable.

Experiencewith thespectrumpaintingmethodshows thatit is pos-
sibleto acquireanintuitive feel for therelationbetweencharacter-
istics of a paintedspectrumor patternand its transform,and the
authorcanreliablypaintamplitudespectrato simulatesomesimple
texturesincluding canvasandwood grain. Painting phasespectra
is more dif�cult becausethe histogramdisplay methodproduces
an apparentdiscontinuitybetweentwo pi and zero radians. The
methodis fairly robust,however , andvariationssuchassettingthe
phaseto zeroor at randomhave producedusefultextures.

Whenthespectrumpaintingmethodis not intuitive it nevertheless
producesrich andorganictextureswhichwouldbedif�cult to paint
in the spatialdomainusingcurrenttechniques.Oneis temptedto
suggestan inversesymmetryof visual complexity, by which per-
ceptuallysimple �gures in onedomainpossessvisually sophisti-
catedtransforms.This is in parta visualapplicationof theuncer-
tainty principle,which statesthata signalandits transformcannot
bothbe“of shortduration”.Thus,apatternconsistingof afew non-
zeropointstransformsto a texturewhichextendover thetransform
area[Figure5].

5.2 Sparse Convolution

Thetexturesamplerealizedby spectrumpaintinghasseveralunde-
sirableproperties,however:

1. It is periodic.

2. If standardfast Fourier transformsoftware is usedthen the
textureis containedin a squareareawhosepixel resolutionis
a power of two.

3. Thetexturehaswell-de�ned edgeswhicharenot 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 thesam-
pleby theradialGaussian(equation)Thetexture�eld is initialized
to aconstantvalueanddevelopedby weightedadditionsof thedis-
placedsample.Theweightsanddisplacementsaregivenby awhite
randomnumbergenerator. This procedureis equivalentto anout-
of-orderconvolution of thewindowedtexturesamplewith a white
noise. Thus,the texture sampleassumesthe role of the �lter im-
pulseresponseor point spreadfunction,andtheexpectedspectrum
of thetexture�eld is thatof thesample.

In practiceexcellent resultsareobtainedwhenthe white noiseis
replacedby a“sparse”(white)noiseor pointprocesscontainingap-
proximatelytennon-zerovaluesperpointspreadarea.Theout-of-
orderconvolution with a sparsenoiseresultsin a signi�cant com-
putationaladvantagerelative to directconvolution. Furthersavings
mayberealizedif thenoiseis quantizedto integervalues.
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Figure6: Sampledimpulseresponse(right, from [Bryant , 1978])
andsynthetictexture(left).

5.3 Sampled Impulse Response Filtering

Whenit is desiredto generatea randomtexture �eld which emu-
latesa prototypetexture anda sampleof that texture is available,
we usetheresultthat,if a stochasticprocessis modelledasa �nite
impulseresponse�lter excitedby whitenoise,thenaproperlywin-
dowed sampleof the processis expectedto resemblethe impulse
responseof the�lter . Thetransformof thewindow shouldbeanar-
rowbandapproximationto thedeltafunctionsincethewindowing
multiplication (modulation)is equivalentto theconvolution of the
samplespectrumwith thewindow spectrum.Modestspectralaver-
agingis appropriatesinceit reducesthe local varianceof thesam-
ple spectrumwith respectto “true” (prototype)spectrum;seethe
discussionof modi�ed periodogramspectrumestimationin a text
suchas[BeauchampandYuen,1979]. The transformof a Gaus-
sianwindow is alsoGaussianandthebandwidthof thetransformis
inverselyproportionalto thesizeof thewindow.

Consideredin the spatial domain, the window should be large
enoughto includeoneor moreperiodsof thelowestfrequency com-
ponentswhichcharacterizethetexture.For thepurposesof painting
or imagesynthesisthe window sizecanbe determinedby inspec-
tion andadjustedif necessary. “As big aspossible”is not a good
sizebecausespatialconvolution is an O(size(to the 2nd)) proce-
dure; theunusedsourcetexture is put to a betteruseby averaging
severalsamplesin thefrequency domainandinversetransforming,
therebyreducingthe varianceof the sampleasan estimateof the
prototypeimpulseresponse.

Thesparseconvolution procedureis usedto producea randomtex-
ture �eld from thewindowedsample.While theresultingtextures
roughlyresembletheir prototypes(Figure6), thesampledimpulse
responseprocedureis attractive in that it doesnot requireestima-
tion of textureparameters.As suchit shouldbenotedthatsampled
impulseresponse�ltering is asynthesisprocedureratherthanatex-
turemodel.

6 Applications

6.1 Digital painting

Several variationson thesetexture synthesisproceduresform the
basisof a digital paintprogram[Figures7, 8]. Sparseconvolution
allows large.texturedareasto begeneratedrapidly. Thepainterde-

Figure9: Paintingon a virtual surface.Illustrationboard(left) and
sandpaper(right) surfacesareshown.

signsa texture sampleusingoneof the methodsdescribedabove
and speci�es the extent, mean,spread,and “sparseness”of the
sparsenoise. Noisepoints lying outsidethe designatedextent are
discarded.In thecurrentimplementationonanine-bitframebuffer
with a twenty-four-bit color lookuptable,theresultingtexture�eld
is copiedinto the framebuffer andthe lookup tableis adjustedto
containa color washin theportionof thetableindexedby thetex-
ture�eld. Thetexture�eld mergessmoothlywith its surroundings
becausetheedgesof thetexture�eld inherit thewindow appliedto
the texture sample.Many variationson the copying operationare
possible,rangingfrom 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
texturemodulatesthedensityof applicationof theprincipaltexture.
Theeffectof thetextureapplicationthendependsonwhereit is ap-
plied (in relationto thesecondtexture)soa virtual surfaceresults.
The virtual surfacecanserve analogouslyto the texturedsurfaces
of traditionalmedia.Theperiodictexturesresultingfrom thespec-
trum paintingproceduremay be repeatedin a mosaicto form an
extended,virtual surface.This is implementedsimply by indexing
thevirtual surfacetexturewith thecurrentscreenaddress,modulo
thesizeof thetexture.

In the mostversatiletexture applicationcon�gurationsthe texture
is usedasaweightto interpolatebetweenthebackgroundandsome
othercolorsource,ratherthaninterpolatingbetweenthetextureand
thebackground.Thesecon�gurationsaredescribedin the“painters
raster-op”:

pic[x,y]<-pic[x,y] + d*tex[row,col] * f(pic[x,y],...)

(the ellipsesindicatethe presenceof additionalparameters).For
example,if f is setto c - pic[x,y] wherec is a scalarcolormixedby
thepainter, thenthetexturedescribesthedensityor spreadfunction
of a“texturedairbrush”.In aneight-bitor nine-bitframebuffer it is
practicalto precomputethefunctionf andstoreit in atableindexed
by pic[x,y]. Thetableis recomputedwhentheauxiliaryparameters
change(this doesnot happenmorethanonceper texture applica-
tion). Theeffect of thepaintersraster-op dependson thecontents
of the targetareaaswell ason theappliedtexture,soeachtexture
applicationbuildsupontheexisting textureratherthanreplacingit.

In additionit is oftenusefulto referencethetexturethroughashap-
ing tablev[t]. Thedefault valueof thetableis v[t] = t, makingthe
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table invisible. By alteringthe slopeof the table function asv[t]
= a*t + b linearcompressionandnegationareachieved. Recti�ca-
tion, clipping, power modi�cation, andnon-linear�ltering areob-
tainedwithout additionalprogrammingby usingappropriateshap-
ing functions.

This is a cheapandpowerful �ltering method.It is similar to color
lookuptabletechniquesbut it maybeappliedlocally andits effect
dependsonthecurrenttextureapplicationcon�guration.Thespec-
tral shapingeffectsanddesignproceduresfor this methodarede-
velopedin [LeBrun,1979]. In keepingwith theintuitive approach
usedin the texture synthesisprocedure,the userdraws the shap-
ing functionusinga digitizing tabletandevaluatesit interactively.
A paintingis createdby usingthe texturesynthesisprocedureasa
brushwith ade�nableshapeandtexturalproperties.Thesizeof the
synthesisregion is reducedin orderto paintdetails.If thespeci�ed
sizeis smallerthanthe sizeof the texturesamplethenthe texture
sampleis appliedin placeof the synthesizedtexture. In this case
the“brushstroke” (appliedtexture)is no longerrandomandthere-
peatedapplicationof thetexturesamplemaybeevident.

This is usuallynot a seriousproblem,sincein mostpaintingstyles
thesemanticdetail (detail explicitly speci�ed by theartist) occurs
at a muchlargerscalethantheprocesstexture.Severalapproaches
to theproblemof creatingsmall, randomtextures(on theorderof
tensquarepixels)have beenattempted,however.

One approachis to synthesizethe texture with an all-pole �lter
drivenby noise.Theall-pole �lter canpredicta smallareaof tex-
tureprovidedthatanadjacentareaof supportor �lter memoryhas
beenobtained. In our applicationthe �lter memoryis set to the
neighboringareasof thepainting(if not zero)or to thetexturepro-
totypeor sample.The�lter is designedby a linearprediction�t to
thesample.The linearpredictionmethodis very attractive in that
it canmonitor the �lter stability (a commonproblemin thedesign
of all-pole �lters) andin that it accomplishesthe �lter designtask
[Makhoul]. This would be an ideal methodif the �lter were im-
plementedin hardware,but it is ratherslow for interactive painting
whenimplementedin software.

A secondapproachis to precomputesomeof thedesiredtextureand
obtaina“brushfull” of it by positioningawindow correspondingto
the size of the brush. If the window is moved with eachtexture
applicationtheneach“brushstroke” is distinctbut characteristicof
thedesiredtexture.

Thesuccessof texturesynthesisin paintingis in part indicatedby
thestatisticthatFigures7,8 werecreatedusingbetween2000and
10,000pointsenteredfrom a digitizing tablet,while eachpicture
containsapproximately100,000separatecolor regions. The input
streamsfrom thedigitizing tabletandkeyboardmayberecordedto
producea relatively compactrepresentationof a painting. A more
controversial indication of successis that thesepaintingsdo not
suggesttheircomputerorigin, andthey havebeenmistakenfor dig-
itized images.

6.2 Terrain synthesis and texture mapping

Synthetictexturesmaybeinterpretedasheight�elds to createava-
riety of terraintypes. Figure10 is reminiscentof a terrainshaped
by erosion,while Figure11resemblesa�ltered fractalsurfacewith
the quali�cation that it hasa modestdirectionaltrend. It is inter-
estingto notethat if the texturesampleis a stepfunction thenthe
out-of-orderconvolutionprocedurereducesto avariantof theLevy
faulting processwhich wasusedto implementthe �rst Brownian
terrain simulations[Mandelbrot,1977]. The preservation of the
samplespectrumin the texture �eld is evident asboth have a 1/f

(amplitude)spectrum.1 RecentlyHaruyamaandBarsky have simi-
larly consideredthefractal1/f typespectraasaninstanceof amore
generalspectralapproachto texture [Haruyama& Barsky, 1984].
Their paperadaptstheattractive recursive-subdivision fractalcon-
structionto producenon-fractaltextureswith a varietyof possible
spectra.

Theperiodictexturesresultingfrom inverseFouriertransformation
areusefulin texturemappingcomputer-renderedobjectssincethey
mayberepeatedto cover largeareaswithout producingtheborder
discontinuitieswhich are visible in the non-periodictexture map
usedin Figure8.

7 Conc lusions

The frequency domaininterpretationof texture motivatesthe de-
velopmentof a spectraltexture synthesismethodwhich cangen-
eratesynthetictextureshaving the broadbandwidthand irregular
spectracharacteristicof naturaltextures.An interactive procedure
for generatingtextureswith arbitraryspectrawaspresented.This
procedurehasbeenusedto realizesomeof thepotentialof digital
paintingasa softwaremediumpossessingfew inherentlimitations
or characteristics.Thetextural complexity of theresultingimages
approachesthatobtainablein traditionalartisticmedia.

References

1. Beachamp,K. andYuen,C.Digital Methodsfor SignalAnalysis.Allen andUnwin,
London,1979.
2. Brodatz,P. Texture.Dover, New York, 1966.
3. Bryant,P. in Playboy 25,4 (April 1978),118-127.
4. Cross,G. andJain,A. Markov random�eld texturemodels.IEEE Transactionson
PatternAnalysisandMachineIntelligence5, 1 (1983),25-38.
5. Fournier, A., Fussell,D., andCarpenter, L. Computerrenderingof stochasticmod-
els.Communicationsof theACM 25,6 (1982),371-384.
6. Haruyama,S. andBarsky, B. Using stochasticmodelling for texture generation.
IEEEComputerGraphicsandApplicationsMarch,19847-19.
7. Hassner, M. andSklansky, J.Theuseof Markov random�elds asmodelsof texture.
ComputerGraphicsandImageProcessing12,4 (1980)357-370.
8. LeBrun, M. Digital waveshapingsynthesis.J. Audio EngineeringSociety27, 4
(April 1979),250-265.
9. Lu, S.andFu,K. Computergenerationof textureusingasyntacticapproach.Com-
puterGraphics12,13 (1978),147-152.
10. Makhoul,J.Linearprediction:a tutorial review. Proc.IEEE63,(1975)561-580.
11. Mandelbrot,B. Fractals-Form, Chance,andDimension.Freeman,SanFrancisco,
1977.
12. Mandelbrot,B. TheFractalGeometryof Nature.Freeman,SanFrancisco,1982.
13. Mezei,L., Puzin,M., andConroy, P. Simulationof patternsof natureby computer
graphics.InformationProcessing74,52-56.
14. Oldham,K. andSpanier, J. TheFractionalCalculus.AcademicPress,New York,
1974.
15. Reeves,W. Particlesystems- a techniquefor modellinga classof fuzzy objects.
ComputerGraphics17,3 (July1983),359-376.
16. Schachter, B. and Ahuja, N. Randompatterngenerationprocesses.Computer
GraphicsandImageProcessing10,2 (1979),95-114.
17. Smith,A. Paint, in Tutorial: ComputerGraphics,J.C.BeattyandK.S. Bootheds.
(IEEE1982),501-515.
18. Voss,R.,Fouriersynthesisof Gaussianfractals:1/f noises,landscapes,and�ak es.
Presentedat ACM SiggraphConference,1983.
19. Whitted,T. Anti-aliasedline drawing usingbrushextrusion. ComputerGraphics
17,3 (July 1983),151-156.

1In the two-dimensionalcasethe stepis randomlyrotatedbeforeeach
weightedadditionto createan isotropic1/f texture. In generaltherotation
of thetexturesampleis avoidedin orderto achieve textureswith directional
characteristics.



ComputerGraphicsVolume18,Number3 July 1984 Copyright ACM, seelastpage 6

Figure8: Thebackgroundin this pictureis paintedwhile thestone�gures area texture-mappedcomputerrenderedobject.Theedgeof the
(non-periodic)texturemapis visibleasa horizontalseamon theleft �gure; this wasretainedfor anestheticreason.

Figure10: A syntheticterraingeneratedfrom a lumpy texturesample.

Figure11: A syntheticterrainresemblinga fractalsurface.A directionalcharacteristic(“north-southridges”)is evident.
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Figure 1: Randomfalse-colorationof a digitized painting. The
numberof distinctcolor regionsis a largefractionof thetotalnum-
berof pixels.

Figure7: A digital paintingincorporatingsynthetictextures.
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