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Abstract

This paperoutlinesa techniquefor treatinginput texture images
as probability density estimatorsfrom which new textures, with
similar appearancandstructuralpropertiescanbe sampled.In a
two-phaseprocesstheinputtextureis rst analyzedoy measuring
the joint occurrenceof texture discriminationfeaturesat multiple
resolutions. In the secondphase a new texture is synthesizedy
samplingsuccessie spatialfrequeng bandsrom theinputtexture,
conditionedonthesimilarjoint occurrencef featuresatlower spa-
tial frequencies.Texturessynthesizedvith this methodmoresuc-
cessfullycapturethe characteristicsf inputtexturesthando previ-
oustechniques.

1 Introduction

Synthetictexture generationhas beenan increasinglyactive re-
searchareain computergraphics.The primary approacthasbeen
to develop specializedoroceduraimodelswhich emulatethe gen-
erative processof the texture they aretrying to mimic. For ex-
ample,modelsbasedon reaction-difusion interactionshave been
developedto simulateseashell§15] or animalskins[14]. More
recentlywork hasbeendonewhich considergexturesas samples
from probabilisticdistributions. By determiningthe form of these
distributionsand samplingfrom them, new texturesthatare simi-
lar to the originalscan,in principle, be generated The succes®f
thesemethodsis dependentipon the structureof the probability
densityestimatorusedin the samplingprocedure. Recentlyser-
eralattemptsat developingsuchestimator$ave beensuccessfuin
limited domains.Most notablyHeegerandBemgen[10] iteratively
resample@andomnoiseto coercdt into having particulamultireso-
lution orientedenepgy histogramslsingasimilar distribution,and
a morerigorousresamplingmethodZhu and Mumford [16] have
alsoachiered somesuccesslin work by Luettgen,etal [12] mul-
tiresolutionMarkov random elds are usedto modelrelationships
betweerspatialfrequenciesvithin textureimages.

In humarvisualpsychophysiceesearchthefocusof textureper
ceptionstudieshasbeenon developing physiologically plausible
modelsof texture discrimination. Thesemodelsinvolve determin-
ing to which measurementsf textural variationshumansaremost
sensitve. Typically basedn theresponsesf oriented Iter banks,
suchmodelsarecapablef detectingrariationsacrossomepatches
perceved by humango be differenttextures([1, 2, 3, 4, 6, 9, 11],
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for example.)Theapproactpresentethereusegheseaesultingpsy-
chophysicamodelsto provide constrainton a statisticalsampling
procedure.

In a two-phaseprocess.the input texture is rst analyzedby
computingthejoint occurrenceacrossmultiple resolutionspf sev-
eral of the featuresusedin psychophysicainodels. In the second
phasea new textureis synthesizedby samplingsuccessie spatial
frequeny bandsfrom the input texture, conditionedon the similar
joint occurrencef featuresatall lower spatialfrequencies.

The samplingmethodologyis basedon the hypothesighattex-
tureimagediffer from typicalimagesn thatthatthereareregions
within the imagewhich, to somesetof featuredetectorsareless
discriminableat certainresolutionsthan at others. By rearrang-
ing textural componentsitlocationsandresolutionsvherethe dis-
criminability is below thresholdpew texturesamplesregenerated
which have similar visualcharacteristics.

2 Motiv ation

Thegoalof probabilistictexture synthesicanbe statedasfollows:
to generatanev image from anexampletexture,suchthatthenew
imageis sufciently differentfrom the original yet still appearsas
thoughit wasgeneratedby the sameunderlyingstochastigrocess
aswastheoriginal texture.

If successfulthe new imagewill differ from the original, yet
have perceptuallydenticaltexturecharacteristicsThis canbemea-
suredpsychophysicallyn texture discriminationtests. To satisfy
bothcriteria,a synthesizedmageshoulddiffer from theoriginalin
thesameway astheoriginal differsfrom itself.

From an input texture patch, suchasthat shavn in Figure 1,
therearein nitely mary possibledistributionswhich could bein-
ferredasthe generatie process. Samplingfrom suchdistributions
resultsn differentsynthesizedextures,dependingnthepriorsas-
sumed Dependingntheaccurayg of theseassumptiongheresult-
ing texturesmay, or may not, satisfythe above criteriafor “good”
synthesis.

Onepossibleprior overthedistribution of pixelsis thatthe orig-
inal textureis the only samplen thedistribution, andthatno other
imagesaretexturally similar. From this assumptionsimpletiling
results,as shavn in Figure2. Clearly this fails the “suf ciently
different” criteriastatedabove.

Anotherfeasible— thoughalsoclearly inadequate- prior is to
assumehatthe pixelsin the input texture areindependentlysam-
pledfrom somedistribution. Texturesgeneratedvith thismodeldo
not capturethe non-randonstructurewithin the original. There-
sult of suchanoperationis shawn in Figure3. As expectedt fails



Figurel: An exampletextureimagefor inputto atexturesynthesis
process.

Figure2: Simplerepetitionof theimagedoesnotresultin atexture
which appeardo have comefrom the samestochastidistribution
astheoriginal.

Figure3: Texturesthatcontainrandomnessot presentn the orig-
inal areperceptuallydifferenttextures. This texturewasgenerated
by uniformly samplingthe pixel valuesof theoriginal. Theoriginal
texturesuperimposedn the syntheticoneis easilyidenti ed.

Figure4: Samplingeachspatialfrequeng bandfrom the corre-
spondingbandin the original doesnot capturethe detail which is
characteristiof the input texture, indicatingthatrelationshipse-
tweenfrequenciess critical. The synthesizedexture is different
from the superimposeariginal texture, which is clearly discrim-
inable.

Figure5: Theobjective is to generata patchsuchastheoneabore
which is differentfrom the original yet appearsasthoughit could
have beengeneratediy the sameunderlying stochasticprocess.
This texture,which wassynthesizedisingthe techniquedescribed
in this paper is perceptuallyvery similar to the original, and the
superimposedriginal is notreadilylocated.



to capturethe characterof the original andis perceptuallydiffer-
ent. This is evidencedby the easewith which the original canbe
locatedwhensuperimposedn the synthesizedexture. This effect,
commonlyknown as“popout” ([3, 9, 11], e.g.),occursbecaus¢he
texturesare perceptuallydifferentanddo not appearto have been
generatedby thesameprocess.

Thegoalof texturesynthesiss to generatatexture,suchasthat
shavn in Figure5, whichis bothrandom andindiscriminablerom
theoriginaltexture. Figure5 satis esthesecriteriain thatit differs
signi cantly from the original yet appeardo have beengenerated
by the samephysicalprocessBecausef the perceptuasimilarity
betweenthis texture, which was synthesizedy the procedurein
this paper andthe inputtexture (generatedhy someotherprocess)
it is dif cult to locatethe region which containsthe superimposed
original.

3 Functional synthesis framework

Mathematicallythe goal of texture synthesigs to develop a func-
tion, F, whichtakesatextureimage, input to anew texturesample,
synth Suchthat the differencebetween jnpye and synth is above
somemeasuref visual differencefrom the original, yet is textu-

rally similar. Formally;

input synth (1)

subjectto the constraintghat

input synth maxdisc 3
and

input  synth min diff ©))
where is a perceptuaimeasureof the perceved differenceof

textural characteristicsand ~ a measureof the perceved visual
differencebetweertheinputandsynthesizedmages.To beaccept-
able, the perceved differencein textural characteristicsnustfall
belov a maximumtexturediscriminabilitythreshold maxdise: and
the perceved visual differencemustbe abose a minimum visual
differencethreshold, wmin gif -

Thesuccessf asynthesigechniquas measuredy its ability to
minimize maxdisc While maximizing  min gitf-

Humanperceptiorof texturedifferencesindicatedby the hypo-
theticalfunction , dependson our prior beliefsabouthow tex-
turesshouldvary. Thesebeliefsincorporatemuchof humanvisual
experiencetherefore determininga computablemetric, , to ap-
proximate , is a comple andoftenill-de ned task. Devising
a good approximationfor is an even more dif cult task. For
texture synthesigurposesowever, a poor approximatiorsuchas
directcorrelationjs sufcient.

Thedif culty of determininga function , to approximate ,
depend®nthestructureandtextual compleity of thetwo images.
Mary psychophysicallypasecapproximationdiave beenproposed
(e.9.[4,6])

Clearly morecomple texturescanberepresenteth largerim-
agesitherefore determininga discriminationfunction,say  smai
betweenmageswhich have few pixelsis lessdif cult thandeter
miningasimilarfunction 3¢ Overlargerimages.

Using a multiresolutionapproachthis work approximates
with a processvhich beginsfrom low resolution- small—images.
By decomposindhe function into a setof functions  which
eachgenerate single spatialfrequeng bandof the new texture,

synth
yThe domainof theeachfunction is a subsebf thedomainof
, as 's needonly be a function of the information contained
in the low spatialfrequeng bandsof oy An intuitive proof

of this is given by the following induction. Considera new im-
age, input whichis generatedrom animage inpyt by remaving its
highfrequenciedy low passltering with aGaussiarkernel. With
just jpue @andwithout knowledgeof the additionalinformationin

input, ONecouldstill considergenerating new image gy, Which

is similarin textural appearanct® . Thus,theprocesof gen-
erating gnp, from 5, is independenof highestfrequenyg band
of input- Thisargumentcanbe repeatedo shaw that g, canbe
generatedrom ;,, withoutknowledgeof ;. andsoon. is
thengivenby:

input
input input input (4)

synth

where synth IS the spatialfrequeng octave (or equiva-

lentlythe level of the Laplacianpyramid decomposition.)The
originalfunction, ,in equation(1) is thenconstructedy combin-
ing the spatialfrequeng bandsgeneratedy  through  The
methodpresentederesimpli es the dif culty of minimizing (ap-
proximate)  differenceby initially synthesizingextureswhich
are similar at low spatialfrequenciesand then maintainingthat
similarity asit progresseso higherfrequencies.A new texture is
synthesizedy generatingeachof its spatialfrequeng bandsso
thatashigherfrequeng informationis addedtextural similarity is
presered.

4 Texture generation procedure

4.1 Hypothesis of texture structure

Thesamplingproceduraisedby this methodis dependentiponthe
accurag of thefollowing hypothesisimagesperceved astextures
differ from otherimagesn thatbelov someresolutionthey contain
regions which differ by lessthan somediscriminationthreshold.
Further if thethresholds strictenoughrandomizatiorof thesere-
gionsdoesnot changethe perceved characteristicef the texture.
In otherwords, at somelow resolutiontexture imagescontainre-
gionswhosedifferencemeasuredby is small,andreoiganizing
theselow frequeng regions, while retainingtheir high frequeng
detailwill not changeits textural () characteristicyet will in-
creasets visual( ) difference.

In Figure 6, at eachresolutionexamplesof potentially inter
changeablaegions are highlighted. Rearrangingthe image at
theseresolutionsand locations,while retainingtheir high resolu-
tion structure correspond$o moving whole textural units (which
in Figure6 areindividual pebbles.)

4.2 Analysis and Synthesis Pyramids

A new textureis synthesizedy generatingeachof its spatialfre-
gueng bandssothatashigherfrequeng informationis addectex-
tural similarity is presered. Eachsynthesizedandis generated
by samplingfrom the correspondindpandin theinputtexture,con-
strainedby the presencef local features.Thegeneralo w of this
processs outlinedin Figure7.

In a rst phaseheinputimageis decomposehto multiple res-
olutions.Thisis doneusingthe standard_aplacianpyramidformu-
lation wherebandpassinformationat the point atlevel ,in
theimage , is givenby:

(®)



Figure6: Thesynthesigproceduras baseduponthe hypothesighatatlower resolutionghereareregionswhich arebelav somethresholdof
discriminabilityandthattherandomneswiithin atextureis in thelocationsof theseregions.

Figure7: Multiple regionsin the analysispyramid can be candi-
datevaluesfor a locationin the synthesispyramid (as shavn in
Figure8).

where is alow-passdowvn-samplingoperation:

(6)

arethe  up-anddown-samplingoperations
is atwo dimensionaGaussiarkernel;and

where and
respectiely;

Eachlevel of the Laplacianpyramid containsthe information
from a one octave spatialfrequeng bandof the input For a com-
pletediscussiorof LaplacianandGaussiarpyramids,the readeris
referredto [5].

Fromeachlevel of this Laplacianpyramidacorrespondingevel
of anew pyramidis sampled|f thissamplings doneindependently
at eachresolution,as shawn in Figure 4, the synthesizedmage
failsto capturethevisualorganizatiorcharacteristiof theoriginal,
indicatingthatthe valueschoserfor a particularspatialfrequeng
shoulddependon the valueschosenat other spatialfrequencies.
Fromtheiterative proof, abose, we canalsoinfer thatthesevalues
only dependraluesatthatandatlower spatialfrequencies.

However, usingonly the Laplacianinformationin the lower fre-
gueng bandso constrairselectionis alsoinsufcient. Suchapro-
cedurewhich sampledrom a distribution conditionedexclusively
on lower resolutionsonly loosely constrainghe relationshipbe-
tweenthe “child' nodesof different parents. Samplingfrom such
a distribution canresultin high frequeng artifactswhich are not
presentin the intendeddistribution. To prevent this, constraints
mustbe propagatedcrosschildrenof differentparents;however,
constraintpropagationon a two dimensionalnetwork resultsin
dependengccycles,from which samplingrequiresiterative proce-
duresandwhichis not,in generalguaranteetb corvergein nite
time. This techniqueconstrainghe selectionprocesswithin a spa-
tial frequeng bandwithoutcreatingcyclesby usingimagefeatures
to constrainsampling.

Becauseahe objective is to synthesizdexturesthat containthe

sametextural characteristicsas the original, yet vary from it in
global form, it is assumedhat global structurewithin the input
texture is coincidentaland shouldnot constrainsynthesis. Given
thisassumptiorit is sufcient to usetheresponsesf a setof local
texturemeasureasfeaturesvhich provide the basisfor anapprox-
imation to the humanperceptuatexture-discriminabilityfunction

. A lter bankof orientedrst andsecondGaussiarervatives
—simpleedgeandline lters —wereusedin additionto Laplacian
response. At eachlocation in the analysispyramid level ,
theresponsef eachfeature , is computedor usein constraining
the samplingprocedure When,at the lowestresolutionsthe pyra-
mid layersare too small, the featurescannotbe computed.anda
constanvalueis used.

if sizeof
otherwise
)
Theconstraintprovided by thesefeaturesarestrongerthanjust
the “parent” value,becausehey capturesomeof therelationships
betweenpixels within a local neighborhood.This “analysispyra-
mid” which containsthe multiresolutionband-pasandfeaturere-
sponséanformation,is directly computedrom theinputimage.

4.3 Sampling procedure

A “synthesispyramid” is generatedby samplingfrom the analysis
pyramid conditionedon the joint occurrenceof similar featurere-
sponsevaluesat multiple resolutions.Whenthe synthesizegbyra-
mid hasbeencompletelygeneratedthe band-pasénformationis
combinedo form the nal synthesizedexture.

Initially thetop level — lowestresolution— of the analysispyra-
mid, which is a single pixel, is copieddirectly into the synthesis
pyramid. Whensynthesizing texture largerthanthe original, the
toplevel of thesynthesipyramidis largerthatin theanalysisyra-
mid; in this casethe analysislevel is simply repeatedo Il the
synthesidevel.

Subsequerevelsof thesynthesigpyramidaresampledrom the
correspondingevel of theanalysigpyramid. At eachlocationin the
synthesigyramid, thelocal “parentstructure”is usedto constrain
sampling. The parentstructure, , of alocation, , inimage

, atresolution , is a vectorwhich containsthe local responseor
features through , ateverylowerresolutionfrom to

The parentstructureof a locationin a synthesigoyramidis de-
pictedin Figure8; in this schematiceachcell representshe setof
localfeatureresponses.



Figure8: Thedistribution from which pixelsin the synthesigyra-
mid are sampleds conditionedon the “parent” structureof those
pixels. Eachelemenbf theparentstructurecontainsa vectorof the
featuremeasurementst thatlocationandscale.

Two locationsareconsideredndistinguishabléf the squaredif-
ferencenetweereverycomponenof theirparenistructuress belov
somethreshold. For a given location in the synthesigm-
age, synth the setof all suchlocationsin the inputimagecanbe
computed:

synth 9)
input
Wherethe distancefunction
and ,isgivenby:

, betweentwo parentstructures

(10)

whereZ is a normalizationconstantwhich eliminatesthe effect of
contrastequalto input

To be a memberof set the distancebetweeneach
componentof the parentstructuresmust be lessthan the corre-
spondingcomponenin a vectorof thresholdsfor eachresolution
andfeature:

11)

Whereeachelement is athresholdfor the

the  resolution.

The valuesfor new locationsin the synthesigyramid are sam-
pleduniformly from amongall regionsin theanalysigpyramidthat
have a parentstructurewhich satis es equation(??). This yields
aprobabilitydistribution over spatialfrequeng bandvaluescondi-
tionedon thejoint occurrencef featuresat lower spatialfrequen-
cies:

Iter responsat

synth input

12)

Figure9: An inputtextureis decomposetb form ananalysigyra-
mid, from which a new synthesigpyramidis sampledconditioned
onlocal featureswithin the pyramids.A lter bankof localtexture
measureshasedbn psychophysicamnodels areusedasfeatures.

Variationsbetweenthe analysisand synthesispyramids occur
whenmultiple regionsin theanalysigpyramidsatisfytheabove cri-
terion. The parentstructureof sucha groupof candidatdocations
is depictedin Figure9. As thethresholdsncreasethe numberof
candidatesrom which the valuesin the synthesigpyramid will be
sampledjncreases.The levels of the thresholds, , mediatethe
rearrangementf spatialfrequeng informationwithin the synthe-
sizedtexture,andencapsulataprior beliefaboutthe degreeof ran-
domnessn the true distribution from which the input texture was
generated.

Algorithmically, this samplingprocedurecanbe describedwith
thepseudo-code:

SynthesizePyramid
Loop i from top _level-1 downto O
Loop over [level i]
Loop over [level i]
Loop v from top _level downto
Loop j for each feature
. [vILl
(V101
threshold[level v][feature il
then
break to next
selection = UniformRandom

[selection]

vl = vl

With morecomple code,additionalef ciency canbe obtained
by skippingwhole regionswhich sharea parentstructureelement
thatis above thresholddifference.

Upon the completionof this samplingprocessfor eachlevel
of the synthesispyramid the synthesizedband-passinforma-
tion is combinedto form the new texture using a standard
CollapsePyramid  procedure.

Thougheachbandis sampledirectly from theinputimage the
imagewhich resultsfrom the recombinatiorof eachof thesesyn-
thesizedayerscontaingpixel values(i.e. RGB colors)not present



Figure 11: This seriesof 6 images(b-g) was generatedrom the
original (a). For eacha singlethresholds usedfor all featuresand
resolutionsThresholdsncreasdrom 0.05to 0.3from (b) to (g).

in the original, becauseon-zerahresholdsllow synthesizedpa-
tial frequeng hierarchiesvhich differ from thosein theoriginal.

Becausehe Laplacianpyramidrepresentatiois over-complete,
i.e. thespacespannedby Laplacianpyramidsis largerthanthat
spannedby imagesit is possibleto synthesizgyramidsthatareoff
of the manifold of real-images.Whenthis occurs,the pyramid is
projectedontotheclosesipoint on this manifoldbeforereconstruc-
tion. Thisis doneby collapsingthe pyramid usingfull precision
images,thenreplacingvaluesabore or belav the rangeof legal
pixel valueswith theclosestegal value.

5 Examples of texture synthesis

For 800full colorinputtextures,we synthesizediew textures,each
four timeslargerthanthe original. Sometypical resultsareshavn
in Figure10. Theresultsfrom theseexamplesareindicative of the
synthesiperformanceon the entire setandwere chosenonly be-
causethey reproducenell on paper Theresultsof all 800textures
areavailableontheworld wide webvia the URL:

http://www.ai.mit.edu/ jsd/Research/TextureSynthesis

In the synthesissxamplesthroughout this paperthresholdsf the
form:

13)
wereusedwith and . Theparameter es-
tablisheghe prior belief aboutthe sensitvity of  , thethreshold

maxdisc IN equation(2); larger incorporateshe belief that the
“true' distribution which generatedheinput textureis spatiallyho-
mogeneousandthatthe low frequeng structurewithin the input
imageshouldnotbeanin uential factorin regiondiscrimination.

Shawvnin Figurellareaseriesof synthesizedexturesfor

and . As thethresholdn-
creasesprogressiely more locationsin the original becomein-
distinguishableandthe amountof variationfrom the original in-
creaseskor thistexture,thesynthesizeimagewhichbalancesuf-
cient differencefrom the original with perceptuakimilarity, lies
somavherebetween and (imagesd-e.) For dif-
ferentimages,the ideal thresholdis different,re ecting our prior

Figurel2: A seriesof synthesizedexturesfor whichthethresholds
areinverselyproportionatto the spatialfrequeng andproportional
t0 0.05in (b) to 0.3in (g).

belief aboutthe randomnessnplied by the original. Anothersyn-
thesisseriesfor a differentinputimageis shavn in Figure12. In

this case , avariesover the samerange andtheidealthresh-
old is somevherearound (imagef.)

6 Discussion

Becauset usesonly local constraintsthe estimatompresentedhere
cannotmodel,textureimageswith comple visualstructuresSuch
structuresnclude: re ective androtationalsymmetry;progressie
variationsin size,color, orientation etc.;andvisual elementswith
internalsemantianeaning(suchassymbols)or which have mean-
ing in theirrelative positions(suchasletters.)

Simply addingadditionalcomplex featuredo attemptto capture
thesesortsof visual structuresover conditionsthe samplingpro-
cedure,and simpletiling results. If appropriatethresholdscould
be determinedhroughadditionalanalysisof the inputimage,the
effectsof comple featurescouldbe mediatedandthey might pro-
vide usefulconstraints.

Becausét samplesxclusively from theinputimagethis model
assumeshat the “true' distributions from which eachspatialfre-
gueng bandin theinputwasgenerated¢canbe accuratelyapprox-
imatedby only thosevaluespresentin thatimage. If therewere
a modelfor the probability of valuesnot presentin the original,
synthesizediexturescould possiblybegeneratedvhich containad-
ditional variationfrom the original which doesnotincreaseexture
() differenceyetincreaseshevisual( ) difference.

7 Conclusion

We have presentech methodfor synthesisof a novel imagefrom
an input texture by generatingand samplingfrom a distribution.
This multiresolutiontechniquds capableof capturingmuchof the
importantvisualstructurein the perceptuatharacteristicef mary
texture images;including arti cial (man-made}exturesandmore
naturalones,asshavn in Figure13. Theinputtextureis treatedas
probability densityestimatorby usingthe joint occurrenceof fea-



Figure10: Texture synthesigesults. The smallerpatchesaretheinput textures,andto their right are synthesizedmageswhich are4 or 9
timeslarger.



Figure 13: The characteristicof both arti cial / man-madeand
naturaltexturescanbe capturecandreplicatedwith this process.

turesacrossmultiple resolutionsto constrainsampling. Prior be-
liefs aboutthe “true’ randomnes# theinputareincorporatednto

themodelthroughthe settingsof thresholdsvhich controlthelevel

of constrainprovidedby eachfeature.Mary of thetexturesgener

atedby samplingfrom thisestimatoicansimultaneouslgatisfytwo

thetwo criteriaof successfulexture synthesisthe synthesizedex-

turesaresufciently differentfrom theoriginal,andappeato have
beencreatedyy thesameunderlyinggeneratie processThesetex-

turescan be synthesizedrom moreintricate input examples,and
produceextureswhichappeamoreakinto theoriginals,thanthose
producedyy earliertechniquegFigure14.)

References

[1] J.R.Bemen.Theoriesof visualtextureperceptionln D. Re-
gan,editor, VisionandVisual Dysfunctionvolumel0B,pages
114-134Macmillian,New York, 1991.

[2] J.R.BemgenandE. H. Adelson.Early vision andtexture per
ception.Nature, 333(6171):363—364,988.

[3] J.R.BemgenandB. JuleszRapiddiscriminationof visualpat-
terns. IEEE Transactionson System&lan and Cybernetics
13:857-8631993.

[4] J.R.BemgenandM. S.Landy Computationaimodelingof vi-
sualtexture sgyregation. In M. S. LandyandJ. A. Movshon,
editors, ComputationalModels of Visual Perception pages
253-271MIT PressCambridgeMA, 1991.

[5] P J.Burt andE. H. Adelson. The laplacianpyramid as a
compacimagecode.lEEE Transaction®n Communications
31:532-5401983.

[6] C.ChubbandM. S.Landy OrthogonaHistribution analysis:
A new approacho the studyof texture perception.In M. S.
Landy and J. A. Movshon, editors, ComputationalModels
of Visual Perception pages291-301MIT PressCambridge
MA, 1991.

[7]1 A. Gagalavicz. Texture modellingapplications. The Visual
Computey 3:186—2001987.

Figure14: An inputtexture (a) which is beyond the limitations of
HeggerandBergen(1995)model(b), canbe usedsuccessfullyby
this techniguego synthesizenary new images.Four suchsynthe-
sizedimages,usingthe samesetof thresholdsareshavn in (c) -

).

[8] A. Gagalavicz and S. D. Ma. Model driven synthesisof
naturaltexturesfor 3—-D scenes. Computes and Graphics
10:161-1701986.

[9] N. GrahamA. Sutter andC. VenkatesanSpatial-frequenc
andorientation-selectity of simpleandcomplex channelsn
region segregation. Vision Reseaeh, 33:1893-19111993.

[10] D. J.HeaerandJ. R. Bemgen. Pyramidbasedexture anal-
ysis/synthesisln ComputerGraphics pages229-238 ACM
SIGGRAPH,1995.

[11] B. Julesz.Visualpatterndiscrimination.IRE Transaction®n
InformationTheory IT-8:84-921962.

[12] M. R. LuettgenW. C. Karl, A. S. Willsky, andR. R. Tenns.
Multiscale representationsf markov random elds. IEEE
Trans.on SignalProcessing41(12):3377-3396,995.

[13] S.D. MaandA. Gagalevicz. Determinatiorof local coordi-
natesystemdor texturesynthesi®on 3-D surfaces Computes
andGraphics 10:171-1761986.

[14] G. Turk. Genereatingextureson arbitrary surfacesusing
reaction-difusion. In ComputerGraphics volume25, pages
289-298ACM SIGGRAPH,1991.

[15] A. Witkin and M. Kass. Reaction—dfusion textures. In
ComputerGraphics volume?25, pages299—-308 ACM SIG-
GRAPH,1991.

[16] S.C. Zhu, Y. Wu, andD. Mumford. Filters random elds
andmaximumentrogy(frame): To auni ed theoryfor texture
modeling. To appearin Int'l Journal of ComputerVision,
1996.



