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Abstract

This paperoutlinesa techniquefor treatinginput texture images
as probability densityestimatorsfrom which new textures,with
similar appearanceandstructuralproperties,canbesampled.In a
two-phaseprocess,theinput textureis �rst analyzedby measuring
the joint occurrenceof texture discriminationfeaturesat multiple
resolutions.In the secondphase,a new texture is synthesizedby
samplingsuccessivespatialfrequency bandsfrom theinputtexture,
conditionedonthesimilar joint occurrenceof featuresat lowerspa-
tial frequencies.Texturessynthesizedwith this methodmoresuc-
cessfullycapturethecharacteristicsof input texturesthandoprevi-
oustechniques.

1 Intr oduction

Synthetictexture generationhas beenan increasinglyactive re-
searchareain computergraphics.Theprimaryapproachhasbeen
to develop specializedproceduralmodelswhich emulatethe gen-
erative processof the texture they are trying to mimic. For ex-
ample,modelsbasedon reaction-diffusion interactionshave been
developedto simulateseashells[15] or animalskins [14]. More
recentlywork hasbeendonewhich considerstexturesassamples
from probabilisticdistributions. By determiningthe form of these
distributionsandsamplingfrom them,new texturesthat aresimi-
lar to theoriginalscan,in principle,begenerated.Thesuccessof
thesemethodsis dependentupon the structureof the probability
densityestimatorusedin the samplingprocedure.Recentlysev-
eralattemptsatdevelopingsuchestimatorshavebeensuccessfulin
limited domains.Most notablyHeegerandBergen[10] iteratively
resamplerandomnoisetocoerceit intohaving particularmultireso-
lution orientedenergy histograms.Usingasimilardistribution,and
a morerigorousresamplingmethodZhu andMumford [16] have
alsoachieved somesuccess.In work by Luettgen,et al [12] mul-
tiresolutionMarkov random�elds areusedto modelrelationships
betweenspatialfrequencieswithin textureimages.

In humanvisualpsychophysicsresearch,thefocusof textureper-
ceptionstudieshasbeenon developing physiologicallyplausible
modelsof texturediscrimination.Thesemodelsinvolve determin-
ing to which measurementsof textural variationshumansaremost
sensitive. Typically basedon theresponsesof oriented�lter banks,
suchmodelsarecapableof detectingvariationsacrosssomepatches
perceivedby humansto bedifferenttextures([1, 2, 3, 4, 6, 9, 11],
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for example.)Theapproachpresentedhereusestheseresultingpsy-
chophysicalmodelsto provide constraintson astatisticalsampling
procedure.

In a two-phaseprocess,the input texture is �rst analyzedby
computingthejoint occurrence,acrossmultipleresolutions,of sev-
eralof the featuresusedin psychophysicalmodels. In the second
phase,a new texture is synthesizedby samplingsuccessive spatial
frequency bandsfrom theinput texture,conditionedon thesimilar
joint occurrenceof featuresatall lowerspatialfrequencies.

Thesamplingmethodologyis basedon thehypothesisthat tex-
tureimagesdiffer from typical imagesin thatthatthereareregions
within the imagewhich, to somesetof featuredetectors,areless
discriminableat certainresolutionsthan at others. By rearrang-
ing texturalcomponentsat locationsandresolutionswherethedis-
criminability is below threshold,new texturesamplesaregenerated
whichhavesimilarvisualcharacteristics.

2 Motiv ation

Thegoalof probabilistictexturesynthesiscanbestatedasfollows:
togenerateanew image,fromanexampletexture,suchthatthenew
imageis suf�ciently differentfrom theoriginal yet still appearsas
thoughit wasgeneratedby thesameunderlyingstochasticprocess
aswastheoriginal texture.

If successful,the new imagewill differ from the original, yet
haveperceptuallyidenticaltexturecharacteristics.Thiscanbemea-
suredpsychophysicallyin texture discriminationtests. To satisfy
bothcriteria,asynthesizedimageshoulddiffer from theoriginal in
thesamewayastheoriginaldiffersfrom itself.

From an input texture patch,suchas that shown in Figure 1,
therearein�nitely many possibledistributionswhich couldbe in-
ferredasthegenerative process.Samplingfrom suchdistributions
resultsin differentsynthesizedtextures,dependingonthepriorsas-
sumed.Dependingontheaccuracy of theseassumptions,theresult-
ing texturesmay, or maynot, satisfytheabove criteria for “good”
synthesis.

Onepossibleprior over thedistributionof pixelsis thattheorig-
inal textureis theonly samplein thedistribution,andthatno other
imagesaretexturally similar. From this assumption,simpletiling
results,as shown in Figure2. Clearly this fails the “suf�ciently
different”criteriastatedabove.

Anotherfeasible– thoughalsoclearly inadequate– prior is to
assumethat thepixels in the input textureareindependentlysam-
pledfrom somedistribution. Texturesgeneratedwith thismodeldo
not capturethe non-randomstructurewithin the original. The re-
sult of suchanoperationis shown in Figure3. As expectedit fails



Figure1: An exampletextureimagefor input to a texturesynthesis
process.

Figure2: Simplerepetitionof theimagedoesnot resultin a texture
which appearsto have comefrom thesamestochasticdistribution
astheoriginal.

Figure3: Texturesthatcontainrandomnessnotpresentin theorig-
inal areperceptuallydifferenttextures.This texturewasgenerated
by uniformly samplingthepixel valuesof theoriginal.Theoriginal
texturesuperimposedon thesyntheticoneis easilyidenti�ed.

Figure4: Samplingeachspatialfrequency bandfrom the corre-
spondingbandin the original doesnot capturethe detailwhich is
characteristicof the input texture, indicatingthat relationshipsbe-
tweenfrequenciesis critical. The synthesizedtexture is different
from the superimposedoriginal texture, which is clearly discrim-
inable.

Figure5: Theobjective is to generateapatchsuchastheoneabove
which is differentfrom theoriginal yet appearsasthoughit could
have beengeneratedby the sameunderlyingstochasticprocess.
This texture,which wassynthesizedusingthetechniquedescribed
in this paper, is perceptuallyvery similar to the original, and the
superimposedoriginal is not readilylocated.



to capturethe characterof the original andis perceptuallydiffer-
ent. This is evidencedby the easewith which the original canbe
locatedwhensuperimposedon thesynthesizedtexture.Thiseffect,
commonlyknown as“popout” ([3, 9, 11], e.g.),occursbecausethe
texturesareperceptuallydifferentanddo not appearto have been
generatedby thesameprocess.

Thegoalof texturesynthesisis to generateatexture,suchasthat
shown in Figure5, whichis bothrandom,andindiscriminablefrom
theoriginal texture.Figure5 satis�esthesecriteriain thatit differs
signi�cantly from the original yet appearsto have beengenerated
by thesamephysicalprocess.Becauseof theperceptualsimilarity
betweenthis texture, which was synthesizedby the procedurein
this paper, andtheinput texture(generatedby someotherprocess)
it is dif�cult to locatetheregion which containsthesuperimposed
original.

3 Functional synthesis frame work

Mathematically, thegoalof texturesynthesisis to developa func-
tion, F, whichtakesa textureimage,
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input, to anew texturesample,
�

synth, suchthat the differencebetween
�

input and
�

synth is above
somemeasureof visual differencefrom the original, yet is textu-
rally similar. Formally,
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where
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is a perceptualmeasureof the perceived differenceof
textural characteristics,and

�

�

a measureof the perceived visual
differencebetweentheinputandsynthesizedimages.To beaccept-
able, the perceived differencein textural characteristicsmust fall
below a maximumtexturediscriminabilitythreshold

� maxdisc, and
the perceived visual differencemustbe above a minimum visual
differencethreshold,

� min diff .
Thesuccessof asynthesistechniqueis measuredby its ability to

minimize
� maxdisc while maximizing

� min diff .
Humanperceptionof texturedifferences,indicatedby thehypo-

theticalfunction
�

�

, dependson our prior beliefsabouthow tex-
turesshouldvary. Thesebeliefsincorporatemuchof humanvisual
experience;therefore,determininga computablemetric,

�

, to ap-
proximate

�

�

, is a complex andoften ill-de�ned task. Devising
a goodapproximationfor

�

�

is an even moredif�cult task. For
texturesynthesispurposeshowever, a poorapproximationsuchas
directcorrelation,is suf�cient.

Thedif�culty of determininga function
�

, to approximate
�

�

,
dependson thestructureandtextualcomplexity of thetwo images.
Many psychophysicallybasedapproximationshave beenproposed
(e.g.[4, 6].)

Clearly, morecomplex texturescanberepresentedin larger im-
ages;therefore,determininga discriminationfunction,say

�

small,
betweenimageswhich have few pixels is lessdif�cult thandeter-
miningasimilar function

�

large over largerimages.
Using a multiresolutionapproach,this work approximates

�
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with a processwhichbeginsfrom low resolution– small– images.
By decomposingthe function

�

into a setof functions
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which
eachgeneratea singlespatialfrequency bandof the new texture,
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synth.
Thedomainof theeachfunction
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is a subsetof thedomainof
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's needonly be a function of the informationcontained
in the low spatial frequency bandsof

�

input. An intuitive proof

of this is given by the following induction. Considera new im-
age,
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input, which is generatedfrom animage
�

input by removing its
highfrequenciesby low pass�ltering with aGaussiankernel.With
just
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input, andwithout knowledgeof theadditionalinformationin
�

input, onecouldstill considergeneratinganew image
� �

synthwhich
is similar in texturalappearanceto
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input. Thus,theprocessof gen-
erating
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synth from
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input is independentof highestfrequency band
of
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input. This argumentcanberepeatedto show that
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synth�

is the ,.-�/ spatial frequency octave (or equiva-
lently the , -�/ level of theLaplacianpyramiddecomposition.)The
originalfunction,

�

, in equation(1) is thenconstructedby combin-
ing the spatialfrequency bandsgeneratedby

��0

through
��1

The
methodpresentedheresimpli�es thedif�culty of minimizing (ap-
proximate)

�

�

differenceby initially synthesizingtextureswhich
are similar at low spatial frequencies,and then maintainingthat
similarity asit progressesto higherfrequencies.A new texture is
synthesizedby generatingeachof its spatial frequency bandsso
thatashigherfrequency informationis addedtextural similarity is
preserved.

4 Texture generation procedure

4.1 Hypothesis of texture structure

Thesamplingprocedureusedby thismethodis dependentuponthe
accuracy of thefollowing hypothesis.Imagesperceivedastextures
differ from otherimagesin thatbelow someresolutionthey contain
regions which differ by lessthan somediscriminationthreshold.
Further, if thethresholdis strictenough,randomizationof thesere-
gionsdoesnot changetheperceived characteristicsof the texture.
In otherwords,at somelow resolutiontexture imagescontainre-
gionswhosedifferencemeasuredby

�

�

is small,andreorganizing
theselow frequency regions,while retainingtheir high frequency
detail will not changeits textural (

�

�

) characteristicsyet will in-
creaseits visual(

�

�

) difference.
In Figure 6, at eachresolutionexamplesof potentially inter-

changeableregions are highlighted. Rearrangingthe image at
theseresolutionsand locations,while retainingtheir high resolu-
tion structure,correspondsto moving whole textural units (which
in Figure6 areindividualpebbles.)

4.2 Anal ysis and Synthesis Pyramids

A new texture is synthesizedby generatingeachof its spatialfre-
quency bandssothatashigherfrequency informationis addedtex-
tural similarity is preserved. Eachsynthesizedbandis generated
by samplingfrom thecorrespondingbandin theinput texture,con-
strainedby thepresenceof local features.Thegeneral�o w of this
processis outlinedin Figure7.

In a �rst phasetheinput imageis decomposedinto multiple res-
olutions.Thisis doneusingthestandardLaplacianpyramidformu-
lation wherebandpassinformationat thepoint
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Figure6: Thesynthesisprocedureis baseduponthehypothesisthatat lower resolutionsthereareregionswhicharebelow somethresholdof
discriminabilityandthattherandomnesswithin a textureis in thelocationsof theseregions.

Figure7: Multiple regions in the analysispyramid canbe candi-
datevaluesfor a location in the synthesispyramid (as shown in
Figure8).
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Eachlevel of the Laplacianpyramid containsthe information

from a oneoctave spatialfrequency bandof the input For a com-
pletediscussionof LaplacianandGaussianpyramids,thereaderis
referredto [5].

Fromeachlevel of thisLaplacianpyramidacorrespondinglevel
of anew pyramidissampled.If thissamplingisdoneindependently
at eachresolution,as shown in Figure 4, the synthesizedimage
fails to capturethevisualorganizationcharacteristicof theoriginal,
indicatingthat thevalueschosenfor a particularspatialfrequency
shoulddependon the valueschosenat other spatialfrequencies.
Fromtheiterative proof,above,we canalsoinfer that thesevalues
only dependvaluesat thatandat lowerspatialfrequencies.

However, usingonly theLaplacianinformationin thelower fre-
quency bandsto constrainselectionis alsoinsuf�cient. Suchapro-
cedurewhich samplesfrom a distribution conditionedexclusively
on lower resolutionsonly loosely constrainsthe relationshipbe-
tweenthe`child' nodesof different`parents.' Samplingfrom such
a distribution canresult in high frequency artifactswhich arenot
presentin the intendeddistribution. To prevent this, constraints
mustbe propagatedacrosschildrenof differentparents;however,
constraintpropagationon a two dimensionalnetwork resultsin
dependency cycles,from which samplingrequiresiterative proce-
dures,andwhich is not, in general,guaranteedto convergein �nite
time. This techniqueconstrainstheselectionprocesswithin a spa-
tial frequency bandwithoutcreatingcyclesby usingimagefeatures
to constrainsampling.

Becausethe objective is to synthesizetexturesthat containthe

sametextural characteristicsas the original, yet vary from it in
global form, it is assumedthat global structurewithin the input
texture is coincidentalandshouldnot constrainsynthesis.Given
thisassumptionit is suf�cient to usetheresponsesof a setof local
texturemeasuresasfeatureswhichprovide thebasisfor anapprox-
imation to the humanperceptualtexture-discriminabilityfunction

�

�

. A �lter bankof oriented�rst andsecondGaussianderivatives
– simpleedgeandline �lters – wereusedin additionto Laplacian
response.At eachlocation
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� 3 �

in the analysispyramid level , ,
theresponseof eachfeature	 , is computedfor usein constraining
thesamplingprocedure.When,at thelowestresolutions,thepyra-
mid layersaretoo small, the featurescannotbe computed,anda
constantvalueis used.
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Theconstraintsprovidedby thesefeaturesarestrongerthanjust
the“parent” value,becausethey capturesomeof therelationships
betweenpixels within a local neighborhood.This “analysispyra-
mid” which containsthemultiresolutionband-passandfeaturere-
sponseinformation,is directlycomputedfrom theinput image.

4.3 Sampling procedure

A “synthesispyramid” is generatedby samplingfrom theanalysis
pyramidconditionedon the joint occurrenceof similar featurere-
sponsevaluesat multiple resolutions.Whenthesynthesizedpyra-
mid hasbeencompletelygenerated,the band-passinformationis
combinedto form the�nal synthesizedtexture.

Initially thetop level – lowestresolution– of theanalysispyra-
mid, which is a singlepixel, is copieddirectly into the synthesis
pyramid. Whensynthesizinga texture larger thantheoriginal, the
toplevel of thesynthesispyramidis largerthatin theanalysispyra-
mid; in this casethe analysislevel is simply repeatedto �ll the
synthesislevel.

Subsequentlevelsof thesynthesispyramidaresampledfrom the
correspondinglevel of theanalysispyramid.At eachlocationin the
synthesispyramid,thelocal “parentstructure”is usedto constrain
sampling.Theparentstructure, �

�

�

, of a location,
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� 3
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, in image
�

, at resolution, , is a vectorwhich containsthe local responsefor
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Theparentstructureof a locationin a synthesispyramid is de-
pictedin Figure8; in this schematic,eachcell representsthesetof
local featureresponses.



Figure8: Thedistribution from whichpixelsin thesynthesispyra-
mid aresampledis conditionedon the “parent” structureof those
pixels.Eachelementof theparentstructurecontainsavectorof the
featuremeasurementsat thatlocationandscale.

Two locationsareconsideredindistinguishableif thesquaredif-
ferencebetweeneverycomponentof theirparentstructuresis below
somethreshold.For a given location
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computed:
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Wherethe distancefunction
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, betweentwo parentstructures	
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whereZ is a normalizationconstantwhich eliminatestheeffect of
contrast,equalto �
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Thevaluesfor new locationsin thesynthesispyramidaresam-
pleduniformly from amongall regionsin theanalysispyramidthat
have a parentstructurewhich satis�esequation(??). This yields
aprobabilitydistributionoverspatialfrequency bandvaluescondi-
tionedon the joint occurrenceof featuresat lower spatialfrequen-
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Figure9: An input textureis decomposedto form ananalysispyra-
mid, from which a new synthesispyramidis sampled,conditioned
on local featureswithin thepyramids.A �lter bankof local texture
measures,basedonpsychophysicalmodels,areusedasfeatures.

Variationsbetweenthe analysisand synthesispyramidsoccur
whenmultipleregionsin theanalysispyramidsatisfytheabovecri-
terion. Theparentstructureof sucha groupof candidatelocations
is depictedin Figure9. As the thresholdsincrease,thenumberof
candidatesfrom which thevaluesin thesynthesispyramidwill be
sampled,increases.The levels of the thresholds,

�




� , mediatethe
rearrangementof spatialfrequency informationwithin thesynthe-
sizedtexture,andencapsulateaprior beliefaboutthedegreeof ran-
domnessin the true distribution from which the input texturewas
generated.

Algorithmically, this samplingprocedurecanbedescribedwith
thepseudo-code:
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With morecomplex code,additionalef�ciency canbeobtained
by skippingwhole regionswhich sharea parentstructureelement
thatis above thresholddifference.

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

Thougheachbandis sampleddirectly from theinput image,the
imagewhich resultsfrom therecombinationof eachof thesesyn-
thesizedlayerscontainspixel values(i.e. RGB colors)not present



Figure11: This seriesof 6 images(b-g) wasgeneratedfrom the
original (a). For eacha singlethresholdis usedfor all featuresand
resolutions.Thresholdsincreasefrom 0.05to 0.3from (b) to (g).

in theoriginal,becausenon-zerothresholdsallow synthesizedspa-
tial frequency hierarchieswhichdiffer from thosein theoriginal.

BecausetheLaplacianpyramidrepresentationis over-complete,
i.e. thespacespannedby Laplacianpyramidsis

�

��� largerthanthat
spannedby images,it is possibleto synthesizepyramidsthatareoff
of the manifoldof real-images.Whenthis occurs,the pyramid is
projectedontotheclosestpointon thismanifoldbeforereconstruc-
tion. This is doneby collapsingthe pyramid usingfull precision
images,then replacingvaluesabove or below the rangeof legal
pixel valueswith theclosestlegal value.

5 Examples of texture synthesis

For 800full color input textures,wesynthesizednew textures,each
four timeslargerthantheoriginal. Sometypical resultsareshown
in Figure10. Theresultsfrom theseexamplesareindicative of the
synthesisperformanceon the entiresetandwerechosenonly be-
causethey reproducewell on paper. Theresultsof all 800textures
areavailableon theworld widewebvia theURL:

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

In thesynthesisexamplesthroughout this paperthresholdsof the
form:
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tablishestheprior belief aboutthesensitivity of
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, the threshold
� maxdisc in equation(2); larger 	 incorporatesthe belief that the
`true' distributionwhichgeneratedtheinput textureis spatiallyho-
mogeneous,andthat the low frequency structurewithin the input
imageshouldnotbeanin�uential factorin regiondiscrimination.

Shown in Figure11areaseriesof synthesizedtexturesfor 	
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. As thethresholdin-
creases,progressively more locationsin the original becomein-
distinguishable,andthe amountof variationfrom the original in-
creases.For this texture,thesynthesizedimagewhichbalancessuf-
�cient differencefrom the original with perceptualsimilarity, lies
somewherebetween
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�

�

�

and
� �

�

8

�

(imagesd-e.) For dif-
ferent images,the ideal thresholdis different,re�ecting our prior

Figure12: A seriesof synthesizedtexturesfor whichthethresholds
areinverselyproportionalto thespatialfrequency andproportional
to 0.05in (b) to 0.3in (g).

belief abouttherandomnessimplied by theoriginal. Anothersyn-
thesisseriesfor a differentinput imageis shown in Figure12. In
thiscase	

�

� , avariesover thesamerange,andtheidealthresh-
old is somewherearound

� �

���

8

�

(imagef.)

6 Discussion

Becauseit usesonly local constraints,theestimatorpresentedhere
cannotmodel,textureimageswith complex visualstructures.Such
structuresinclude: re�ective androtationalsymmetry;progressive
variationsin size,color, orientation,etc.;andvisualelementswith
internalsemanticmeaning(suchassymbols)or which have mean-
ing in their relativepositions(suchasletters.)

Simplyaddingadditionalcomplex featuresto attemptto capture
thesesortsof visual structuresover conditionsthe samplingpro-
cedure,andsimple tiling results. If appropriatethresholdscould
be determinedthroughadditionalanalysisof the input image,the
effectsof complex featurescouldbemediated,andthey mightpro-
videusefulconstraints.

Becauseit samplesexclusively from theinput image,thismodel
assumesthat the `true' distributionsfrom which eachspatialfre-
quency bandin theinputwasgenerated,canbeaccuratelyapprox-
imatedby only thosevaluespresentin that image. If therewere
a model for the probability of valuesnot presentin the original,
synthesizedtexturescouldpossiblybegeneratedwhichcontainad-
ditionalvariationfrom theoriginalwhichdoesnot increasetexture
(

�

�

) differenceyet increasesthevisual(
�

�

) difference.

7 Conc lusion

We have presenteda methodfor synthesisof a novel imagefrom
an input texture by generatingand samplingfrom a distribution.
Thismultiresolutiontechniqueis capableof capturingmuchof the
importantvisualstructurein theperceptualcharacteristicsof many
texture images;includingarti�cial (man-made)texturesandmore
naturalones,asshown in Figure13. Theinput textureis treatedas
probabilitydensityestimatorby usingthe joint occurrenceof fea-



Figure10: Texturesynthesisresults.Thesmallerpatchesarethe input textures,andto their right aresynthesizedimageswhich are4 or 9
timeslarger.



Figure 13: The characteristicsof both arti�cial / man-madeand
naturaltexturescanbecapturedandreplicatedwith thisprocess.

turesacrossmultiple resolutionsto constrainsampling. Prior be-
liefs aboutthe`true' randomnessin theinput areincorporatedinto
themodelthroughthesettingsof thresholdswhichcontrolthelevel
of constraintprovidedby eachfeature.Many of thetexturesgener-
atedby samplingfromthisestimatorcansimultaneouslysatisfytwo
thetwo criteriaof successfultexturesynthesis:thesynthesizedtex-
turesaresuf�ciently differentfrom theoriginal,andappearto have
beencreatedby thesameunderlyinggenerativeprocess.Thesetex-
turescanbe synthesizedfrom moreintricateinput examples,and
producetextureswhichappearmoreakinto theoriginals,thanthose
producedby earliertechniques(Figure14.)
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