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Abstract—The automatic synthesis of aesthetically pleas-
ing images is investigated. Genetic programming with multi-
objective tness evaluation is usedto evolve procedural texture
formulae. With multi-objective tness testing, candidate tex-
turesare evaluated according to multiple criteria. Each criteria
designatesa dimension of a multi-dimensional tness space.
The main feature test usesRalph's model of aesthetics.This
aesthetic model is based on empirical analysesof ne art, in
which analyzed art work exhibits bell curve distributions of
color gradients. Subjectively speaking, this bell-curve gradient
measuement tends to favor images that have harmonious
and balanced visual characteristics. Another feature test is
color histogram scoring. This test permits some control of
the color composition, by matching a candidate texture's color
composition with the color histogram of a target image. This
target image may be a digital image of another artwork. We
found that the use of the bell curve model often resulted in
imagesthat were harmonious and easy-on-the-egs.Without the
use of the model, generatedimages were often too chaotic or
boring. Although our approachdoesnot guaranteeaesthetically
pleasing results, it doesincreasethe likelihood that generated
textures are visually interesting

I. INTRODUCTION

The automaticsynthesisof aestheticallypleasingimages
is investigated.This researctcontributesto the body of work
using evolutionary computationto generateproceduraltex-
tures.We usegeneticprogrammingto synthesizegorocedural
texture formulae[1]. Principlesof Darwinian evolution are
applied to a dynamic population of textures. Those that
generateimageswith desiredvisual featuresare likely to
reproduce,and have offspring with even more desireable
featuresDuring the evolution processthe renderedutputof
texture expressionsare evaluatedby two independenteature
analysesThe rst analysisusesa novel modelof aesthetics
by Ralph[2]. This modelis derived from an empirical study
of ne art, in which it was discoveredthat mary examples
of art work exhibit a normaldistribution of colour gradients.
Theotherfeatureanalysisis colour histogramscoring,which
comparesanimages colour distribution histogramto that of
a targetimage.By matchingthe texture's colour distribution
with anotherimage,we areborronving anotherartist's colour
sensibilities. The combinedresult of thesetestsare images
that conform to both the bell curve aestheticand desired
colour composition.

The paperis organizedas follows. Relatedwork in evo-
lutionary texture synthesids reviewed in Sectionll. Section
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Il describesRalph’s aesthetiomodel, which is usedasone
of the featuretestsby the GP system.Systemdesignand
experimentaldetailsare describedn SectionlV. SectionV
presentsomeexampleresults.Concludingremarksaregiven
in SectionVI.

Il. RELATED WORK

Evolutionary texture and image synthesisis well es-
tablished [3][4]. Most systemsare supervised,in which
the userinteractively views and ratestexture imagesfrom
the population, and possibly controls the rate of muta-
tion [5][6][7][8][9]. Interactize evolution is lesssuitablefor
evolving preconceied styles of textures, than it is as a
creatve tool for discosering new textures.Moreover, it can
quickly exhaust the user who must manually view and
evaluateevery generatedexture.

Automatic texture evolution removes the user from the
loop [10][11][12]. Image analysisfunctions evaluate rudi-
mentaryimagefeaturessuchascolour, luminosity andshape.
Thesescoresarethenmatchedwith thoseof a tamgettexture.
Another approachis in [13], which evolves proceduraltex-
turesfor 3D models.Insteadof image analysis,this system
usestraining setsof exampletexture points.

Automatedaesthetidexture evolution hasnot beenwidely
studied.A pioneeringwork is [14], which usesan arti cial
neural network (ANN) as an image evaluation function
within a GA. Before evolution, the ANN is trainedon sets
of exampleimagesthathave beendeemedo be aesthetically
appealing. Their system does generatetextures according
to the evaluation by the ANN. It is unclearwhethertheir
ANN haslearnedary relevant aesthetiqrinciplesor useful
patterns,especiallygiven the vast quantity of training data
used.

More recently geneticprogrammingusinga tness func-
tion encodinga model of aestheticshas beenusedin the
NEVAr system [15]. That model posits that images are
aestheticallypleasingif they are both visually comple, as
well as easyfor the brain and visual systemto perceve
andinterpret. Two mathematicameasurementare used:(i)
image complity is measuredby the JPEG compression
ratio; (i) visual self-similarity is indicated by the fractal
compressiorratio. Their aesthetionodelwas appliedto the
TDA test (Testof Drawing Appreciation),which is a stan-
dardizedpsychologicalttestusedto evaluateart appreciation
[16]. Theresultswereimpressie, asthe modelscoredbetter
thantypical art students.

Recently an aestheticdistancemetric was proposedas
a meansfor measuringthe information proximity between
candidatadmagesanda library of imagespreclassi edto be



aestheticallypleasing[17]. Althoughthe metricwassuccess-
fully testedagninstuserpreferencesluringinteractve texture

evolution, it has not beentestedextensvely in automatic
texture evolution.

Measurableaspectsof arti cial and natural phenomena
often exhibit particular kinds of mathematicaldistributions
[18]. For example, the well known 1/f or pink noise dis-
tribution is widely found in diverse areassuch as physics
[19], naturalimages[20], and humancognition [21]. One
famousexample examining 1/f noisein the artsis [22]. In
the music examplesanalyzedthey shav thatthe differences
in successie pitchesin notes(pitch gradients)exhibit 1/f dis-
tributions.Furthermorestochastically-generatedusicbased
on 1/f noise generatorss more aestheticallypleasingthan
that generatedy pure randomor white noisegenerators.

I1l. A MATHEMATICAL MODEL OF AESTHETICS

A mathematicalmodel characterizingan aspectof ne
art has been proposedby Ralph [2]. The following gives
a simplied overview of the theory After analyzinghun-
dreds of examplesof ne art, it was found that mary
works consistentlyexhibit functions over colour gradients
that conform to a normal or bell curve distribution. This
is seenwith mary artists, such has Cezanneand Seurat,
who create“painterly” images.On the otherhand,the visual
responsedo photographsand graphic designwork usually
do not have normal distributions. This normal distribution
of gradientresponseis claimedto be dif cult to realize,
sinceit is essentiallycharacterizingthe global distribution
of gradientthroughoutan entireimage:local changesaffect
the distribution found throughoutthe entire painting. It is
hypothesizedthat this bell curve distribution has beenan
implicit aesthetiddeal of mary paintersthroughouthistory.

The bell curve model posits that a viewer's response
to an image is largely determinedby his or her psycho-
neurological reaction to visual stimuli. When viewing an
artwork, a viewer's visual systemis stimulatedby the details
of theimage.The bell curve modelsuggestshata viewer is
mostattractedo changesn animage,for example theedges
betweendifferent colours. The areaswith constantcolours
are of lessinterest. Furthermore,larger changesare more
noticeablethansmallerones.Sinceit is known that our ner
vous systemtendsto have a logarithmic reactionto stimuli,
this model likewise treatsmeasurementkgarithmically

An images bell curve gradientis computedn threesteps.

Stepl: An images colour gradientis found. This is done
by computingthe following for eachpixel (i,j) of an RGB
image (ignoring the extremarow and column of the image
buffer):

Fie1j+1)?+ (Nisny  Tij +1)2

d2

wherer;; is theredvalueat pixel (i,j). Similar computations
are done for the greenand blue channels.The d value is

a scalingfactor that is usedto scalethe result for images
having different dimensionsWe take it to be 0.1% of half
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thediagonallength,scaledfor typical pixel densitieson CRT
monitors. The overall gradientor stimulusS is then:

q
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for theseparatd®R GB channelgradientsFinally, theresponse
R is computedas:

Rij = log(Sij =)

whereS, is the thresholdof detection,which is takento be
2.1f S;; = 0 (no changein colour at a pixel), it is ignored.

Step 2: The distribution of the responsevaluesfor an
imageis determined.The calculationof the distribution is
basedon the hypothesisthat the probability that a viewer
pays attentionto a detail of an image is proportional to
the magnitudeof the stimulus that residesat that detail.
Hencewe usea weightedmeanand standarddeviation, with
Rij beingthe weight value for eachresponseThe normal
distribution of R is thenestimatedusing a weightednormal
distribution, de ned by a mean( ) and standarddeviation
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Once and 2 arefoundfor animage theactualdistribution
of all R;; for all pixels in the imageis tatulated.Using a
bin width of =100, a histogramis calculated,where each
Rij updatests correspondingin usinga weightof R;; .

Step3: The closenesof t betweenthe responseactual
distribution and the hypothesizedbell distribution is calcu-
lated. This is called the deviation from normality or DFN,
andit is calculatedas:

_ X _ Pi
DFN = 1000 pllog(a

wherep; is the obsered probability in the it" bin of the
histogram,and ¢ is the expected probability assuminga
normal distribution with the computedmeanand standard
deviation abore. Wheng = 0, that bin is ignored. A DFN

value of 0 meansthat a perfectnormal distribution exists,

while higher DFN valuesindicate poorer ts to the normal
distribution.

There are a number of practical advantagesof the bell
cune model. The DFN scoreis easily incorporatedas a
tness scorewithin the genetic algorithm. The bell curve
modelalsopermitsa meandor characterizinggenerahrtistic
styles. As discussedn [2], different stylesof art are often
characterizedby their bell curve t, aswell asthe associated
meanandstandarddeviation of the distribution. Many paint-
ings with good DFN's tendto have bell curveswith a mean
around 3.0 and a standarddeviation of 0.75. Photographs
have poor bell distributions, with meansof around4.2 and
standarddeviations of 1.2 or more. Graphic designshave
even highervalues.Thesevaluescanbe usedby the genetic
programming system as general stylistic target areas for
evolved images.



Float (f):

Terminals: X, Y, ephem

Basic math: plus(f,f), minus(f,f), diff(f,f), mult(f,f),
div(f,f), neg(f)

Othermath: sin(f), cos(f), mod(f,f), log(f), pow(f,f)

Relational: min(f,f), max(f,f), if-then-else(f,f,f)

Noise: noise(f,f), turb(f,f), turb ow(f,f,f),
cloud(f,f,f,f)

Misc: tilerad(f,f), lum(v), chn(v), ichn(f,v)

RGB vector (v):

Terminals: colgrad,ephem

Noise: marble(f,f,v)

Transform: warprel(f,f,v), warpabs(f,f,v) kaleid(v),
vtile(f,f,v)

Other: rgb(f,f,f), if-then-else(f,w), forv(f)

TABLE |
TEXTURE LANGUAGE

V. EXPERIMENT
A. Texture language

The texture languageusedis similar to one usedby Sims
[5]. A summaryof the languageis given in Table . The
genetic programming system uses strong typing, and so
all languagecomponentgespectthe datatype corventions
speci ed in the table. Two datatypesare used— oat (f),
and RGB vector (v), which is a tuple of 3 oat valuesthat
is interpretedas an RGB colour.

The oat primitives compute oating point values.The
terminals include x and y, which are the current pixel
coordinatesvhosetexture colouris beingcomputedTheter
minal ephendenotesephemeal randomconstantgl]. These
constantsreinitialized with arandomnumbergeneratarand
retainthe initialized value throughoutthe remainderof their
existencewithin therun. Theirrangeis between1.0and1.0.
Most of themathandrelationaloperatorsarestraightforvard.
The if-then-else(fy,h) expressionevaluatesexpressionf. If
f > 0, thenthevalueof g is returned Otherwisethe value of
h is returned.The noiseoperatorausea pink noiseor Perlin-
like noise generatar The basic generatoris noise(fg) [23].
It takes 2 explicit amgumentsthe frequeng f andarandom
seedg, and 2 implicit agumentsthe currentx andy pixel
coordinatesTurb, Turb ow, and Cloud use turbulenceand
cloud modelingformulae[23][24]. Tilerad generates tiling
effect.

The vector functions return RGB vectors as evaluated
results. Vector terminals include ephemeralconstants,as
well as colgrad, which computesan RGB gradientbased
on the currentpixel coordinatesThe othervector primitives
perform a variety of texture andtiling effects, vector con-
structionand deconstructionand vector iteration.

B. Featue evaluation

Therelative worth of a texture imagewill be measuredy
its performanceon a suiteof featuretests.Onefeaturetestis
the bell curve analysisfrom Sectionlll. The deviation from
normality (DFN) determineshow well an images gradient
ts to a normal distribution, and hencesharesthe gradient

characteristicfound in mary works of art. The gradient
analysisalso computesmeanand standarddeviation scores.
Themeandenotegherangeof gradientseenn animage.The
standarddeviation representshe changesdn gradientsseen,
rangingfrom gradualshiftsto sharpjumpsin colour We nd
it usefulto include one or both of thesemeasurementwith
the DFN whenanalyzingimages.

The other feature test, CHISTQ, is a colour analysis
that comparesthe colour distribution of a texture image
with that of a tamget image. It uses quadratic histogram
tting for colours,which is a test often usedin query by
image contentsystemssuchas VisualSEEK[25]. Theimage
is rst quantizedinto 1000 colours. Then a histogram of
guantizedcolourfrequenciess tabulated.The histogramdor
two imagesare comparedwith one anothey and an overall
distancebetweerthemis calculatedAll thehistogramentries
in bothimagesare comparedexhaustvely with one anothey
to determinehow closely the colours distributions match.
This testis fairly relaxed with respectto colour tting. It is
alsopositionindependentmeaningthat coloursdo not have
to coincidewith respectto their placementon animage.

C. Multi-objective tness scoring

A multi-objective problemis characterizedby having two
or more tness criteria[26]. Multi-objective searchstratgies
considereachfeaturetestasanindependentimensionin the
searchspace This contrastso approacheshat meige scores
together perhapsby a weighted sum. Weights are usually
ad hog introduce undo bias into the search,and can be
detrimentalto mostnontrivial problems.

We interpret the evaluation of textures using the multi-
objectve approachfrom [12]. Whentexturesare addedto a
new population,the DFN and CHISTQ testsare performed
on the generatedexture from eachformulae,andthe tness
scores(including meanand standarddeviation scores)are
sared. These scoresare then usedto determinea Pareto
ranking of all the individuals in the population. Pareto
ranks are basedon the idea of domination One individual
dominatesanotherif it is at leastasgoodin all the scores,
andbetterin at leastone.Using the notationu < v to mean
scoreu is more optimal thanv, thenu dominatesy if:

8i2 (kiU viN9i2(@A; 5Kk iU <
Individuals having rank 1 are undominated,and are the
current best solutionsin the population. Those of rank k
> 1 aredominatedby all the individuals of ranks< k. All
theindividualsin arank areincomparablewvith oneanother
At the endof arun, all thosewith rank 1 are consideredas
valid solutionsto the problem.

After the Paretoranksare determinedthe individuals in
eachrank are evaluatedwith respectto their diversity Tex-
turesin a Paretorankareconsiderecguperiorif they aremore
diversewith respecto theirlocationin the multi-dimensional
searctspaceasindicatedby the tness scoredn eachfeature
test. The idea is that a texture with unique characteristics,
likely has correspondinglydifferent feature vector values.
Lik ewise, texturesthat are duplicatesor minor variationsof



eachotherprobablyhave very similar or identicalfeaturetest
scores.

An indicator of diversity in featurespaceis the nearest-
neighbourdistancebetweenfeaturevectors.Becausdeature
testsdiffer widely betweeneachotherin termsof valuations,
the raw scoresin the vectors are not usedto determine
distances Rather thesedistancescoresare abstractednto
ranks, and the averagedistancerank is computedinstead.
This approactwill give all featurescoresequalweightwhen
determiningdistance.The following stepsare performedto
determinediversity for all the texturesin eachParetorank
set:

1) For eachfeaturetestdimensionthe nearest-neighbour

distanceis determined.

2) All the distancesare ranked, with the largestdistance
assignedhe lowestrank (1). Eachindividual endsup
with a vectorof distanceranks,with onedistancerank
per featuretest.

3) The averagedistancerank is deterinedfor eachdis-
tancerankvectors.Thisis usedasthe“diversityscore”,
wherelower averagesare preferred.

Once these steps are computed,the textures within each
Paretorank setarere-assignednness scoressuchthatmore
diverseindividualsin the rank have betterscorescompared
to othersin the rank set. The desiredoutcomeis a diversity
of generatedimages. Note that diversity is only applied
within the Paretosets,and the Paretoranksthemseles are
maintained.In other words, diversity does not affect the
overall Paretoranking betweenParetorank sets.

D. Other experimentalparametes

Parameter Value
Populationsize 1000
Generations 50
Runs/eperiment 5

Initialization rampedhalf&half
Initial rampedtree depth 2t06

Max. tree size (nodes,depth) 200, 20
Crosswer rate 0.9

Mutation rate 0.1

Selectionscheme tournament(size 3)

TABLE 1
GENETIC PROGRAMMING PARAMETERS (TYPICAL)

Table Il lists othertypical parameteraisedin the exper
iments. Most are standardwithin the geneticprogramming
literature[1]. Five separateunsusing new randomnumber
seedswvere doneper experiment,usinga populationof 1000
texture expressions.A maximum of 50 generationswere
used.The initial populationis generatedusing the ramped
half-and-halftree generatioralgorithm,which createsa pop-
ulation of randomtreeshaving an assortmenbf sizesand
shapeslnitial treeshave depthsbetweer? to 6 levels.During
reproduction treescan have a maximumof 200 nodes,and
a maximum depth of 20. Crosseer is used 90% of the
time, and mutationis selectedthe remaining10%. Fitness-
basedselectionis performedvia tournamentselection Here,

3 random formulae are selectedfrom the population,and
the onewith the highest tness is retainedfor reproduction.
Crosswer appliestournamentselectiontwice, to nd two
parents.

Imagesrenderedduring the run are by necessitysmall,
giventhe computationatime neededor their generatiorand
analysis.We often usedrun-timeimageswith resolutionsof
approximatelyl25by 100,and nal renderedutputof 1250
by 1000, or 100 times the area.Although smallerrun-time
imagesgreatly speedup a run, a price is paidin featuretest
accurag. A larger resolutionimage has much more visual
detail, which affects the DFN and other scores.Therefore,
larger run-time imageswill resultin more accurateresults.
If an appropriately-scale@aussiarblur lter is appliedto
a large imagebeforefeaturetestsare performed,the results
obtainedare closerto what are seenwith smallerresolution
versionsof the image.

V. RESULTS

Figure 1 shavs someresultst The searchusesfour tamget
objectves: DFN=0.0, mean=3.75std dev=0.75, and colour
matchingwith the imagein (a) (ie. CHISTQ=1.0).Textures
thatareto be analyzedn therun arerenderedat a resolution
of 126 by 98. The nal resultsare renderedat 1260 by
980. Oneresultis the imagein (b). When processedvith
a 3 by 3 gaussian lter (to approximatethe detail in the
smallerimage analyzedin the run), the resulting statistics
areDFN=6.4,mean=1.8std dev=0.68,CHISTQ=0.82.Such
results are typical with multi-objectve searchesjn which
somescoresare strong,while othersareweak (in this case,
the meanscore).Usuallya CHISTQ scoreabore 0.80means
that the image colour yields an acceptablematch to the
target. Image (c) shaws the gradientresponselter applied
to the solution image. Figure 2 shavs the distribution of
the gradientresponsdor this solution. Figure 3 shavs how
the DFN stayslow asthe gaussianlter is increasedwhich
simulatesthe eye viewing the imageat fartherdistances.

Images(d), (e) and (f) in Figure 1 are otherresultsusing
the sametargetimageas above. Image (d) hasa DFN=7.9,
mean=3.7 std dev=0.54,and CHISTQ=0.92.Image (e) has
a DFN=15.0, mean=4.6,std dev=0.72, and CHISTQ=0.90.
Image (f) is taken from an earlier generation(25). Less
evolved imagessuch as this one are typically bolder more
primitive, and lessre ned than latter ancestorssince their
scoresare still far from the tarmget values.

Figure4 shavs someresultsfrom an experimentin which
a greyscaleimagein (a) is usedasthe colour tamget.

In Figure5, theUnion Jackin (a) is the colourtamet. That
imageis detrimentalto both the CHISTQ and DFN tests,as
both preferricher gradientsthanthe 3 coloursin the image.
Oneinterestingresultis in (b). To get a lower DFN score,
a 3D smole effect was placedbetweenthe red and yellow
bands,asis seenin the detail in (c).

IFull-sized colour images can be seenat www:cosc:brocku:ca=
bross=DF N _gallery=.



(a) Colour taget. (b) Oneresult.

(d) (e)

(c) Colour gradientof (b).

(f)

Fig. 1. Resultsfor Monet seaimagepalettein (a).

(a) Greyscaletarget. (b)

(d) Detail from (b).

(©

(e) Detail from (c)

Fig. 4. Greyscalecolour target experiment

A classicpaintingby Monetis usedasthetargetin Figure
6. Image(b) is oneresult,and a detail from it is in (c).

Figure 7 shaws various results from other experiments.

Images(a) and (b) are examplesof poor resultshaving high
DFN scores.The chaotic nature of image (a) gives it a
DFN=129. On the other hand, image (b) is overly bland.

It was evolved in a run that ignored DFN scores,and its
DFN is over 1400. Imagesin (c) and (d) shav how the
DFN scoring can producesubtlety and balance.Image (e)
is a detail from animagethat hada wood-blockprint effect.
Theimagein (f) is from arun in which the target DFN was
inadwertentlysettoo high. Theresultingartistic style is more



(a) Colour taget.

(a) Colour target.

(a) DFN=129

(d)

(b) Result. (c) Detail from (b).

Fig. 5.  Union Jackexperiment

(b) Result. (c) Detail from (b).

Fig. 6. Monet experiment

(b) DFN > 1400 ©)

(e) (f)

Fig. 7. Miscellaneougesults



Fig. 2. Gradientplot for Fig.1 (b)

Fig. 3. DFN vs blurring for Fig.1 (b)

graphicdesign-orientedhanthe moreambientand painterly
styles seenwith imageshaving low DFN's (seediscussion
of Figure 8 below).

Fig. 8. Gradientresponsespacefor art work and evolved images

The researchin [2] characterizeghe obsered normal
distributionsof artwork with the graphin Figure8. Thedark
blue pyramid demarcateghe areawithin which the response
curves of paintings are often found. Paintings with low
DFN scoresconsistentlyhave meansandstandardieviations
within a “sweet spot” in the pyramid, marked with the
red circle. Amateur artists very rarely create pieces that
residein this locale. This suggeststhat the sweetspot is

an aestheticideal implicitly striven for by mary classical
painters.Graphical art and photographstend to be in the

areamarked with the greencircle, and did not have strong
DFN scores.We found that our evolved imagestendedto

residein the light blue rectangle.When the colour palette
scoringwasnot performedthe DFN scoresnvereconsistently
in the bottom-left of the triangle, in the areaof low mean
and standarddeviation. The sweetspotwas occasionallyhit

by our images.As with humanartists,the sweetspotis also
technicallychallengingfor geneticprogramming.

V1. CONCLUSION

This paper has shavn that aesthetictexture evolution
bene ts from Ralph's bell cune responsemodel [2]. We
conjecturethatthe areaof imagespacede ned by low DFN
scoresis more denselypopulatedwith interestingimages,
than the areaswhere the DFN is high. When experiment
parameteravere appropriatelytuned,we conseratively es-
timate that 10% of our resultswere visually interesting.On
the otherhand,whenthe bell curve analysisis removed, the
resultingimagesarechaoticor bland,arti cial, mathematical,
andrarely appealingThus,the bell curve scoreis a heuristic
that directsthe searchinto regions of texture spacethat are
morelikely to be balancedharmoniouspainterly and“easy
ontheeyes”. Thisis importantfor automaticsynthesiswhere
the userhasno control over the direction of search.Never-
theless,the user still makes the ultimate decisionwhether
the synthesizedmagesare appealing.Art is in the eye of
the beholder

Ralph's bell curve responsanodelsthe degree of visual
non-uniformitythatis residentin a large numberof classical
paintings.This is not to suggesthowever, that all synthetic
images with low DFN's are necessarilyinteresting. For
example, we performedruns in which the DFN was the
sole criteria, and the colour score was ignored. Although
the resultingimageshad excellent DFN scores,they were
inevitably blandandboring,dueto the useof a narrav band-
width of RGB space.This was adwantageoudor obtaining
low DFN scores but not very interestingto the humaneye.
The colour testintroducesthe needfor a paletteof colours,
which is the normin visual art. In fact, the mood of a target
imageasintendedby the original artistis ofteninjectedinto
the texture image, visaviz the colour palette.

Interestingly we found that someimageswith unusually
poor scoreswere visually fascinating.This doesnot suggest
that the tness criteria is irrelevant. These particular im-
ageshave visually pleasingtraits inheritedfrom more well-
behaed and re ned ancestorsFurthermore sometimeshe
chosencolour tamget image is “DFN unfriendly”. In such
cases,the DFN and colour testswork aggainst each othet
The resulting “creative tension” often producesthe most
surprisingresults(image(c) in Figureb).

Theimagesn [15] sharesomestylistic characteristicgvith
mary of ourresults Theaesthetienodelsof bothsystemsare
unfavourableto imagesthat are eithertoo static or chaotic.
Their models use of fractal compressiontendsto favour



imagesthat are self-similar in nature. The NEVAr system
usesgreyscale,while we work with a target colour palette.

Both the Bell distribution and NEVAr's aestheticmodels
likely residewithin 1/f spaceThe 1/f distribution is applica-
ble to a wide variety of phenomenahatresidebetweertotal
orderandtotal chaos[18]. Its generalitymakesit too coarse
for modelingmorere ned phenomenasuchas ne art.

Researchin [27] hasappliedmary of this papers ideas,
including the Bell curve aesthetiomodel, toward the evolu-
tion of non-photorealistidmage lters. The resultsof that
researctcon rm thatthe Bell curve modelactsas a taming
in uence to thekindsof Iter effectsobtained.Furthermore,
that researchdiscovered that paint brush strokes are con-
ducive to Bell curve gradientdistributions. This patrtially
explains why we occasionallyobtainedpaint stroke effects
on textures,which are not an easyeffect to obtainwith our
GP texture languageand its noisegenerators.

Thereare a numberof future directionsfor this research.

Othermeasurablaspectof aestheticgould beincorporated
thataddressompositionandcolour selectionin moredetail.

The evolution of imagesthat have non-normaldistributions
(higher DEN's) is worth considering.Image (f) in Figure 7

shaws that interestinggraphical designsare possible with

non-bell distributions. New texture languageswould result
in new stylesof images.The languageusedhereis predomi-
natedby noisegeneratorsywhich directly in uencesthe style

of abstractart obtained.
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