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Ef�cient interactivity for interactiveevolutionary algorithms.
Application to multifractal imagedenoising.

Abstract: Interactive evolutionaryalgorithms(IEA) oftensuffer from what is calledthe“userbot-
tleneck.” In this paper, we proposeandanalysea methodto limit the userinteractions,while still
providing suf�cient informationsfor theEA to converge.Themethodhasbeencurrentlydeveloped
onamultifractalimagedenoisingapplication:amultifractaldenoisingmethodis adaptedto complex
images,but dependsonasetof parametersthatarequitedif�cult to tuneby hand.A simpleIEA has
beendevelopedfor this purposein a previous work. We now experimentan approximationof the
userjudgment,via a "�tness map",thathelpsto reducethenumberof user-interactions.Themethod
is easilyextensibleto otherinteractive,or computationallyexpensive,evolutionaryschemes.

Key-words: Evolutionary algorithms,interactive evolution, user-interaction,multifractal image
analysis,Hölderexponents,wavelets,multifractalspectrum.



Ef�cient interactivity for IEA 3

1 Intr oduction

The foundingworks in interactive evolution [3, 2, 4, 1], orientedtowardsartistic applications,
have now beenextendedto many otherapplicationswherequantitiesto beoptimisedarerelatedto
subjective rating (visualor auditive interpretation).Characteristicattemptsarefor example[5] for
HearingAids �tting, [7] for smooth,human-like,controlrulesdesignfor a robotarm,or [8] for the
designof HTML stylesheets.An overview of this vasttopiccanbefoundin [9].

Interactionwith humansraisesseveralproblems,mainly linkedto the“userbottleneck”[11], i.e.
thehumanfatigue.Severalsolutionshavebeenconsidered[11,9,10] :

– reducethesizeof thepopulationandthenumberof generations,
– choosespeci�c modelsto constrainthe researchin a priori “interesting”areasof the search

space,
– performanautomaticlearning(basedonalimited numberof characteristicquantities)in order

to assistthe userandonly presentto him themostinterestingindividualsof thepopulation,
with respectto previousvotesof theuser.

In theapplicationof interestin this work, a �rst experimenthasbeendoneaccordingto the�rst
of thepreviousitems(evolving a smallpopulation).We now experimentanapproachrelatedto the
third item,i.e.wetry to extendthe�tness ratingto individualsof a largerpopulationvia theanalysis
of theuserjudgmentona smallsampleof individuals.

The paperis organisedas follows : In section2 the basicsof multifractal imageanalysisand
denoisingarerecalled.In section3 the�rst interactivemethodis presented,thentheproposedexten-
sionaredescribedin section4. Experimentsaredescribedandcommentedin section5, showing the
ef�ciency of theproposedmethod.Conclusions,possibleextensions,andfuturework aredetailedin
section6.

2 Multifractal bayesiandenoising

2.1 Multifractal imageanalysis

Multifractal analysisreliesonthehypothesisthatimportantinformationof thesignalareembed-
dedin its irregularity. This approachis adaptedto complex and/ornoisysignals.

In imageanalysis,it consistsin measuringthe regularity at eachsamplepoint, in groupingthe
pointshaving thesameirregularity, andthenin estimatingtheHausdorff dimension(i.e. the“fractal
dimension”)of eachiso-regularityset.

Irregularity is measuredvia the local Hölder exponent[12] de�ned for a continuous(non-
differentiable)functionf at x0 asthelargestreal� suchthat:

9C; � 0 > 0 : 8� < � 0 supx;y 2 B (x 0 ;� )
jf (x) � f (y)j

jx � yj �
� C

The function f H thatgivesfor an � theHausdorff dimensionof its iso-� set,f H (� ), is called
a multifractalspectrum.It is thusa representationof the irregularity of the image(a sortof measu-
rementof thegeometricaldistribution of the iso-� sets).As anexample,a f H (� ) ' 1 corresponds
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4 Lutton,Pilz & Lévy

to a linearandsmoothstructure,while f H (� ) ' 0 is a setof scatteredpoints(singularpoints),or
f H (� ) ' 2 is a uniformly texturedarea.

The multifractal spectrumprovidesat the sametime a local (� ) and a global (f H (� )) view-
pointondata.It hasbeenexploitedwith successin many applicationswhereirregularitybearssome
importantinformation(imagesegmentation[13], signalandimagedenoising[12], etc... )

Wavelettransformsareconvenienttoolsfor theestimationof theHölderexponents.Themethod
we presenthereis basedon discretewavelettransforms,andhasbeencomparedto otherdenoising
techniquesbasedonwavelets(soft thresholding),know asveryef�cient in many cases,see[14].

2.2 Regularity basedbayesiandenoising

The aim is to �nd a denoisedimageI 2 for a noisy imageI 1, underthe constraintthat I 2 has
a given multifractal spectrum.Furthermore,we assumethat the noiseis white and gaussian.Its
varianceis denoted� .

Following the BayesianMAP approachfrom [15] we denoteby y a wavelet coef�cient of the
noisy imageat scalej . Thecorrespondingwaveletcoef�cient x̂ of thedenoisedimageat thesame
scalej canbecalculatedby solvingthefollowing equation:

x̂ = argmax
x> 0

0

@j � g

0

@
log2

�
K̂ � x

�

� j

1

A �
(jyj � x)2

2� 2

1

A sgn(y)

where

– K̂ is a constantfor which K̂ � jyj < 1 holdsandmaybesetindependentlyfor eachscale.In
whatfollows,K̂ hasbeentakenastheinverseof themaximalcoef�cient in eachscalej .

– g is a functionwhichde�nesthemultifractalspectrumof thedenoisedimage.It is determined
by the5 values� min ; � nod ; � max ; g (� min ) andg(� max ). The spectrumhasbeenchosento
ful�ll thefollowing constraints:
– g is de�ned on theinterval [� min ; � max ],
– g (x) 2 [0; 1],
– � nod 2 [� min ; � max ] andg(� nod ) = 1,
– g is af�ne on [� min ; � nod ] andon [� nod ; � max ].

In mostcases,but notnecessarily, themultifractalspectrumcalculatedfrom thedenoisedcoef�-
cientsx̂ shouldshow a slight spectralshift to theright. This shift is a signof anoverall increaseof
regularity.

2.3 Freeparameters

Consequently, theextendedmultifractaldenoisingalgorithmpresentedin this work dependson
7 parameters:

– the5 valuesde�ning theapriori spectrumg,

INRIA



Ef�cient interactivity for IEA 5

– thevariance� of thenoise,
– thewaveletusedfor thediscrete(inverse)wavelettransformation.
Thechoiceof thewaveletis lesscritical thanthechoiceof theother6 parameters.UsuallyDau-

bechies6 to 12 offer equivalentdenoisingresultsin termsof visual receptionwhereasDaubechies
waveletswith smallersupportsyield unsatisfactoryresultsin somecases.

Speciallyin caseswherewe want to treatvery noisy imageandsubsequentlyhave to set the
parameters� and� nod to relatively high values,the denoisingalgorithmleadsto artefactsin the
denoisedimagewhen using waveletswith a small support,see�gure 1. The regularity of those
waveletsis low. They arethereforenotableto modelvery irregularpartsof animage.

FIG. 1 – Original Image without noise(u.l.), Multifractal denoisingusingwaveletDaubechies2
(u.r.), Multifractal denoisingusingwaveletDaubechies18 (l.l.), Noisy Image (l.r.), all parameters
exceptwaveletsareconstant.

It shouldbementionedthatthenumberof calculatedwaveletscalesis �x edto a valueobtained
from theimagedimensions[N � M ] :

scales = blog2(max(N; M)) c

Thesetupof the7 resultingfreeparametersis nontrivial in thesensethat they arestronglyde-
pendentontheamountof noisein thenoisyimageandthesubjectiveopinionof thehumanobserver
aboutwhich resultre�ects bestthedesireddenoisedimage.

RR n° 5535



6 Lutton,Pilz & Lévy

The ideawasthereforeto build anuserguidedevolutionaryalgorithmto interactively �nd sui-
tablesettingsof thefreeparameters.

3 A First Interacti veApproach

An InteractiveEvolutionaryAlgorithm for multifractaldenoisinghasalreadybeendevelopedin
theINRIA - Complex Team.Theresultsof thiswork havebeenpresentedin [14].

3.1 Genome

The�rst denoisingIEA doesnot includethechoiceof thewaveletbasisasa freeparameterbut
considersa shift to the a priori spectrumg for diagonalwavelet coef�cients. It hasbeennoticed
that the diagonalwavelet coef�cients aremoresensitive towardsadditive noiseandthereforemay
deserveadifferentspectrumg.

Thegenomesthatareevolvedby this IEA aremadeof 7 realgenes:
– 5 valuesto de�ne theg functionfor thehorizontalandverticalwaveletcoef�cients : � min 2

[0; 0:5], g(� min ) 2 [0; 1], � nod > � min , � nod 2 [0; 2], � max > � nod , � max 2 [0:01; 20],
g(� max ) 2 [0:2; 1]

– theshift of theg functionfor thediagonalcoef�cients (range[0; 0:5]),
– thevarianceof gaussiannoise,� (range[0; 100:0]).

3.2 Fitnessand user interaction

The �tness function is given by the userwith aid of slidersattachedto eachdenoisedimage.
Possibleevaluationsare in the range[-10,+10], where-10 is the worst and +10 is bestpossible
notationto animage.Thedefaultvalueof “0” correspondsto adenoisedimagewhichseemsneither
to bebetternorworsethantheoriginalnoisyimage.

Besidecontrolling the evolutionarycycle by giving evaluationsto images,the usermay also
directly edit thegenotypesof theseimages,see�gure 2. This meansthattheusercanbehave asan
additionalgeneticoperator.

3.3 GeneticEngine

Thepopulationhasa�x edsizeof 6 individuals.Eachindividualcarriesasetof 7 parametersand
thereforerepresentsonesolutionfor theaforementionedcombinatorialproblem.All individualsare
presentedasanimage,theresultof ourdenoisingalgorithm.Thebasicevolutionarycycleemployed
in this programis illustratedin �gure 3.

Theevolutionaryoperatorsarede�ned in thefollowing way :

– Parent Selectionis performedby deterministicselectionof the3 bestindividualsin thepo-
pulation.

INRIA



Ef�cient interactivity for IEA 7

FIG. 2 – Theinterfaceof thepreviousIEA, written in C++.

– GeneticOperators :
– BarycentricCrossover, wherea new individual is a weightedcombinationof his parents

with a randomlychosenweightin [0; 1].
– Mutation asan independentperturbationof eachgenevalueby addinga gaussiannoise

with agivenvariance.
– Survivor Selectionreplacesthe3 worst individualsin theparentgenerationby theoffspring

individuals.

Beforeparentselection,theusergiven�tness valuesareweightedwith a sharingvalueto main-
tainaminimumof diversityinsidethesmallpopulation.Thissharingvalueis calculatedfrom mean
genotypedistances.Theparentselectionthenchoosesthe3 individualswith thebestweighted�t-
nessandis thereforefully deterministic.Crossoverandmutationoperatorsthenproduceanoffspring
of size3. Thesurvivor selectionputstheoffspringin theplaceof theparentindividualsandthereby
closestheevolutionarycycle.

4 ExtendedInteracti veApproach

The main issueof thepresentwork is to build an interactive evolutionaryalgorithmthat takes
morebene�t from theuserevaluations(increasesthereactivity) while beingableto handlepopula-

RR n° 5535



8 Lutton,Pilz & Lévy

FIG. 3 – The�rst denoisingIEA geneticengine.

tionsof any size(increasesthesearchcapabilities).The�rst denoisingIEA is basedonapopulation
which containsonly 6 individuals.Furthermore,it only considersthe currentuserevaluationsfor
thecalculationof thenext generation.In this basicscheme,theuserhasaccessto 6 individuals(or
images)pergeneration: theIEA is drivenby a �tness sample– or let ussaya �tnessmap– madeof
only 6 points.

A dynamicapproximationof the interactive �tness is a delicatetask,andnecessitatesa rather
large sample.We proposea methodbasedon the useof pastusernotations,collectedin a set,
the �tness map. The �tness of new individualsproducedby thegeneticenginecanbe preliminary
estimatedfrom the�tness mapby smoothinterpolation(�at or polynomial,seein section4.3). This
preliminary�tness etimationcanserve asa preselectiontool in orderto show to theuseronly the6
bestindividualsof a largercurrentpopulation.

Theuseof largerpopulationsizesoffer somemajoradvantages,whereanobviouslyeasiermain-
tenanceof diversity, a moreextensiveexplorationof thegivensearchspaceanda possiblespeedup
of convergencearethemostsigni�cant.

4.1 Genome

Thegenomesthatareevolvedby this extendedIEA aremadeof 7 genes:

INRIA



Ef�cient interactivity for IEA 9

FIG. 4 – The extendedgenetic engine. It supportsa �tness map (illustratedin this �gure) and
complex userinteraction.

– 5 valuesto de�ne theg functionfor thehorizontalandverticalwaveletcoef�cients : � min 2
[0; 0:5], g(� min ) 2 [0; 1], � nod > � min , � nod 2 [0; 2], � max > � nod , � max 2 [0:01; 20],
g(� max ) 2 [0:2; 1]

– thewaveletusedfor thediscretewavelettransformation(Daubechies2 to 20),
– thevarianceof gaussiannoise,� 2 [0; 100].

4.2 Fitnessand user interaction

Userevaluationsto the imagesaregivenin almostthesameway aspresentedin 3.2 : Theuser
giveshisnotationswith helpof slidesattachedto theimageswithin therange[� 6(verybad); :::0(neutr al); :::+
6(verygood)].

Thegeneticengineof theextendedIEA is highly customisableby settingparameters.In contrast
to thebehavior of the�rst IEA, it is possiblethatall 6 imagesin theuserinterfacearechangedfrom
a generationto the next. But it might obviously be frustratingfor theuserto looseimagesthathe
maybeconsideredasinteresting.Therefore,the possibility to mark imagesas“SuperIndividuals”
hasbeenintroduced.Superindividualsremaincontinuouslyvisibleasanimagein theuserinterface
andalsoremainconstantasindividual in thepopulation.Theusermaytogglethis stateat any time
by pressinga button,see�gure 5.

To increasethevarietyof userinteractivity, two new dialogshavebeencreated:
– a dialogto view andmanipulatetheindividualsin thepopulation(�gure 6),

RR n° 5535



10 Lutton,Pilz & Lévy

FIG. 5 – Clicking the starbutton togglesan individual as “Super Individual”. From thereonit is
treatedasconstantin thepopulation.

– a dialogto view andmanipulatethesamplesin the�tness map(�gure 7).
These2 dialogsbothprovideplotsof thegenevaluesof theindividualsin thepopulation,respec-

tively �tness map,alongwith theircorresponding�tness values.By togglingcheckboxes,additional
curves,suchasaninterpolationof �tness andsharingvalues,areshown.

An other tool of userinteractivity wascreatedby introducing“user ranges”(�gure 8). These
rangesaresoft-thresholdsthatconstrainthesearchspaceof genesandcanbesetindependentlyfor
eachof the7 genes.Theeffectsof theserangeson thegenesof individualsaredescribedin 4.3.

Thenew IEA alsoincludesa history functionwhich allows to recall thestateof thepopulation
atany time.

4.3 GeneticEngine

Theintroductionof a varyingpopulationsizeanda �tness maprequiredsomemajorchangesto
thegeneticengineof the �rst IEA. TheextendedIEA thereforediffers from the �rst IEA in many
points.Selectionmethodsnow stronglydependonthe�tnessmap.Crossoverandmutationoperators
mayalsodependon the�tness map.Thegeneticcycle wasextendedby an“imageselection”.This

INRIA



Ef�cient interactivity for IEA 11

FIG. 6 – The population editor. Individualsmay beaddedto thepopulation,existing individuals
maybedeletedandtheir genotypecanbemanipulated.Thegenevaluesareplottedon 7 curvesas
redstars.Theplottedcurvesareinterpolationsof the�tness (or shared�tness) samplesvalues.

methodselectsthe 6 individualsthat areshown to the useras images.The extendedevolutionary
cycleemployedin this programis illustratedin �gure 4.

The �tness map is a matrix of size [8xN ]. N is the numberof samplesthat aresaved in the
�tness map.Thesesamplesare vectorsof size [8x1], madeof a genotypeand its corresponding
�tness value.The�tness mapis usedto interpolatebetweentheavailablesamplesin orderto predict
the�tness valuesof unknown genotypes.Two interpolationmethodshavebeenimplemented:

– “nearest' : The�tness valueof thenearestsamplein the�tness mapis returnedasthe�tness
valueof theunknown sample.

– “inter polation” : Interpolatingpolynomialsof order8 arecalculatedfor eachgeneusingthe
samplesof the�tness map(redstarsinterpolatedby redlines in �gure 9). Theapproximated
�tness valuefor anunknown sample(seegreenmarkersin �gure 9) is themeanvalueof the7
polynomialsfor thegenesvaluesof theunknown sample.

Variousselectionalgorithmshavebeenimplemented.Theseselectionoperatorscanbedeployed
by theparent-,offspring-andimageselection.Therespectiveselectionoperatorthatis actuallyused
in a certainstageof thegeneticcycle is setof�ine with helpof acon�guration�le.

Theavailableselectionmethodsarethefollowing :

RR n° 5535



12 Lutton,Pilz & Lévy

FIG. 7 – The ®tnessmap editor. Samplesmaybedeletedandtheir �tness canbereevaluated.

FIG. 8 – Plotof sample�tness for thevaluesof � min . An interpolationof the�tnessvaluesis plotted
asaredcurve.Thesharingestimationis plottedasayellow curve.Settinganuserpreferredrange
for individualgenesis doneby draganddropof thebluebrackets.

– “®ttest” : TheIndividualwith thebest�tness valueis selected.
– “cycle” : n individualsareselectedby cycling througha numberm of the�ttest individuals.

This methodcanbeusedto generateanoffspringfrom a smallnumberof parentindividuals
(asin the�rst IEA).

– “r oulette” : Randomizedvariantof �tness-proportionateselection.
– “rank” : Randomizedvariantof rank-proportionateselection.Theselectionprobabilityfor an

individual is pressure� r ank , where“pressure”adjuststhestrenghtof selectionand“rank” is
thepositionof theindividual insidethepopulation(sortedby decreasing�tness values).

INRIA



Ef�cient interactivity for IEA 13

FIG. 9 – The2 �tnessestimationmethodsillustratedfor asamplegenotype(green): nearestmethod
(blue), interpolation method (yellow). The y axesrepresentthe �tness values,while the x axes
representthegenevalues

A sharingalgorithmhasbeenimplemented.Equalyto thesharingalgorithmof the �rst denoi-
sing IEA, �tness valuesareweightedwith a sharingfactorthat is calculatedfrom meangenotype
distancesinsidethepopulation.Genotypeswith a high meandistanceto theothergenotypesin the
populationconsequentlyhave a biggergainof �tness. Thepressureof this sharingmethodcanbe
setin a con�guration�le, independentlyfor eachselectionmethod.Distinct selectionof individuals
is alsoimplementedandcon�gurable.

Differentversionsof thegeneticoperators(crossoverandmutation)havebeenimplemented:
– crossover : “random” : New individualsarea weightedcombinationof their parents.The

weightsare randomlychosenin [0; 1]. “swap” : Specialcaseof randomcrossover. Parent
genesarerandomlyswappedto generatechildrengenotype.“factory” : This methodsbuilds
new genotypesout of the bestgenesfrom two parentindividuals.The necessary�tness for
individualgenesis takenfrom theearlierdescribedinterpolatingpolynomials.

RR n° 5535



14 Lutton,Pilz & Lévy

– mutation : “random” : Gaussianperturbationof eachgenewith agiven� . “pr eferedarea” :
Gaussianperturbationof eachgenetowardsit' s userrange(4.2). Thereis no effect on a gene
whenit is alreadylocatedinsidetheuserarea.

5 Experiments

Quantitativeevaluationsareratherdif�cult to performoninteractiveevolutionaryalgorithms.To
beableto evaluatetheef�ciency of the�tness mapschemeor, to someextent,comparethe�rst IEA
with theextendedIEA, experimentsweremadein anon-interactiveway.

The two algorithmswererun on severalnoisy images,for which the initial “non-noiy” images
wereavailable,andfor variousparametersettings.

5.1 The non-interactive software

For thesetests,thesoftwarewassilgthly modi�ed (seemodi�ed userinterfacein �gure 10). The
userevaluationswerereplacedby automaticevaluations.A user�tness is thereforeimitatedby the
calculationof a phenodistancebetweenthenoisy imagesandtheir correspondingoriginal images.
The two presentedversionsof the IEA had to run 30 generationson every noisy imageand for
every parametersetting.In eachgenerationthe minimum phenodistancewascollectedin orderto
producea convergencecurve. This wasrepeatedfor at least30 times.Afterwardsa meancurve of
convergencewascalculated.The2 presentedversionsof theIEA have beencomparedon thebasis
of theseaveragecurves.

Unfortunately, neitherthecalculationof anoverallpixel colordifferencenor thecalculationof a
meanpixel colordifferencebetween2 imagescanproperlymodelizethehumanreceptionof relevant
differencesbetween2 images.However, we have chosento usea meandifferenceto calculatethe
phenodistancebetween2 images.

5.2 Parameters

As theseexperimentsconsumea remarkableamountof calculationtime,we decidedto concen-
trateonavaryingpopulationsizefor theextendedIEA.
Themostimportantparametersusedfor thetestswith thenew IEA are:

– Populationsize: 16,32,64and128Individuals.
– Parentselection: Rankselection(aspresentedin 4.3).
– Offspringsize: 90%of parentgeneration.
– Imageselection: Fittestselection.
– Fitnessmapinterpolation: nearest.
– Useof “SuperIndividual” : in eachgenerationtheimagewith thelowestphenodistanceto the

original imageis setassuperindividual.
On thebasisof thepreviousparameters,onegenerationis equivalentto 5 userinteractions.
Theparametersfor the“basic” IEA remainedunchanged:
– Populationsize: 6 Individuals

INRIA



Ef�cient interactivity for IEA 15

FIG. 10– Themodi�ed interfaceallowsbatchjobs.

– Parentselection: Fittest3,
– Offspringsize: 3 Individuals,
– Imageselection: notnecessary.
On thebasisof thepreviousparametersonegenerationis equivalentto 3 userinteractions.

5.3 Results

To ensurea fair comparisonbetweenthetwo algorithms,theaveragecurvesof convergenceare
plottedwith respectto thenumberof userinteractions(i.e. userevaluations)insteadof thegenera-
tionsnumber.

Figures11, 12 and13 show a clearimprovementof theminimisationbehaviour for the �tness
mapscheme,thelargerthepopulation,themoreef�cient.

The lossof precisionof the �tness calculationbasedon the �tness map,wich is a very rough
approximationof theuser– or phenotypic(for theautomatedversion)– �tness, is compensatedby
theexplorationcapabilitiesof a largerpopulation.

This improvedexplorationcapabilityhasalsobeennoticedin a qualitative mannerby userson
theoriginal interactive IEA.

RR n° 5535



16 Lutton,Pilz & Lévy

FIG. 11– Comparisonof meanconvergencefor differentpopulationsizes.Original Image: Sommet
256.Noisy Image: Sommet256with Gauss� = 20.

6 Conclusion

The �tness map schemehasbeenproved to be ef�cient on an interactive multifractal image
denoisingapplication.Themanipulationof a muchlargerpopulationin conjunctionwith theuseof
roughapproximationsof theuser�tness providesa solutionto the“userbottleneck”problem.The
�tness mapschemecanbe easilygeneralisedto otherapplication,including non-interactive ones
whereexact�tness calculationsarecomputationallyexpensive.

Furtherwork will include extensionsof this schemeto other interactive evolutionaru image
analysisandsignalprocessingtasks.We also intendto considerthe �tness mapon dif�cult non-
interactive inverseproblemssuchas the inverseproblemfor IFS, relatedto fractal compression
techniques.

ThepresentedIEA wasoriginally developedasstandaloneprogram.Fully retainingits standa-
lonecapabilities,thesoftwarehasbeenextendedto integratewith theFraclabToolbox,see�gure 14.
It is now easilypossibleto exchangeimagesbetweentheIEA andtheFraclabToolbox.TheFraclab
Toolbox,includingthepresentednew IEA, is availableasdownloadathttp://fractales.inria.fr .

INRIA



Ef�cient interactivity for IEA 17

FIG. 12 – Comparisonof meanconvergencefor differentpopulationsizes.Original Image: Lena
256.Noisy Image: Lena256with Gauss� = 25.

Acknowledgment

Theauthorsaregratefulto PierreGrenier, YannLandrin-ScheitzerandPierrickLegrandfor their
technicalsupport,andhelpto integratethesoftwareinto Fraclab.

Références

[1] P. J. Angeline, “Evolving FractalMovies”, GeneticProgramming1996: Proceedingsof the
First AnnualConference, JohnR. KozaandDavid E. Goldberg andDavid B. FogelandRick
L. Riolo (Eds),pp503–511,1996.

[2] K. Sims, “Interactive evolution of dynamicalsystems,” in First EuropeanConferenceon
Arti�cial Life, pages171–178,1991.Paris,December.

[3] K. Sims, “Arti�cial Evolution for ComputerGraphics,” ComputerGraphics, 25(4):319–328,
July1991.

[4] S.J.P. ToddandW. Latham,“EvolutionaryArt andComputers”,AcademicPress,1992.

[5] H. Takagi,M. Ohsaki,“IEC-basedHearingAids Fitting”, IEEEInt. Conf.onSystem,Manand
Cybernetics(SMC'99), Tokyo, Japan,vol 3, pp657-662,Oct.12-15,1999.

RR n° 5535



18 Lutton,Pilz & Lévy

FIG. 13 – Comparisonof meanconvergencefor differentpopulationsizes.Original Image: Mars
256.Noisy Image: Mars256with Gauss� = 30.

[6] Y. Jin,“A comprehensivesurvey of �tnessapproximationin evolutionarycomputation,” in Soft
Computing,vol 9, pp3-12,2005.

[7] S.Kamohara,H. TakagiandT. Takeda,“Control RuleAcquisition for anArm WrestlingRo-
bot,” in IEEEInt. Conf.onSystem,ManandCybernetics(SMC'97),vol 5, Orlando,FL, USA,
pp4227-4231,1997.

[8] N. Monmarche,G. Nocent,G. Venturini,andP. Santini.“On GeneratingHTML StyleSheets
with anInteractive GeneticAlgorithm Basedon GeneFrequencies”,Arti�cial Evolution,Eu-
ropeanConference,AE 99, Dunkerque,France,November1999,Selectedpapers,Springer
Verlag,LNCS 1829,1999,C. Fonlupt andJ. K. Hao and E. Lutton andE. RonaldandM.
Schoenauer(Eds).

[9] H. Takagi, “ Interactive Evolutionary Computation: SystemOptimisationBasedon Hu-
manSubjective Evaluation”, IEEE Int. Conf. on IntelligentEngineeringSystems(INES'98),
Vienna,Austria,pp1-6,Sept17-19,1998.

[10] W. Banzhaf,“InteractiveEvolution”, in Handbookof EvolutionaryComputation, 1997,Oxford
UniversityPress.

[11] R. Poli andS.Cagnoni,“GeneticProgrammingwith User-DrivenSelection: Experimentson
theEvolution of Algorithms for ImageEnhancement”,in 2nd AnnualConf. on GeneticPro-

INRIA



Ef�cient interactivity for IEA 19

FIG. 14– ThepresentedIEA integratedwith Fraclab.

gramming,pp269-277,1997.

[12] Lévy Véhel, JacquesandLutton, Evelyne“Evolutionarysignalenhancementbasedon Höl-
derregularityanalysis”,EVOIASP2001Workshop,ComoLake, Italy, SpringerVerlag,LNCS
2038,2001.

[13] Lévy Véhel,J. “FractalImageEncodingandAnalysis”,SpringerVerlag,1997

[14] EvelyneLutton, PierreGrenierandJacquessLevy Vehel“An Interactive EA for Multifractal
BayesianDenoising”,2005.

[15] JacquessLevy VehelandPierrickLegrand“BayesianMultifractal SignalDenoising”,2003,

[16] J. ChapuisandE. Lutton, “ArtiE-Fract : Interactive Evolution of Fractals”,4th International
ConferenceonGenerativeArt, Milano, Italy, December12-14,2001.

[17] Y. Landrin-Schweitzer, P. Collet andE. Lutton, “Interactive GPfor DataRetrieval in Medical
Databases,” in EUROGP'03,2003.

[18] E. Lutton, P. Collet, Y. Landrin-Schweitzerand T. Prost,“Introducing Lateral Thinking in
SearchEngineswith InteractiveEvolutionary Algorithms,” in Annual ACM Symposiumon

RR n° 5535



20 Lutton,Pilz & Lévy

Applied Computing(SAC 2003),SpecialTrack on "ComputerApplicationsin HealthCare"
(COMPAHEC 2003),March9 to 12,Melbourne,Florida,U.S.A.,2003.

[19] S.Rooke,“The EvolutionaryArt of StevenRooke” http ://www.azstarnet.com/� srooke/

[20] Y. Semet,Y. Jamont,R. Biojout, E. Lutton and P. Collet, “Arti�cial Ant Coloniesand E-
Learning: An Optimisationof PedagogicalPaths,” in HCII'03 - HumanComputerInteraction
International,2003.

INRIA



UnitéderechercheINRIA Rocquencourt
DomainedeVoluceau- Rocquencourt- BP105- 78153Le ChesnayCedex (France)

UnitéderechercheINRIA Futurs: ParcClub OrsayUniversité- ZAC desVignes
4, rueJacquesMonod- 91893ORSAY Cedex (France)

UnitéderechercheINRIA Lorraine: LORIA, TechnopôledeNancy-Brabois- Campusscienti®que
615,rueduJardinBotanique- BP 101- 54602Villers-l�s-Nancy Cedex (France)

UnitéderechercheINRIA Rennes: IRISA, CampusuniversitairedeBeaulieu- 35042RennesCedex (France)
UnitéderechercheINRIA Rhône-Alpes: 655,avenuedel'Europe- 38334MontbonnotSaint-Ismier(France)

UnitéderechercheINRIA SophiaAntipolis : 2004,routedesLucioles- BP 93 - 06902SophiaAntipolis Cedex (France)

Éditeur
INRIA - DomainedeVoluceau- Rocquencourt,BP105- 78153Le ChesnayCedex (France)

http://www.inria.fr
ISSN0249-6399


	Introduction
	Multifractal bayesian denoising
	Multifractal image analysis
	Regularity based bayesian denoising
	Free parameters

	A First Interactive Approach
	Genome
	Fitness and user interaction
	Genetic Engine

	Extended Interactive Approach
	Genome
	Fitness and user interaction
	Genetic Engine

	Experiments
	The non-interactive software
	Parameters
	Results


