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Ef cient interactivity for interactive evolutionary algorithms.
Application to multifractal imagedenoising

Abstract: Interactve evolutionaryalgorithms(IEA) oftensuffer from whatis calledthe “user bot-
tleneck® In this paper we proposeand analysea methodto limit the userinteractionswhile still

providing sufcient informationsfor the EA to corverge.The methodhasbeencurrentlydeveloped
onamultifractalimagedenoisingapplicationamultifractaldenoisingmethods adaptedo complex

imagesput depend®n a setof parameterthatarequitedif cult to tuneby hand.A simplelEA has
beendevelopedfor this purposein a previous work. We now experimentan approximationof the
userjudgmentyiaa" tness map",thathelpsto reducethe numberof userinteractionsThemethod
is easilyextensibleto otherinteractve, or computationallyexpensve, evolutionaryschemes.

Key-words: Evolutionary algorithms,interactve evolution, userinteraction, multifractal image
analysisHolderexponentswavelets,multifractal spectrum.



Ef cient interactivity for IEA 3

1 Intr oduction

The foundingworks in interactive evolution [I3,12,14, 1], orientedtowardsartistic applications,
have now beenextendedto mary otherapplicationsvherequantitiesto be optimisedarerelatedto
subjectve rating (visual or auditive interpretation) Characteristiattemptsare for example[5] for
HearingAids tting, [[4] for smooth human-like, controlrulesdesignfor a robotarm,or [8] for the
designof HTML style sheetsAn overview of this vasttopic canbefoundin [I9].

Interactionwith humangaisesseveralproblemsmainly linkedto the“userbottleneck[[L1], i.e.
thehumanfatigue.Severalsolutionshave beenconsidered11,9,10 :

— reducethe sizeof the populationandthe numberof generations,

— choosespeci ¢ modelsto constrainthe researchn a priori “interesting” areasof the search

space,

— performanautomatidearning(basenalimited numberof characteristiquantities)n order
to assistthe userandonly presentto him the mostinterestingindividuals of the population,
with respecto previousvotesof theuser

In the applicationof interestin thiswork, a rst experimenthasbeendoneaccordingto the rst
of the previousitems(evolving a small population).We now experimentan approachrelatedto the
third item, i.e. we try to extendthe tness ratingto individualsof alargerpopulationvia theanalysis
of theuserjudgmenton a smallsampleof individuals.

The paperis organisedasfollows : In section the basicsof multifractal imageanalysisand
denoisingarerecalledIn sectiorf@the rst interactive methodis presentedthenthe proposedexten-
sionaredescribedn sectiord Experimentaredescribecandcommentedn sectiorfd, shaving the
ef ciency of the proposednethod.Conclusionspossibleextensionsandfuturework aredetailedin
sectiori@

2 Multifractal bayesiandenoising

2.1 Multifractal imageanalysis

Multifractal analysigeliesonthehypothesighatimportantinformationof the signalareembed-
dedin its irregularity. This approachs adaptedo complex and/ornoisy signals.

In imageanalysis,it consistan measuringhe regularity at eachsamplepoint, in groupingthe
pointshaving the samerregularity, andthenin estimatinghe Hausdorf dimension(i.e. the“fractal
dimension”)of eachiso-regularity set.

Irregularity is measuredvia the local Holder exponent[[1Z2] de ned for a continuous(non-
differentiablefunctionf atxq asthelargestreal suchthat:

i) fyi

9C; 0>0:8 < . N S A
0 0  SUPxy 2B (xe; ) X Vi
Thefunctionfy thatgivesfor an the Hausdorf dimensionof its iso- set,fy ( ), is called
amultifractal spectrumlt is thusa representationf the irregularity of the image(a sort of measu-
rementof the geometricabistribution of theiso- sets).As anexample,af ( ) ' 1 corresponds
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4 Lutton,Pilz & Lévy

to alinearandsmoothstructurewhile f 5 ( ) ' 0 is a setof scatterecoints(singularpoints),or
fu( )" 2isauniformly texturedarea.

The multifractal spectrumprovides at the sametime a local ( ) anda global (f 4 ( )) view-
pointondata.lt hasbeenexploitedwith succes&n mary applicationsvhereirregularity bearssome
importantinformation(imagesegmentatior1d], signalandimagedenoising[1?], etc...)

Wavelettransformsareconvenienttoolsfor the estimationof the HolderexponentsThe method
we presentereis basedon discretewavelettransformsandhasbeencomparedo otherdenoising
techniquedasedn wavelets(soft thresholding)know asvery ef cient in mary casessee[[14].

2.2 Regularity basedbayesiandenoising

Theaimis to nd adenoisedmagel, for a noisyimagel 1, underthe constraintthat |, has
a given multifractal spectrum.Furthermorewe assumethat the noiseis white and gaussianlts
varianceis denoted .

Following the BayesianMAP approachrom [[15] we denoteby y a waveletcoefcient of the
noisyimageat scalej . The correspondingvavelet coefcient ® of the denoisedmageat the same
scalej canbe calculatedby solvingthefollowing equation:

0 0 1 1

log, K x Vi w2
R = argmax@ g@ 2 A WX sgn(y)
x> 0 ] 2 2

where

— R is aconstanfor whichR jyj < 1 holdsandmay be setindependentlyior eachscale.In
whatfollows, K hasbeentakenastheinverseof themaximalcoefcient in eachscalej .

— gisafunctionwhichde nesthemultifractalspectrunmof thedenoisedmage.lIt is determined
by the5 values min; nod; max;9( min) @andg( max). The spectrumhasbeenchosento
fulll thefollowing constraints
— gisde nedontheinternval[ min; maxl»

- 9(x) 2 [0;1],
— nod 2 [ min; max]andg( ned) = 1,
— gisafne on[ min ; noalandon[ nod; max J-

In mostcaseshut not necessarilythe multifractal spectruncalculatedrom thedenoisedtoef-
cients® shouldshaw a slight spectralkshift to theright. This shift is a sign of anoverallincreaseof
regularity.

2.3 Freeparameters

Consequentlthe extendedmultifractal denoisingalgorithmpresentedn this work dependson
7 parameters
— theb5 valuesde ning theapriori spectruny,

INRIA



Ef cient interactivity for IEA 5

— thevariance of thenoise,

— thewaveletusedfor thediscrete(inverse)wavelettransformation.

The choiceof thewaveletis lesscritical thanthe choiceof the other6 parameterdJsually Dau-
bechies6 to 12 offer equivalentdenoisingresultsin termsof visual receptionrwhereasDaubechies
waveletswith smallersupportsyield unsatisfctoryresultsin somecases.

Speciallyin casesvherewe wantto treatvery noisy imageand subsequentihave to setthe
parameters and noq to relatively high values,the denoisingalgorithmleadsto artefactsin the
denoisedmage when using waveletswith a small support,see gure [l The regularity of those
waveletsis low. They arethereforenotableto modelveryirregularpartsof animage.

FiG. 1 - Original Image without noise(u.l.), Multifractal denoisingusingwavelet Daubechies2
(u.r.), Multifractal denoisingusingwavelet Daubechies18 (I.I.), Noisy Image (l.r.), all parameters
exceptwaveletsareconstant.

It shouldbe mentionedhatthe numberof calculatedvaveletscaless x edto avalueobtained
from theimagedimensiongN M ]:

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

The setupof the 7 resultingfree parameterss nontrivial in the sensehatthey arestronglyde-
pendenbntheamountof noisein the noisyimageandthe subjectie opinionof thehumanobsener
aboutwhichresultre ects bestthe desireddenoisedmage.

RR n°5535



6 Lutton,Pilz & Lévy

The ideawasthereforeto build anuserguidedevolutionaryalgorithmto interactively nd sui-
tablesettingsof the freeparameters.

3 A First Interacti ve Approach

An Interactive EvolutionaryAlgorithm for multifractal denoisinghasalreadybeendevelopedin
theINRIA - Complex Team.Theresultsof thiswork have beenpresentedn [[14].

3.1 Genome

The rst denoisinglEA doesnotincludethe choiceof the waveletbasisasa free parametebut
considersa shift to the a priori spectrumg for diagonalwavelet coefcients. It hasbeennoticed
thatthe diagonalwavelet coefcients are more sensitve towardsadditive noiseandthereforemay
desere adifferentspectruny.
Thegenomeshatareevolvedby this IEA aremadeof 7 realgenes
— 5valuesto de ne the g functionfor the horizontalandverticalwaveletcoefcients :  min 2
[0;0:5, 9( min) 2 [0;1], nod > min» nod 2 [32], max > nod» max 2 [0:01;20],
9( max) 2 [0:2;,1]

— theshift of theg functionfor the diagonalcoefcients (range[0; 0:5]),

— thevarianceof gaussiamoise, (range[0; 10G.0]).

3.2 Fitnessand userinteraction

The tness functionis given by the userwith aid of slidersattachedo eachdenoisedmage.
Possibleevaluationsare in the range[-10,+10], where-10 is the worst and +10 is bestpossible
notationto animage.Thedefaultvalueof “0” correspond$o a denoisedmagewhich seemseither
to bebetternor worsethanthe original noisyimage.

Besidecontrolling the evolutionary cycle by giving evaluationsto images,the usermay also
directly edit the genotypesf theseimagessee gure Bl This meanghatthe usercanbehae asan
additionalgeneticoperator

3.3 GeneticEngine

Thepopulationhasa x edsizeof 6 individuals.Eachindividual carriesasetof 7 parameterand
thereforerepresentsnesolutionfor theaforementioneccombinatoriaproblem.All individualsare
presenteésanimage theresultof ourdenoisingalgorithm.Thebasicevolutionarycycle employed
in this programis illustratedin gure @

Theevolutionaryoperatorsaarede ned in thefollowing way :

— Parent Selectionis performedby deterministicselectionof the 3 bestindividualsin the po-
pulation.

INRIA



Ef cient interactivity for IEA 7

5l

FIG. 2 — Theinterfaceof the previouslEA, writtenin C++.

— GeneticOperators :
— BarycentricCrosswer, wherea new individual is a weightedcombinationof his parents
with arandomlychosenweightin [O; 1].
— Mutation asanindependenperturbationof eachgenevalue by addinga gaussiamoise
with agivenvariance.
— Survivor Selectionreplaceghe 3 worstindividualsin the parentgeneratiorby the offspring
individuals.

Beforeparentselectionthe usergiven tness valuesareweightedwith a sharingvalueto main-
tainaminimum of diversityinsidethe smallpopulation.This sharingvalueis calculatedrom mean
genotypedistancesThe parentselectionthenchooseghe 3 individualswith the bestweighted t-
nessandis thereforefully deterministicCross@erandmutationoperatordshenproduceanoffspring
of size3. Thesurvivor selectionputsthe offspringin the placeof the parentindividualsandthereby
closesthe evolutionarycycle.

4 ExtendedInteracti ve Approach

The mainissueof the presentwork is to build aninteractve evolutionaryalgorithmthat takes
morebene t from the userevaluations(increaseshe reactvity) while beingableto handlepopula-

RR n°5535



8 Lutton,Pilz & Lévy
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6 Images
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¢ Crossover
o NMutation
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3 Indiwiduals

FIG. 3—The rst denoisingEA geneticengine.

tionsof ary size(increaseshesearctcapabilities).The rst denoisindEA is basednapopulation
which containsonly 6 individuals. Furthermorejt only considershe currentuserevaluationsfor

the calculationof the next generationln this basicschemethe userhasaccesgo 6 individuals(or

images)ergeneration thelEA is drivenby a tness sample- or let ussaya tness map— madeof

only 6 points.

A dynamicapproximationof the interactive tness is a delicatetask,and necessitatea rather
large sample.We proposea methodbasedon the use of pastusernotations,collectedin a set,
the tness map The tness of new individuals producedby the geneticenginecanbe preliminary
estimatedrom the tness mapby smoothinterpolation( at or polynomial,seein sectiorZ3). This
preliminary tness etimationcansene asa preselectioriool in orderto show to theuseronly the 6
bestindividualsof alargercurrentpopulation.

Theuseof largerpopulationsizesoffer somemajoradvantageswhereanobviously easiemmain-
tenanceof diversity, a moreextensve explorationof the givensearchspaceanda possiblespeedup
of convergencearethe mostsigni cant.

4.1 Genome

Thegenomeghatareevolvedby this extendedEA aremadeof 7 genes

INRIA
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Pepulation
Any nuenber of individuals
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Parent Selection
g ]

.
6 Individuals

6 Images

Y

Y
Genetic Operator
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Offspring
Any number of
individualz

FIG. 4 — The extendedgeneticengine It supportsa tness map (illustratedin this gure) and
complec userinteraction.

— 5valuesto de ne the g functionfor the horizontalandverticalwaveletcoefcients :  min 2
[0;051, 90 min) 2 [0;1], nod > mins nod 2 [0:2], max > nod» max 2 [0:01;20],
9( max) 2 [0:2;1]

— thewaveletusedfor the discretewavelettransformatior(Daubechie® to 20),

— thevarianceof gaussiamoise, 2 [0; 100}

4.2 Fitnessand userinteraction

Userevaluationsto theimagesaregivenin almostthe sameway aspresentedn 32 : The user
giveshisnotationswith helpof slidesattachedo theimageswithin therange] 6(verybad); :::0(neutr al); :::+
6(verygood)].

Thegeneticengineof theextendedEA is highly customisabléy settingparameterdn contrast
tothebehavior of the rst IEA, it is possiblethatall 6 imagesn theuserinterfacearechangedrom
a generatiorto the next. But it might obviously be frustratingfor the userto looseimagesthathe
maybeconsideredasinteresting.Therefore the possibility to markimagesas“SuperIndividuals”
hasbeenintroduced Superindividualsremaincontinuouslyisible asanimagein the userinterface
andalsoremainconstan@sindividual in the population.The usermaytogglethis stateat ary time
by pressinga button,see gure

To increasehe variety of userinteractvity, two new dialogshave beencreated

— adialogto view andmanipulatetheindividualsin the population( gure ),

RR n°5535



10 Lutton,Pilz & Lévy

n Population Editor

Individuals in the populstion:

ls]

@ (Image 41
13 (Image 5)
16 (Image &)

Individuals in the populstion:
[dmagety _ [a
2(lmage 2 locked)

3 (Image 31

4 (linage 4

5 (lnage 59

G (lmage 5

FiG. 5 — Clicking the star button togglesan individual as “Super Individual”. From thereonit is
treatedasconstanin the population.

— adialogto view andmanipulatehe samplesn the tness map( gure [).

These2 dialogsbothprovide plotsof thegenevaluesof theindividualsin thepopulationrespec-
tively tness map,alongwith theircorrespondingtness values By togglingcheckboxes,additional
curves,suchasaninterpolationof tness andsharingvaluesareshown.

An othertool of userinteractvity was createdby introducing“user ranges”( gure [§). These
rangesaresoft-thresholdshat constrainthe searctspaceof genesandcanbe setindependentlyor
eachof the 7 genesTheeffectsof theserangeson the genesof individualsaredescribedn EE3

Thenew IEA alsoincludesa history functionwhich allows to recallthe stateof the population
atary time.

4.3 GeneticEngine

Theintroductionof avaryingpopulationsizeanda tness maprequiredsomemajorchangego
the geneticengineof the rst IEA. The extendedlEA thereforediffersfrom the rst IEA in mary
points.Selectiommethodsiow stronglydependnthe thess map.Crosseerandmutationoperators
may alsodependon the tness map.The geneticcycle wasextendedby an“image selection”.This

INRIA
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B Population Editor

Indlviciuals in the populatirs

1(magel jocked)  [a|  Evalustion 4
2iimage 2]

3 (mage 3) Edlt Gentype

4 (mage 4)

5 (mage 5)

e v Sawve Incividial

7

s Add Random Indivielusl
10 Delete Selected Invidual
"

12 Refresh
13

0z 0z 03 O® O+

anod

CRED a = =
[] Show Fitnes= Trend
[ Shovwr (Fitness*Sharing)
[] Showw User Constrairts

FIG. 6 — The population editor. Individualsmay be addedto the population,existing individuals
may be deletedandtheir genotypecanbe manipulatedThe genevaluesareplottedon 7 curvesas
redstars.Theplottedcurvesareinterpolationsof the tness (or sharedtness) samplessalues.

methodselectsthe 6 individualsthat are shavn to the userasimages.The extendedevolutionary
cycle employedin this programis illustratedin gure @

The tness mapis a matrix of size[8xN]. N is the numberof sampleghat are saved in the

tness map. Thesesamplesare vectorsof size [8x1], madeof a genotypeandits corresponding
tnessvalue.The tness mapis usedto interpolatebetweerthe availablesamplesn orderto predict
the tness valuesof unknonvn genotypesTwo interpolationmethodshave beenimplemented

— “nearest': The tness valueof thenearessamplen the tness mapis returnedasthe tness
valueof theunknavn sample.

— “inter polation” : Interpolatingpolynomialsof order8 arecalculatedor eachgeneusingthe
samplesof the tness map(redstarsinterpolatedoy redlinesin gure B). Theapproximated
tness valuefor anunknovn sample(seegreenmarkersin gure @) is the meanvalueof the 7
polynomialsfor the genesvaluesof the unknovn sample.

Variousselectionalgorithmshave beenimplementedTheseselectiomperatorsanbedeployed

by the parent- offspring-andimageselection Therespectie selectioroperatotthatis actuallyused
in a certainstageof thegeneticcycle is setof ine with helpof acon guration le.

Theavailableselectionrmethodsarethefollowing :

RR n°5535



12 Lutton,Pilz & Lévy

"Bl Ftnessiman Editor =8|

Samples in firessmeap

~
Evalustion: 4

[ Edi Genotyps |
i
13

Show Fitness Trend
Show (Fitness "Sharing)
[ Showw Liser Constrsirts:

_

o oos o4 oas oz 0zs o3 03 o 0.is Os

FIG. 8—Plotof sampletnessfor thevaluesof i, . Aninterpolationof the tness valuesis plotted
asaredcurve. Thesharingestimationis plottedasayellow curve. Settinganuser preferredrange
for individual geness doneby draganddropof the blue braclets.

— “®ttest” : Thelndividualwith the best tness valueis selected.

— “cycle” : n individualsareselectedy cycling througha numberm of the ttest individuals.
This methodcanbe usedto generatean offspring from a small numberof parentindividuals
(asin the rst IEA).

— “r oulette” : Randomizedrariantof tness-proportionateselection.

— “rank” : Randomizediariantof rank-proportionatselectionTheselectiorprobabilityfor an
individualis pressure "2 where“pressure’adjuststhe strenghbf selectiorand“rank” is
the positionof theindividual insidethe population(sortedby decreasingtness values).

INRIA



Ef cient interactivity for IEA 13

FIG. 9—The2 tnessestimatiormethodsllustratedfor asamplegenotypggreen). nearestmethod

(blue), inter polation method (yellow). They axesrepresenthe tness values,while the x axes
representhegenevalues

A sharingalgorithmhasbeenimplementedEqualyto the sharingalgorithmof the rst denoi-
sing IEA, tness valuesareweightedwith a sharingfactorthatis calculatedirom meangenotype
distancesnsidethe population.Genotypesvith a high meandistanceto the othergenotypesn the
populationconsequenthhave a biggergainof tness. The pressureof this sharingmethodcanbe
setin acon guration le, independentlyor eachselectiormethod Distinct selectiorof individuals
is alsoimplementedandcon gurable.

Differentversionsof the geneticoperatorgcross@er andmutation)have beenimplemented

— crossaver : “random” : New individualsare a weightedcombinationof their parents.The
weightsare randomlychosenin [0; 1]. “swap” : Specialcaseof randomcrossaer. Parent
genesarerandomlyswappedto generatechildrengenotypefactory” : This methodsbuilds
new genotypesut of the bestgenesfrom two parentindividuals. The necessarytness for
individual genesds takenfrom the earlierdescribednterpolatingpolynomials.

RR n°5535



14 Lutton,Pilz & Lévy

— mutation : “random” : Gaussiamperturbatiorof eachgenewith agiven .“pr eferedarea”:
Gaussiarperturbatiorof eachgenetowardsit's userrange(@2). Thereis no effectonagene
whenit is alreadylocatedinsidetheuserarea.

5 Experiments

Quantitatve evaluationsareratherdif cult to performoninteractive evolutionaryalgorithms:To
beableto evaluatetheef ciency of the tness mapschemeor, to someextent,comparehe rst IEA
with theextended EA, experimentsveremadein anon-interactre way.

The two algorithmswererun on several noisy images for which theinitial “non-noiy” images
wereavailable,andfor variousparametesettings.

5.1 The non-interactive software

For thesetests the softwarewassilgthly modi ed (seemodi ed userinterfacein gure [I0). The
userevaluationswerereplacedby automaticevaluations A user tness is thereforeimitatedby the
calculationof a phenodistancéetweerthe noisyimagesandtheir correspondingpriginal images.
The two presentedrersionsof the IEA hadto run 30 generation®n every noisy image and for
every parametesetting.In eachgeneratiorthe minimum phenodistancevas collectedin orderto
producea corvergencecurve. This wasrepeatedor at least30 times. Afterwardsa meancurve of
convergencewascalculated The 2 presentedversionsof the IEA have beencomparedn the basis
of theseaveragecurves.

Unfortunatelyneitherthe calculationof anoverall pixel color differencenor the calculationof a
mearpixel color differencebetweer? imagescanproperlymodelizethehumarreceptiorof relevant
differenceshetween? images.However, we have chosento usea meandifferenceto calculatethe
phenodistancbetweer? images.

5.2 Parameters

As theseexperimentonsumea remarkableamountof calculationtime, we decidedto concen-
trateon avarying populationsizefor the extendedEA.
Themostimportantparametersisedfor the testswith thenew IEA are:

— Populationsize: 16,32,64and128Individuals.

— Parentselection Rankselection(aspresentedn E3J).

— Offspringsize: 90% of parentgeneration.

— Imageselection Fittestselection.

— Fitnessmapinterpolation: nearest.

— Useof “SuperIndividual” : in eachgeneratiortheimagewith thelowestphenodistanct the

originalimageis setassuperindividual.

Onthebasisof the previousparameterspnegeneratioris equivalentto 5 userinteractions.

The parameter$or the“basic” IEA remainedunchanged

— Populationsize: 6 Individuals

INRIA



Ef cient interactivity for IEA 15

FIG. 10— Themodi ed interfaceallows batchjobs.

— Parentselection Fittest3,

— Offspringsize: 3 Individuals,

— Imageselection notnecessary

Onthebasisof the previousparametersnegenerations equialentto 3 userinteractions.

5.3 Results

To ensureafair comparisorbetweerthe two algorithms the averagecurvesof corvergenceare
plottedwith respecto the numberof userinteractiong(i.e. userevaluations)nsteadof the genera-
tionsnumber

Figuresll, 12 and 13 show a clearimprovementof the minimisationbehaiour for the tness
mapschemethelargerthe population the moreef cient.

The loss of precisionof the tness calculationbasedon the thess map,wich is a very rough
approximatiorof the user— or phenotypic(for the automated/ersion)— tness, is compensatedy
the explorationcapabilitiesof alargerpopulation.

This improved explorationcapabilityhasalsobeennoticedin a qualitatve mannerby userson
theoriginalinteractve IEA.

RR n°5535



16 Lutton,Pilz & Lévy

FiG. 11— Comparisorof meancorvergencefor differentpopulationsizes Original Image: Sommet
256.Noisy Image: Sommet256with Gauss = 20.

6 Conclusion

The tness map schemehasbeenproved to be ef cient on an interactve multifractal image
denoisingapplication.The manipulationof a muchlarger populationin conjunctionwith the useof
roughapproximation®f the user tness providesa solutionto the “user bottleneck”problem.The
tness map schemecan be easily generalisedo otherapplication,including non-interactie ones
whereexact tness calculationsarecomputationallyexpensve.

Furtherwork will include extensionsof this schemeto other interactve evolutionaruimage
analysisand signal processingasks.We alsointendto considerthe tness mapon dif cult non-
interactve inverseproblemssuchas the inverseproblemfor IFS, relatedto fractal compression
techniques.

The presentedEA wasoriginally developedasstandalongrogram.Fully retainingits standa-
lonecapabilitiesthesoftwarehasbeenextendedo integratewith theFraclabToolbox,see gure 14.
It is now easilypossibleto exchangemageshetweerthe IEA andthe FraclabToolbox. TheFraclab
Toolbox,includingthepresentediew IEA, is availableasdownloadat http://fractales.inria.fr

INRIA
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FiG. 12 — Comparisorof meancorvergencefor differentpopulationsizes.Original Image: Lena
256.Noisy Image: Lena256with Gauss = 25.
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