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ABSTRACT

This paper describesan approachto us-
ing GP for image analysisbasedon the
ideathat imageenhancementfeature de-
tection and image segmentationcan be
re-framed asfiltering problems. GP can
discover efficient optimal filters which
solve suchproblemsbut in order to make
the search feasible and effective, termi-

nal sets, function setsand fitness func-
tions have to meet some requirements.
We describetheserequirementsand we
proposeterminals, functions and fitness
functions that satisfy them. Experiments
are reported in which GP is applied to
the segmentationof the brain in medi-
cal imagesand is compared with artifi-

cial neural nets.

1 Intr oduction

GeneticProgramming GP) hasbeenappliedsuccessfullyto
a large numberof difficult problemslike automaticdesign,
patternrecognition,robotic control, synthesison neuralar
chitectures symbolic regressionmusic and picture genera-
tion, etc [Koza,1992 Koza,1994 K. E. Kinneat Jr, 1994.
However, a relatively smallnumberof applicationsof GPin
the domain of image processingand computervision have
beenreportedin the literature [Tackett,1993 Koza,1994
Andre, 1994  TellerandVeloso,1995 Breunig,1995
Riolo andLine, 1995, mostof which areconcernedvith the
problemof recognizing/classifyinghe structurerepresented
in animage.

In this paper morethanwith the high-level taskof recog-
nizing or classifyingthe structure(spresenin theimage,the
focusis on lower-level image-analysiproblemssuchasim-
ageenhancemenftgaturedetectionandimagesegmentation.
Our approacho solve theseproblemsis basedn theideaof
usingGPto discovereffective problem-specifiilterscapable
of highly andselectvely emphasizingomecharacteristicef
theimage. On the groundof this behaior, thesefilters, cou-
pledwith simplethresholdingvrapperscanbe usedto detect

featuresof interestin the image(e.g. edgesor texture) or to
build pixel-classification-basesigmentatioralgorithms.

In the next sectionan approacho low-level imageanaly-
sis basedon properlydesignedilters is described.Then,in
Section3, the characteristicshatterminalsets,function sets
andfitnessfunctionsshouldpossesn orderto enableGP to
discover suchfilters arediscussedandonepossiblesolution
is proposed. Section4 reportson somepreliminary experi-
mentsin which GPis appliedto the segmentatiorof thebrain
in magneticresonanceémagesand comparedwith artificial
neuralnets.We draw somefinal commentsn Section5.

2 Low-level Image Analysis as Filter -
ing

Our approactto usingGP for imageanalysiss basedon the
ideathat mostof the low level imageanalysistasks,namely
imageenhancemenfeaturedetectionandimage segmenta-
tion, can be re-framedasimagefiltering problemsand that
GP canbe usedto discover optimalfilters which solve such
problems.

2.1 Image Enhancement

In the caseof image enhancemerthe objective canbeto im-

provetheactualquality of animage for exampleby removing

the noisepresentn it or by reducingthe blurring dueto the
opticsof thecameraAlternatively theobjectve canbeto em-
phasizesomestructuref interestin theimage,for example
to helpthevisualperceptiorof suchstructuresin bothcases,
imageenhancemeris normallyperformedwith somekind of

filter, which appliedto the imagetransformsit into another
imagewith thedesiredcharacteristics.

2.2 Feature Detection

In feature detectiorthe objective is usuallyto locatethe posi-
tion (andpossiblytheshape)pf givenkindsof (usuallysmall)
structuregresentn theimage. Examplesof suchstructures
can be edges,ridges/lines,bars, corners,textural elements
of variouskinds, but also ary other problem-specifigtem.
In most casesfeaturedetectioninvolves two steps: a pre-
filtering of the imagewhich enhanceghe featuresof inter-
est, followed by a decisionphasein which thresholdingor



maxima-detectionechniquesare usedto locatethe features
of interestin theenhancedmage.

2.3 Image Segmentation

In generaljmage sgmentationconsistsof labelling the pix-
elsin the imagewith a small numberof labelsso that pix-
els belongingto regions with (more or less) homogeneous
gray level have the samelabel and pixels belongingto re-
gionswith significantlydifferentgray level have differentla-
bels[BallardandBrown, 1983. Many techniquesare avail-
ablein theliteratureto solve this problem.A numberof them
considerthe problemof sggmentinganimageasa pixel clas-
sificationproblemwhereeachpixelis assignedo aclasscon-
sideringlocal informationonly (usuallythegraylevelsof the
pixelsin a neighborhooaf the pixel beingclassified,or in-
formationderivedfrom them).

Whenthenumberof classe$n knownin advanceandhand-
segmentedimagesare available neural networks and other
statisticalclassificatiortechniguesanusedfor this purpose.
In the caseof neuralnetworks,theapproachs eitherto usea
netwith several outputs(onefor eachclass)andassigneach
pixel to the classwhoseoutput neuronis maximally active,
or to useas mary differentnetswith a single outputasthe
numberof classeandselectthe classwhosenetprovidesthe
maximumoutput. In bothcaseghereareasmary input neu-
ronsasthepixelsin the neighborhoodndthenetis usedasa
kind of non-linearfilter (possiblywith multiple outputs).

Quite oftenin practicalapplicationsthe objective of seg-
mentationis more specificand more difficult to achieve: it
is to label the pixels belongingto one or more structures
of interestas foreground and all the rest as background,
evenif thereareconspicuousgntra-classnhomogeneitieand
inter-classsimilarities. In thesecaseseymentation-as-pi-
classificationwhenat all possible requiresthe exploitation
of both statisticalinformation aboutthe gray levels of the
structure®f interestand(possiblymoreimportantly)of other
large scaleregularitiessuchasthetypical shapeof the struc-
turesof interest. Theseregularitiescanonly be capturedby
giving thefilter theinformationcontainedn large neighbor
hoodsof pixels.

3 GPfor Image Analysis

It should be notedthat amongthe problemsmentionedin
theprevioussectionimageseggmentatioris the mostdifficult
one,andthatstandardiltering techniquegin particuladinear
FIR andIIR filters) usually provide insufficient discrimina-
tive powerfor areliableclassification Only methodsapable
of consideringall the availablesourcef informationandof
combiningthemin a strongly non-linearway, like artificial
neuralnetworks and somead-hoccombinationsof morpho-
logic filters, seemto be ableto give (relatively) goodresults.
However, bothneuralnetworksandmorphologicoperators
offer only very peculiarkinds of non-linearitieslIf their rela-

tively goodperformancelerivesfrom the useof large neigh-
borhoodsandthe presenceof non-linearities,it is arguable
thatamuchlargerspaceof methodsxistswith suchfeatures.
Suchaspacecanonly beexploredwith anunbiasednachine-
learningtechnique,suchgeneticprogramming,which does
not imposethe useof a specificform of non-linearity or a
fixedshapédor neighborhoods.

Although GP canbe usedto discover efficient optimalfil-
tersfor imageanalysis,in orderto make the searchfeasible
andeffective,terminalsets functionsetsandfitnessfunctions
have to meetcertainrequirements.

3.1 Terminal set

A firstideato useGPfor imagefiltering, andsuccessiely for
pixel-classificationis to usea NN-lik e strateyy, i.e. to useas
mary variablesasthe numberof pixelsin a neighborhooaf
fixed size,andthento apply thefilter (i.e. runthe program)
to eachpixel in the image (while appropriatelyshifting the
neighborhoodteachrun). Thevariablesvould representhe
gray level of the pixels in the neighborhoodbf the current
pixel. Theoutputof theprogram(i.e. of therootnode)would
betakento bethe outputof thefilter.

However, this approackpresentsomeproblems.Therea-
sonis that even neighborhood®f modestsizecanleadto a
verylargeterminalsetincludingtensto hundred®of variables.
This hasthe consequencthat, if large-scalestatisticalinfor-
mationis necessaryo determinethe correctoutputof thefil-
ter, GPwill haveto build verylarge(sub-)programi orderto
extractsuchinformation. This canhave avery seriousmpact
on the computationoad andmemoryrequirementsmposed
by GPandultimatelyon thefeasibility of theapproach.

Goodsetsof terminalsfor imageanalysisshouldmeetthe
following requirements

e They shouldinclude a limited numberof variablesto
maintainthe sizeof the searctspaceamenable.

¢ They shouldbe capableof capturingall the information
presentin the imageat differentscales(maybein con-
junctionwith the functionset).

e Duringarunof GR the procesf bindingthe variables
for eachevaluationof aprogramshouldnotrequirecom-
plex calculationsasfitnessfunctionsfor imageanalysis
(seebelaw) includethousandsf fitnesscasesTheideal
setwould requireonly memoryaccessesThis is possi-
ble,for exampleif all theoperationecessaryo evalu-
atetheterminalscanbeperformednceandfor all in the
initialization phaseof GPandtheresultscanbestoredin
separatarrays.

o If efficiengy of the programsdiscovered via GP is
sought,the computationload necessaryo evaluatethe
aforementionedrraysshouldbeaslight aspossible.

1 Actually, in someexperimentgnot reported)n which variouscombina-
tionsof functionsandterminalsweretried we hadsomedifficulties with the
afore-mentioneterminalset.



While thefirsttwo requirementsanbe metby mary different
setsof terminals,the third andfourth constrainconsiderably
thepossiblechoice.

An exampleof a simpleterminalsetwhich satisfieshese
requirementss shovn in Table 1, wherel(z,y) is the gray
level of the pixel at coordinateqz, y), and(z.,y.) arethe
coordinate®f thecurrentpixel(i.e. of thecenterof theneigh-
borhood). The terminalsarethe valuetaken by the convolu-
tion of theimagewith “box” operatorgi.e. constanimasks)
of differentsizes.

This setof terminalshasthefollowing features:

e Itincludesonly afew terminals.

¢ It capturedothfine scaleandbroaderscaleinformation.
Also, in conjunctionwith the shifting macrosdescribed
in the next sectionit providesfull information (seebe-
low).

e Themovingaverages 3x3,1 _7x7,1 -15x15 etc.can
be computedvery efficiently, in theinitialization phase,
with analgorithmrequiringonly 4 additionsand1 divi-
sion per pixel. Also, they canbe storedin appropriate
arrays sothattheir evaluationatruntimerequiresonly a
memoryaccess.

3.2 Function set

In additionto the usualclosureandsufficiency propertiesef-
ficiengy requirementsimilar to thoseof terminalsetsapply
to functionsetsfor imageanalysis.

While closureis easyto achieve, suficiency cannotbe en-
suredespeciallyin problemdor whichno exactsolution(i.e.
filter) is known. A necessargteptowardssuficiengy is to
usefunctionswhich canextractall theinformationcontained
in theimage,whenthis is not alreadymadeavailableby the
terminalset.

However, in orderto meetthe efficiency requirementsin
mostcasest is necessaryotto includefunctionswhich per
form realimageprocessingperationsThereasoris thatthe
computationperformedby suchfunctionswould dependon
the valuesof their aguments. Thosevaluesmay vary con-
siderablybetweerdifferentprogramsbetweerdifferentparts
of asingleprogramandmoreimportantlyfrom pixel to pixel.
As aresultit isimpossibleo pre-comput@andstorethevalues
to bereturnedby suchfunctions. Thus,the evaluationof the
fitnessof eachindividual mayrequirea computatiorloador-
dersof magnitudebiggerthanif image-processinfunctions
arenotused.

A functionsetthatmeetghis requirementss shavnin Ta-
ble 2, wherea, a; anda, aredummyarguments.lt is worth
notingthatthe macrosxXcpl, Xcmi, Ycpl andYcmil allow
the constructionof filters whosecompleity is well beyond
the one provided by theterminalset? In addition,the pres-
enceof M n, Max, Di v andMul allows the constructiorof

21t is well known in imageprocessingthatby combiningproperlyshifted
andscaledbox operatorsary filter (includingGaussiatiilters, derivatives of

Terminals
Name Definition
random | Randomconstangenerator
I I(zc,y.)
| _.3x3 %E;m:—l Z; -1 I(-Tc +dz;yc +dy)
| 7x7 e 3 I(we + do,ye + dy)
| 15x15 | gh= >0 _ 30— o I(@e + dayye + dy)
Moving average®n largerneighborhoods

Tablel: A terminalsetfor imageanalysis.

Functions
Name | Arity | Definition
Add 2 a) + as
Sub 2 a; — a2
Mul 2 a; X ag
Di v 5 {al/ag if |az| > 0.00001
aq otherwise
Max 2 max(as, az)
M n 2 min(as, az)
Macros
Name | Arity | Definition
Xcpl 1 Evaluatesys with z. = z. + 1
Xcml 1 Evaluatess withz, = z. — 1
Ycpl 1 Evaluates: with y. = y. + 1
Ycmil 1 Evaluates: with y. =y, — 1

Table2: A functionsetfor imageanalysis.

highly non-linearfilters (e.g. mathematical-morphology-li&
operators). Theseoperationsin conjunctionwith Add and
Sub allow the creationof any necessargonstantstoo.

3.3 Fitnessfunctions

If theobjectieis to developfilters for imageenhancementt,
is possibleto usea symbolic-rgression-lile fithessfunction
in which the outputof the programat eachlocationis com-
paredwith the desiredoutput. The sumof theabsolutesrrors
madeby the programfor all the pixels of all the imagesof
atraining setcanthenbe transformednto a fithessfunction
with theusualscalingor mappingechniquesTheavailability
of desired-outpuimagesandthe hugenumber(x 10% — 107)
of runsnecessaryo evaluatethefitnessof eachprogramham-
perthis approachWhile the secondproblemcanbe reduced
considerablpy samplingheimagef thetrainingsetat, say
102 — 10%, randompoints and runningthe programonly in
thoselocations thefirst problemremainsashandretouching

Gaussianl.aplacianfilters, etc.) canbe approximatedo the desireddegree
of accuray.



seemsinacceptabléor real-world images.Theonly solution
is to useother muchmoreexpensvefiltering techniquegsay
a Kalmanfilter) or to usedifferentimageacquisitiontech-
nologiesto provide the desiredoutput.

If the objective is to develop filters for featuredetection
or imageseggmentationthenusinga symbolic-rgression-lile
fitnessfunction that forcesthe outputof the programto ex-
actly matchthebinaryvaluesrepresentinghe structurego be
segmented/detectdd asetof trainingimagesseemsnappro-
priate. Therearetwo reasongor this.

Thefirst reasonis thatthe outputof the filter will have to
be passedo a decisionalgorithmswhich in mostcaseswill
simply apply a thresholdto it in orderto make a decisionas
to the classto which to assignthe pixel in (z.,y.). Soall
the computationakffort spentby GPto build programswith
binaryoutputsis unnecessarin thiscase ThesearchthatGP
hasto do canbe madeconsiderablyeasietby usingawrapper
for thefiltering programwhich simply setsthe outputto 1 if
thefilter's outputis positive, to 0 otherwise.

Thesecondeasorhasto dowith the sensitvity/specificity
dilemma[Poli andValli, 1994 thatary segmentationor de-
tectionalgorithmhasto face: with real-world imagesno al-
gorithmcandetect/sgmentthe pointsbelongingto the struc-
turesof interest(TruePositves, TPs)withoutwrongly detect-
ing alsosomepointswhich belongto uninterestingtructures
(FalsePositves,FPs)and missingsomepoints (FalseNega-
tives,FNs). Eachalgorithmwill have bothasensitivity(num-
berof TPsdividedby thenumberof pointsto bedetectedand
a specificity(numberof True Negatives, TNs, divided by the
numberof pointsnot to be detectedsmallerthan1. Chang-
ing the settingsfor the parametersf the algorithmcanonly
increasethe specificity and decreaséhe sensitvity or vice-
versa. The optimumsettingfor an algorithmis usually one
in which boththe sensitvity andthe specificityare“as big as
possible”.

Thefitnessfunctior? usedin symbolicregressioris essen-
tially thesumof thenumberof FPsandFNs: f = FP+ FN.
For afixedtrainingset,F'P andF'N determinghesensitvity
and specificity of eachprogram. However, optimizing their
sumdoesnot necessarilyneanto achieze an optimumsensi-
tivity/specificitytrade-of. Onthecontrary experimentswith
this fitnessfunction have shavn that,in mostcasesGPtend
to discover algorithmswhich are either very sensitve (and
poorly specific)or vice versa?

Unfortunately optimisingthe sensitvity/specificity trade-
off is quitedifficult as,dependingn the particulardetection
task, FPsand FNs can have a completelydifferentimpact
on the quality of the results. For example,in sometasksit
may be totally unacceptabléo have false detectiong(FPs),
while in othersit is muchbetterto have falsedetectionghan

3For thesale of simplicity in thefollowing we will usetheterm*“fitness”
to mean‘“cost”, i.e. aquantityto be minimised.A simplechangeof signcan
transformtheformerinto thelatter

4Thefitnessfunction f = F P2 + FN? tendsto behae slightly better
but still doesnot give acceptablaesultswhen the numberof pixels to be
detecteds muchsmallerthanthe pixelsin theimage.

Figurel: Two original MR imagesof thehead.

misses(FNs) (think for exampleof the detectionof micro-
calcificationgn breastradiograms).

In our experience the fitnessfunction that hasgiven the
bestresultsis:

f=FP+ FN exp (10 (%—a))

where P is the numberof pixels belongingto the structures
to bedetectedanda is a domaindependenparametewhich
representshe maximumpercentagef missesabove which
the numberof missesis consideredunacceptablétypically
a = 0.6 — 0.9). Basically if FN/P is sufiiciently smaller
thana, f ~ FP, i.e. GP triesto minimize the numberof
falsedetections.Instead,if FN/P is slightly biggerthata,
f ~ FNexp(10 (£ — a)), i.e. GP triesto minimizethe
numberof misses.

4 Experimental Results

This sectiondescribes small setof experimentsperformed
with thefunctionsandterminaldescribedn the previoussec-
tion. As one of our objectvesis to obtain filters that can
performoptimalsggmentatioranddetectionin comple real-
world gray scaleimageswe did not eventry to apply GPto

simplified problemsinvolving thefiltering of binaryimages,
syntheticimagesor small sizeimages. On the contrarywe

decidedo userealdatafrom the medicaldomainandto face
anextremelydifficult problem:the segmentatiorof the brain
in MagneticResonancéVR) imagedik etheonesin Figurel

(theimagesaremapsof theintensityof two differentphysical
propertief the samesectionof the headof a patient).

Pixel classificationstratgyiesbasedon neuralnetworks or
otherstatisticalapproachebave beenusedin thepastfor this
taskwith limited success.The difficulty residesin the fact
thatsomekinds of tissuein the brainpresenthe samephysi-
cal propertiesassometissuesn the skin. As a consequence,
brain sgmentationbasedon small neighborhoodss basi-
cally impossible[Coppinietal.,1993. However, this does
not meanthat usinglarge neighborhoodsthe task becomes
easy To shaw this andalsoto provide a referenceor com-
parisonwith GR, someexperimentausingneuralnetworksin



conjunctiorwith medium-andlarge-sizeneighborhoodbave
beenperformed.

Thearchitectureof the netsis shavn in Figure2. They are
fully connectedhetsincluding: a) two squared‘retinas” of
N x N inputneurongonefor eachinputimage)fed with the
gray levels of the pixelsin the neighborhoodb) ten hidden
neurons,c) one output neuronwhoseactiation determines
whetherthe pixel at the centerof the retinasbelongsto the
brainor not. The networks weretrainedwith the backprop-
agationalgorithmto segmentthe brainin the imagesin Fig-
urel.

Two differentsizesfor the retinashave beentried, 5 x 5
and15 x 15, correspondingo mediumandcoarsescale(for
256 x 256 pixel wideimages) Figures3(a)—(b)shav theout-
put producedby the nets. Despitethe very large numberof
degreesof freedomin the networks (more than 500 for the
smallernet, morethan4500for the larger one)andthe pres-
enceof a singleimage-pairin thetraining set the seggmenta-
tion of thetraining setitself shavn in Figures3(c)—(d)looks
very disappointingor bothnets? In particular it canbe ob-
sened that the small retinasof the first net provide insuffi-
cientinformationto avoid FPsin the skin region, while the
largeretinasof thesecondhetleadto FNsdueto theinability
to correctly classifythe brain edges. However, it shouldbe
notedthatthe poorquality of theseresultsis subjectve (i.e. it
is theresultof our demandingrisual system)asthe misclas-
sificationrateswererelatively small: 3.90%for the 5 x 5 net
and1.84%for the1l5 x 15 net. Thisis phenomenotis quite
commonin imageanalysiswheresmallvariationsn decimal
figurescanmake big changesn the perceved quality of the
results.For this reasorimagesegmentatioris in generakuch
adifficult problem.

Figure4 shavstheresultsobtainedn the sametaskby the
following programwith fitnessf = 16.6004 discoseredby
GPafterapproximately40,000fitnessevaluations®

(Sub (Max NRO_15x15 (Max (Max (Ml (Max (Max (Mil (Max
MRO_15x15 NMRO_15x15) MRO_15x15)  (Sub  MR1_15x15
MRO_15x15)) MRO_15x15)  MRO_3x3) MRO_15x15) (Mil (Add
(Mil (Max MRO (Max (Mil (Add (Ml (Div 0.55 (Max (Max

(Mil MRO  MRO_7x7) (Max (Max MRO_15x15 MRO_15x15) (Ml
(Ml (Mul MRO_15x15 NRO_15x15) NMRO_15x15) NRO_15x15)))
(Max (Mil (Add MRO_15x15 (Max (Max (Ml (Max (Mul -0.75
MRO_15x15) (Max (Mil (Add MRO_15x15 (Ml (Ml (Add (wul
MRL_15x15 MRO_7x7) (Mil (Mn MRO_15x15 MRO_15x15)
MRO_15x15)) MR1_15x15) MRO_15x15)) MRO_15x15) (Mul (Div
(Add (Ml (Mil (Add (Mil 0.55 MR1_3x3) (Mil (Mn
MRL_15x15 (Mul (Max (Mil -0.75 MRO_15x15) (Max (Mil (Sub
MRO_15x15 MRO_15x15) MRO_15x15) (Miul (Div (Add (Mil (Add
(Ml 0.55 NMR1_3x3) (Mul (Mn  MRL_15x15 MRO_15x15)
MRO_15x15)) MR1) MRO_15x15) 0.55) (Ml (Max (Max (Add
MR1_3x3 MRO_15x15) (Sub MRO_15x15 MRO_15x15)) MRO_15x15)
MRO_15x15)) MRO_15x15)) MR1) MR1)
(Max (Add MRL_3x3 MRO_15x15)
(Sub MRO_15x15 MRO_15x15))  MRO_15x15) MRO_15x15))))
3 MRO_15x15)  (Mul (Add (Mil 0.55 NRO_3x3)
MRO_15x15) MRO_15x15))) MRO_15x15) MRO_15x15))) MRO_7x7)
MRO_15x15) 0. 98) MRO_15x15) ) MRO_15x15) 0. 55)
MRO_15x15))) 0. 55)

MRO_15x15))))
MRO_15x15) 0.55) (Mul (Max

5Sgymentationwas obtainedby thresholdinghe outputof the nets. The
thresholdwere chosenso as to minimise the differencebetweenthe seg-
mentedmagesandthetrainingones.

8Theterminalswith prefixessMRO andVR1 representhemoving averages
of thefirstandsecondmagein Figurel, respectiely.

Figure2: Architectureof NN usedfor MR imagesegmenta-
tion (for clarity someneuronsandconnectiondiave notbeen
drawn).

@) (b)

/4
(©) (d)

Figure3: Seggmentationof the imagesin Figure 1 produced
by neuralnets:(a) outputof anetwith 5 x 5 inputretinas(b)
outputof a netwith 15 x 15 input retinas,(c) sggmentation
(via optimumthresholdingpf theimagein (a), (d) sgmenta-
tion (via optimumthresholding)pf theimagein (b).



(@)

(b)

Figure4: Seggmentationof the imagesin Figure1 produced
with GP:(a) outputof thefiltering program(b) segmentation
producedy the wrapperappliedto theimagein (a).

Although the understandabilityof this programis mini-
mum (comparablewith that of a neuralnet), the segmenta-
tion it producedooks considerablybetter GP performances
arealsoobjectively betterasthe misclassificatiomateis only
1.56%. To our knowledge this resultis very difficult to
achieve with othertechniquegeven on a singleimage)un-
lessanatomicaknowledgeis explicitly used.

5 Conclusions

In this paperwe have presentedn approacto imageanaly-
sisbasedon the ideaof usingGP to discover optimalimage
filters. Although GP couldbe appliedin a naive way to such
a problem,we have outlinedsomecriteriathatterminalsets,
function setsandfitnessfunctionsshouldsatisfyin orderto
malke the searchfeasibleandproduceefficientfilters. Onthe
groundof this criteriawe have proposedsomesimpletermi-
nals,functionsandfitnessfunctionsthatin somepreliminary
experimentawvith medicalimageshave enabledsPto outper
form neuralnets.

The researchon genetic programmingfor image analy-
sis is hamperedby the tremendousdemandof computa-
tional resourcesnvolved in fitnessevaluation. This makes
it very difficult if notimpossibleto producethe goodresult-
documentatiotypical of geneticprogramminditerature(e.g.
plots of the probability of reachinga certainfithessvalue
VS. generatiomumber the minimum computatioreffort re-
quired, generalisatiorcapabilitiesof the filters discovered,
etc.). However, the impressive performanceshovn by GP
comparedwith NNs in the experimentalresultsreportedin
thispaperseemdo suggesthatthereis ahugespaceof image
analysistools muchmorepowerful thanthe onesusedin im-
ageprocessingiowadayswaiting to be discovered/designed.
Whethergeneticprogrammingwill bethe ultimatetool to do
thatis certainlyanopenquestionto be addresseavith future
research.
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