
GeneticProgramming for ImageAnalysis

Riccardo Poli
Schoolof ComputerScience,TheUniversityof Birmingham

BirminghamB152TT, UK
R.Poli@cs.bham.ac.uk

ABSTRACT
This paper describesan approachto us-
ing GP for image analysisbasedon the
ideathat imageenhancement,featurede-
tection and image segmentationcan be
re-framed asfiltering problems. GP can
discover efficient optimal filters which
solvesuchproblemsbut in order to make
the search feasible and effective, termi-
nal sets, function setsand fitness func-
tions have to meet some requirements.
We describe theserequirementsand 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 regression,musicandpicturegenera-
tion, etc [Koza,1992, Koza,1994, K. E. Kinnear, Jr., 1994].
However, a relatively smallnumberof applicationsof GPin
the domainof imageprocessingand computervision have
beenreportedin the literature [Tackett,1993, Koza,1994,
Andre,1994, TellerandVeloso,1995, Breunig,1995,
Riolo andLine, 1995], mostof which areconcernedwith the
problemof recognizing/classifyingthe structurerepresented
in animage.

In this paper, morethanwith thehigh-level taskof recog-
nizingor classifyingthestructure(s)presentin theimage,the
focusis on lower-level image-analysisproblemssuchasim-
ageenhancement,featuredetectionandimagesegmentation.
Our approachto solve theseproblemsis basedon theideaof
usingGPtodiscovereffectiveproblem-specificfilterscapable
of highly andselectively emphasizingsomecharacteristicsof
the image.On thegroundof this behavior, thesefilters, cou-
pledwith simplethresholdingwrappers,canbeusedto detect

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

In the next sectionan approachto low-level imageanaly-
sis basedon properlydesignedfilters is described.Then,in
Section3, thecharacteristicsthat terminalsets,functionsets
andfitnessfunctionsshouldpossesin orderto enableGP to
discover suchfilters arediscussed,andonepossiblesolution
is proposed.Section4 reportson somepreliminaryexperi-
mentsin whichGPis appliedto thesegmentationof thebrain
in magneticresonanceimagesand comparedwith artificial
neuralnets.We draw somefinal commentsin Section5.

2 Low-level Image Analysis as Filter -
ing

Our approachto usingGPfor imageanalysisis basedon the
ideathatmostof the low level imageanalysistasks,namely
imageenhancement,featuredetectionandimagesegmenta-
tion, can be re-framedas imagefiltering problemsand that
GP canbe usedto discover optimal filters which solve such
problems.

2.1 ImageEnhancement
In thecaseof imageenhancementtheobjectivecanbeto im-
provetheactualqualityof animage,for exampleby removing
thenoisepresentin it or by reducingthe blurring dueto the
opticsof thecamera.Alternatively theobjectivecanbeto em-
phasizesomestructuresof interestin theimage,for example
to helpthevisualperceptionof suchstructures.In bothcases,
imageenhancementis normallyperformedwith somekind of
filter, which appliedto the imagetransformsit into another
imagewith thedesiredcharacteristics.

2.2 FeatureDetection
In featuredetectiontheobjectiveis usuallyto locatetheposi-
tion (andpossiblytheshape)of givenkindsof (usuallysmall)
structurespresentin the image.Examplesof suchstructures
can be edges,ridges/lines,bars,corners,textural elements
of variouskinds, but also any other problem-specificitem.
In most casesfeaturedetectioninvolves two steps: a pre-
filtering of the imagewhich enhancesthe featuresof inter-
est, followed by a decisionphasein which thresholdingor



maxima-detectiontechniquesareusedto locatethe features
of interestin theenhancedimage.

2.3 ImageSegmentation
In general,image segmentationconsistsof labellingthepix-
els in 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 significantlydifferentgraylevel have differentla-
bels[BallardandBrown, 1982]. Many techniquesareavail-
ablein theliteratureto solvethisproblem.A numberof them
considertheproblemof segmentinganimageasa pixel clas-
sificationproblemwhereeachpixel is assignedto aclasscon-
sideringlocal informationonly (usuallythegraylevelsof the
pixels in a neighborhoodof the pixel beingclassified,or in-
formationderivedfrom them).

Whenthenumberof classesin knownin advanceandhand-
segmentedimagesare available neuralnetworks and other
statisticalclassificationtechniquescanusedfor this purpose.
In thecaseof neuralnetworks,theapproachis eitherto usea
netwith severaloutputs(onefor eachclass)andassigneach
pixel to the classwhoseoutputneuronis maximally active,
or to useasmany differentnetswith a singleoutputas the
numberof classesandselecttheclasswhosenetprovidesthe
maximumoutput. In bothcasesthereareasmany input neu-
ronsasthepixelsin theneighborhoodandthenetis usedasa
kind of non-linearfilter (possiblywith multipleoutputs).

Quite often in practicalapplicationsthe objective of seg-
mentationis morespecificandmoredifficult to achieve: it
is to label the pixels belongingto one or more structures
of interest as foreground and all the rest as background,
evenif thereareconspicuousintra-classinhomogeneitiesand
inter-classsimilarities. In thesecasessegmentation-as-pixel-
classification,whenat all possible,requiresthe exploitation
of both statisticalinformation about the gray levels of the
structuresof interestand(possiblymoreimportantly)of other
largescaleregularitiessuchasthetypical shapeof thestruc-
turesof interest. Theseregularitiescanonly be capturedby
giving thefilter the informationcontainedin largeneighbor-
hoodsof pixels.

3 GP for ImageAnalysis

It shouldbe noted that amongthe problemsmentionedin
theprevioussection,imagesegmentationis themostdifficult
one,andthatstandardfiltering techniques(in particularlinear
FIR and IIR filters) usuallyprovide insufficient discrimina-
tivepower for a reliableclassification.Only methodscapable
of consideringall theavailablesourcesof informationandof
combiningthemin a stronglynon-linearway, like artificial
neuralnetworks andsomead-hoccombinationsof morpho-
logic filters,seemto beableto give(relatively) goodresults.

However, bothneuralnetworksandmorphologicoperators
offer only verypeculiarkindsof non-linearities.If their rela-

tively goodperformancederivesfrom theuseof largeneigh-
borhoodsand the presenceof non-linearities,it is arguable
thatamuchlargerspaceof methodsexistswith suchfeatures.
Suchaspacecanonly beexploredwith anunbiasedmachine-
learningtechnique,suchgeneticprogramming,which does
not imposethe useof a specificform of non-linearity, or a
fixedshapefor neighborhoods.

AlthoughGPcanbeusedto discover efficient optimalfil-
tersfor imageanalysis,in orderto make the searchfeasible
andeffective,terminalsets,functionsetsandfitnessfunctions
have to meetcertainrequirements.

3.1 Terminal set
A first ideato useGPfor imagefiltering,andsuccessively for
pixel-classification,is to usea NN-likestrategy, i.e. to useas
many variablesasthenumberof pixelsin a neighborhoodof
fixedsize,andthento apply thefilter (i.e. run theprogram)
to eachpixel in the image(while appropriatelyshifting the
neighborhoodateachrun). Thevariableswouldrepresentthe
gray level of the pixels in the neighborhoodof the current
pixel. Theoutputof theprogram(i.e. of therootnode)would
betakento betheoutputof thefilter.

However, this approachpresentssomeproblems.Therea-
sonis that evenneighborhoodsof modestsizecanleadto a
verylargeterminalsetincludingtenstohundredsof variables.
This hastheconsequencethat, if large-scalestatisticalinfor-
mationis necessaryto determinethecorrectoutputof thefil-
ter, GPwill havetobuild verylarge(sub-)programsin orderto
extractsuchinformation.Thiscanhaveaveryseriousimpact
on thecomputationloadandmemoryrequirementsimposed
by GPandultimatelyon thefeasibilityof theapproach.

�
Goodsetsof terminalsfor imageanalysisshouldmeetthe

following requirements:� They should include a limited numberof variablesto
maintainthesizeof thesearchspaceamenable.� They shouldbecapableof capturingall the information
presentin the imageat differentscales(maybein con-
junctionwith thefunctionset).� During a run of GP, theprocessof bindingthevariables
for eachevaluationof aprogramshouldnotrequirecom-
plex calculationsasfitnessfunctionsfor imageanalysis
(seebelow) includethousandsof fitnesscases.Theideal
setwould requireonly memoryaccesses.This is possi-
ble,for example,if all theoperationsnecessaryto evalu-
atetheterminalscanbeperformedonceandfor all in the
initializationphaseof GPandtheresultscanbestoredin
separatearrays.� If efficiency of the programsdiscovered via GP is
sought,the computationload necessaryto evaluatethe
aforementionedarraysshouldbeaslight aspossible.�

Actually, in someexperiments(not reported)in whichvariouscombina-
tionsof functionsandterminalsweretried we hadsomedifficultieswith the
afore-mentionedterminalset.



While thefirst two requirementscanbemetby many different
setsof terminals,the third andfourth constrainconsiderably
thepossiblechoice.

An exampleof a simpleterminalsetwhich satisfiesthese
requirementsis shown in Table1, where
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are the
coordinatesof thecurrentpixel (i.e. of thecenterof theneigh-
borhood).The terminalsarethevaluetakenby theconvolu-
tion of the imagewith “box” operators(i.e. constantmasks)
of differentsizes.

Thissetof terminalshasthefollowing features:� It includesonly a few terminals.� It capturesbothfinescaleandbroaderscaleinformation.
Also, in conjunctionwith theshifting macrosdescribed
in the next sectionit providesfull information(seebe-
low).� Themoving averagesI 3x3, I 7x7, I 15x15 etc.can
becomputedvery efficiently, in the initialization phase,
with analgorithmrequiringonly 4 additionsand1 divi-
sion per pixel. Also, they canbe storedin appropriate
arrays,sothattheirevaluationat runtimerequiresonly a
memoryaccess.

3.2 Function set
In additionto theusualclosureandsufficiency properties,ef-
ficiency requirementssimilar to thoseof terminalsetsapply
to functionsetsfor imageanalysis.

While closureis easyto achieve,sufficiency cannotbeen-
sured,especiallyin problemsfor whichnoexactsolution(i.e.
filter) is known. A necessarysteptowardssufficiency is to
usefunctionswhichcanextractall theinformationcontained
in the image,whenthis is not alreadymadeavailableby the
terminalset.

However, in orderto meetthe efficiency requirements,in
mostcasesit is necessarynot to includefunctionswhichper-
form realimageprocessingoperations.Thereasonis thatthe
computationperformedby suchfunctionswould dependon
the valuesof their arguments.Thosevaluesmay vary con-
siderablybetweendifferentprograms,betweendifferentparts
of asingleprogramandmoreimportantlyfrom pixel to pixel.
Asaresultit is impossibletopre-computeandstorethevalues
to bereturnedby suchfunctions.Thus,theevaluationof the
fitnessof eachindividualmayrequirea computationloador-
dersof magnitudebiggerthanif image-processingfunctions
arenotused.

A functionsetthatmeetsthis requirementsis shown in Ta-
ble 2, where � , � � and ��� aredummyarguments.It is worth
notingthat themacrosXcp1, Xcm1, Ycp1 andYcm1 allow
the constructionof filters whosecomplexity is well beyond
theoneprovidedby the terminalset.� In addition,thepres-
enceof Min, Max, Div andMul allows theconstructionof�

It is well known in imageprocessing,thatby combiningproperlyshifted
andscaledboxoperators,any filter (includingGaussianfilters,derivativesof

Terminals
Name Definition
random Randomconstantgenerator
I

����������
����
I 3x3

���� ������ � � � ��"!�� � � �����#�%$'&)(
��
)�	$'&�*+�
I 7x7

�, ���.-����� � - �/-�"!0�1� - ������� $'&�(2��
��%$3&)*4�
I 15x15

�����5 �/6�����1� 6 �.6�"!0� � 6 �7�8��� $3&)(
��
���$'&�*��
... Moving averageson largerneighborhoods

Table1: A terminalsetfor imageanalysis.

Functions
Name Arity Definition
Add 2 � � $ � �
Sub 2 � �:9 � �
Mul 2 � �<; � �
Div 2

= � �?> � � if @ � � @�ACB
D B4B�B4B2E� � otherwise
Max 2 FHG+I � � � � �)� �
Min 2 FKJML � � � � ��� �

Macros
Name Arity Definition
Xcp1 1 Evaluates� with

� ��N � � $ E
Xcm1 1 Evaluates� with

�#� N ��� 9 E
Ycp1 1 Evaluates� with


)� N 
)�	$ E
Ycm1 1 Evaluates� with


)� N 
)� 9 E
Table2: A functionsetfor imageanalysis.

highly non-linearfilters (e.g. mathematical-morphology-like
operators). Theseoperationsin conjunctionwith Add and
Sub allow thecreationof any necessaryconstants,too.

3.3 Fitnessfunctions
If theobjectiveis to developfilters for imageenhancement,it
is possibleto usea symbolic-regression-like fitnessfunction
in which the outputof the programat eachlocationis com-
paredwith thedesiredoutput.Thesumof theabsoluteerrors
madeby the programfor all the pixels of all the imagesof
a trainingsetcanthenbe transformedinto a fitnessfunction
with theusualscalingor mappingtechniques.Theavailability
of desired-outputimagesandthehugenumber( OPE�B4Q 9 ERB 6 )
of runsnecessaryto evaluatethefitnessof eachprogramham-
perthis approach.While thesecondproblemcanbereduced
considerablyby samplingtheimagesof thetrainingsetat,sayERB - 9 ERB , , randompointsandrunningthe programonly in
thoselocations,thefirst problemremainsashandretouching

Gaussian,Laplacianfilters, etc.) canbeapproximatedto thedesireddegree
of accuracy.



seemsunacceptablefor real-world images.Theonly solution
is to useother, muchmoreexpensivefiltering techniques(say
a Kalmanfilter) or to usedifferent imageacquisitiontech-
nologiesto providethedesiredoutput.

If the objective is to develop filters for featuredetection
or imagesegmentation,thenusingasymbolic-regression-like
fitnessfunction that forcesthe outputof the programto ex-
actlymatchthebinaryvaluesrepresentingthestructuresto be
segmented/detectedin asetof trainingimagesseemsinappro-
priate.Therearetwo reasonsfor this.

Thefirst reasonis that theoutputof thefilter will have to
be passedto a decisionalgorithmswhich in mostcaseswill
simply applya thresholdto it in orderto make a decisionas
to the classto which to assignthe pixel in

�8���R��
��"�
. So all

thecomputationaleffort spentby GPto build programswith
binaryoutputsis unnecessaryin thiscase.ThesearchthatGP
hasto docanbemadeconsiderablyeasierby usingawrapper
for thefiltering program,which simply setstheoutputto 1 if
thefilter’soutputis positive,to 0 otherwise.

Thesecondreasonhasto dowith thesensitivity/specificity
dilemma[Poli andValli, 1996] that any segmentationor de-
tectionalgorithmhasto face: with real-world imagesno al-
gorithmcandetect/segmentthepointsbelongingto thestruc-
turesof interest(TruePositives,TPs)withoutwronglydetect-
ing alsosomepointswhichbelongto uninterestingstructures
(FalsePositives,FPs)andmissingsomepoints(FalseNega-
tives,FNs).Eachalgorithmwill havebothasensitivity(num-
berof TPsdividedby thenumberof pointstobedetected)and
a specificity(numberof TrueNegatives,TNs, dividedby the
numberof pointsnot to bedetected)smallerthan1. Chang-
ing thesettingsfor theparametersof thealgorithmcanonly
increasethe specificityanddecreasethe sensitivity or vice-
versa. The optimumsettingfor an algorithmis usuallyone
in whichboththesensitivity andthespecificityare“asbig as
possible”.

Thefitnessfunction- usedin symbolicregressionis essen-
tially thesumof thenumberof FPsandFNs: S N.TVU $ TVW

.
For afixedtrainingset,

TVU
and

TVW
determinethesensitivity

andspecificityof eachprogram. However, optimizing their
sumdoesnot necessarilymeanto achieveanoptimumsensi-
tivity/specificitytrade-off. On thecontrary, experimentswith
this fitnessfunctionhave shown that, in mostcases,GPtend
to discover algorithmswhich are either very sensitive (and
poorlyspecific)or viceversa.

,
Unfortunately, optimisingthe sensitivity/specificity trade-

off is quitedifficult as,dependingon theparticulardetection
task, FPsand FNs can have a completelydifferent impact
on the quality of the results. For example,in sometasksit
may be totally unacceptableto have falsedetections(FPs),
while in othersit is muchbetterto have falsedetectionsthanX

For thesake of simplicity in thefollowing wewill usetheterm“fitness”
to mean“cost”, i.e. aquantityto beminimised.A simplechangeof signcan
transformtheformerinto thelatter.Y

Thefitnessfunction Z\[^]1_ �	` ]ba � tendsto behave slightly better
but still doesnot give acceptableresultswhen the numberof pixels to be
detectedis muchsmallerthanthepixelsin theimage.

Figure1: Two originalMR imagesof thehead.

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

In our experience,the fitnessfunction that hasgiven the
bestresultsis:

S N/TVU $ TVWdc IfehgiE�BCg TVWU 9kj	lml
where

U
is the numberof pixelsbelongingto the structures

to bedetectedand j is a domaindependentparameterwhich
representsthe maximumpercentageof missesabove which
the numberof missesis consideredunacceptable(typicallyj N B
D n 9 B2D o ). Basically, if

TVW > U is sufficiently smaller
than j , SpO TVU

, i.e. GP tries to minimize the numberof
falsedetections.Instead,if

TVW > U is slightly biggerthat j ,S.O TVWqc Ife � E�B �?rtsu 9vj ��� , i.e. GP tries to minimize the
numberof misses.

4 Experimental Results

This sectiondescribesa small setof experimentsperformed
with thefunctionsandterminaldescribedin theprevioussec-
tion. As one of our objectives is to obtain filters that can
performoptimalsegmentationanddetectionin complex real-
world grayscaleimages,we did not eventry to applyGPto
simplifiedproblemsinvolving thefiltering of binary images,
syntheticimagesor small size images. On the contrarywe
decidedto userealdatafrom themedicaldomainandto face
anextremelydifficult problem:thesegmentationof thebrain
in MagneticResonance(MR) imagesliketheonesin Figure1
(theimagesaremapsof theintensityof two differentphysical
propertiesof thesamesectionof theheadof apatient).

Pixel classificationstrategiesbasedon neuralnetworksor
otherstatisticalapproacheshavebeenusedin thepastfor this
taskwith limited success.The difficulty residesin the fact
thatsomekindsof tissuein thebrainpresentthesamephysi-
cal propertiesassometissuesin theskin. As a consequence,
brain segmentationbasedon small neighborhoodsis basi-
cally impossible[Coppinietal., 1992]. However, this does
not meanthat using large neighborhoods,the taskbecomes
easy. To show this andalsoto provide a referencefor com-
parisonwith GP, someexperimentsusingneuralnetworksin



conjunctionwith medium-andlarge-sizeneighborhoodshave
beenperformed.

Thearchitectureof thenetsis shown in Figure2. They are
fully connectednetsincluding: a) two squared“retinas” ofW ; W inputneurons(onefor eachinput image)fedwith the
gray levels of the pixels in the neighborhood,b) ten hidden
neurons,c) one output neuronwhoseactivation determines
whetherthe pixel at the centerof the retinasbelongsto the
brain or not. The networksweretrainedwith the backprop-
agationalgorithmto segmentthebrain in the imagesin Fig-
ure1.

Two differentsizesfor the retinashave beentried, w ; w
and E�w ; E�w , correspondingto mediumandcoarsescale(forx w+n ; x w4n pixel wideimages).Figures3(a)–(b)show theout-
put producedby the nets. Despitethe very largenumberof
degreesof freedomin the networks (more than500 for the
smallernet,morethan4500for the largerone)andthepres-
enceof a singleimage-pair in thetraining set, thesegmenta-
tion of thetrainingsetitself shown in Figures3(c)–(d)looks
very disappointingfor bothnets.5 In particular, it canbeob-
served that the small retinasof the first net provide insuffi-
cient informationto avoid FPsin the skin region, while the
largeretinasof thesecondnetleadto FNsdueto theinability
to correctlyclassifythe brain edges.However, it shouldbe
notedthatthepoorqualityof theseresultsis subjective(i.e. it
is theresultof our demandingvisualsystem)asthemisclas-
sificationrateswererelatively small: 3.90%for the w ; w net
and1.84%for the E�w ; E�w net. This is phenomenonis quite
commonin imageanalysis,wheresmallvariationsin decimal
figurescanmake big changesin theperceivedquality of the
results.For this reasonimagesegmentationis in generalsuch
a difficult problem.

Figure4 showstheresultsobtainedin thesametaskby the
following programwith fitness S N ERn2D n�B4B4y discoveredby
GPafterapproximately40,000fitnessevaluations:Q
(Sub (Max MR0_15x15 (Max (Max (Mul (Max (Max (Mul (Max
MR0_15x15 MR0_15x15) MR0_15x15) (Sub MR1_15x15
MR0_15x15)) MR0_15x15) MR0_3x3) MR0_15x15) (Mul (Add
(Mul (Max MR0 (Max (Mul (Add (Mul (Div 0.55 (Max (Max
(Mul MR0 MR0_7x7) (Max (Max MR0_15x15 MR0_15x15) (Mul
(Mul (Mul MR0_15x15 MR0_15x15) MR0_15x15) MR0_15x15)))
(Max (Mul (Add MR0_15x15 (Max (Max (Mul (Max (Mul -0.75
MR0_15x15) (Max (Mul (Add MR0_15x15 (Mul (Mul (Add (Mul
MR1_15x15 MR0_7x7) (Mul (Min MR0_15x15 MR0_15x15)
MR0_15x15)) MR1_15x15) MR0_15x15)) MR0_15x15) (Mul (Div
(Add (Mul (Mul (Add (Mul 0.55 MR1_3x3) (Mul (Min
MR1_15x15 (Mul (Max (Mul -0.75 MR0_15x15) (Max (Mul (Sub
MR0_15x15 MR0_15x15) MR0_15x15) (Mul (Div (Add (Mul (Add
(Mul 0.55 MR1_3x3) (Mul (Min MR1_15x15 MR0_15x15)
MR0_15x15)) MR1) MR0_15x15) 0.55) (Mul (Max (Max (Add
MR1_3x3 MR0_15x15) (Sub MR0_15x15 MR0_15x15)) MR0_15x15)
MR0_15x15)))) MR0_15x15)) MR0_15x15)) MR1) MR1)
MR0_15x15) 0.55) (Mul (Max (Max (Add MR1_3x3 MR0_15x15)
(Sub MR0_15x15 MR0_15x15)) MR0_15x15) MR0_15x15))))
MR0_15x15) MR0_15x15) (Mul (Add (Mul 0.55 MR0_3x3)
MR0_15x15) MR0_15x15))) MR0_15x15) MR0_15x15))) MR0_7x7)
MR0_15x15) 0.98) MR0_15x15)) MR0_15x15) 0.55)
MR0_15x15))) 0.55)z

Segmentationwasobtainedby thresholdingtheoutputof thenets.The
thresholdwere chosenso as to minimise the differencebetweenthe seg-
mentedimagesandthetrainingones.{

Theterminalswith prefixesMR0 andMR1 representthemoving averages
of thefirst andsecondimagein Figure1, respectively.

Figure2: Architectureof NN usedfor MR imagesegmenta-
tion (for clarity someneuronsandconnectionshavenot been
drawn).

(a) (b)

(c) (d)

Figure3: Segmentationof the imagesin Figure1 produced
by neuralnets:(a)outputof anetwith w ; w input retinas,(b)
outputof a net with E|w ; E�w input retinas,(c) segmentation
(via optimumthresholding)of theimagein (a),(d) segmenta-
tion (via optimumthresholding)of theimagein (b).



(a) (b)

Figure4: Segmentationof the imagesin Figure1 produced
with GP:(a)outputof thefiltering program,(b) segmentation
producedby thewrapperappliedto theimagein (a).

Although the understandabilityof this programis mini-
mum (comparablewith that of a neuralnet), the segmenta-
tion it produceslooksconsiderablybetter. GP performances
arealsoobjectively betterasthemisclassificationrateis only
1.56%. To our knowledge this result is very difficult to
achieve with other techniques(even on a single image)un-
lessanatomicalknowledgeis explicitly used.

5 Conclusions

In this paperwe have presentedanapproachto imageanaly-
sisbasedon the ideaof usingGPto discover optimal image
filters. AlthoughGPcouldbeappliedin a naive way to such
a problem,we have outlinedsomecriteria that terminalsets,
function setsandfitnessfunctionsshouldsatisfyin orderto
make thesearchfeasibleandproduceefficient filters. On the
groundof this criteriawe have proposedsomesimpletermi-
nals,functionsandfitnessfunctionsthatin somepreliminary
experimentswith medicalimageshaveenabledGPto outper-
form neuralnets.

The researchon geneticprogrammingfor image analy-
sis is hamperedby the tremendousdemandof computa-
tional resourcesinvolved in fitnessevaluation. This makes
it very difficult if not impossibleto producethegoodresult-
documentationtypicalof geneticprogrammingliterature(e.g.
plots of the probability of reachinga certain fitnessvalue
vs. generationnumber, the minimumcomputationeffort re-
quired, generalisationcapabilitiesof the filters discovered,
etc.). However, the impressive performanceshown by GP
comparedwith NNs in the experimentalresultsreportedin
thispaperseemsto suggestthatthereis ahugespaceof image
analysistoolsmuchmorepowerful thantheonesusedin im-
ageprocessingnowadayswaiting to bediscovered/designed.
Whethergeneticprogrammingwill betheultimatetool to do
that is certainlyanopenquestionto beaddressedwith future
research.
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