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Abstract- We describe an evolutionary vision systemca-
pable of autonomouslyscanningthr ough an image while
zoomingin and out and changingfiltering strategyin or-
der to perform shapediscrimination. The systemcon-
sistsof a small artificial retina controlled by an evolution-
ary recurrent neural network without hidden units. We
shaw that sucha simple active-visionsystemcan success
fully recognizediffer ent shapesndependentlyof their po-
sition and sizeby dynamically exploring relevant parts of
the image. We also show that a standard feed-forward
neural network trained with the back-propagation algo-
rithm cannotperform the task, not evenwith hidden units
addedto the architecture. Givenits compactnesscompu-
tational requirements, and versatility, this evolutionary
active vision systemis a suitable solution for small-size
and embeddedvision systemswith stringent energeticand
computational requirements, such as micro-robotic sys-
tems. In addition, this approachprovidesaframework for
studying emergentactive-visionbehaviors in autonomous
systems.

Keywords: Active vision, evolution andneuralnetworks,
imagediscrimination.

1 Intr oduction

The corventional approachto artificial vision consistsof
passingan image througha sequentialseriesof filters (an
operationtechnicallyknown ascorvolution) in orderto pro-
gressvely compressheoriginal dataandextracthigherorder
featureq18, 24]. This approactis basedonthemoreor less
explicit assumptiorthat the goal of vision is to createrep-
resentationshatcanbe manipulatedmemorizedandadded
to symboliclibraries. Similar mechanism&ndassumptions
are also found in modelsof biological vision wherefilters
arerepresentedby serially stacled layersof neuronswhose
functionalitiesare given by the patternsof local connectv-
ity [16, 17, 21]. The main differencebetweenartificial and
bio-inspiredsystemss that the latter are often parallel, dis-
tributed,andcapableof self-tuningthefilter propertieso the
image statistics. In both casesthe vision systemsrequire
powerful computatiorandlarge memoryresources.

The needfor representations vision hasbeenrecently
criticized[5] becausét impliesthe presencef anhomuncu-
lus (“a little manin the head”)who understandthelanguage
usedfor representationandcanrelatethoserepresentations
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to thingsin the image. Rootedin the ecologicalapproactto
vision championecy J.J.Gibson[10], thesecritics empha-
sizeevidencethatbiologicalandmachinevisioncangoalong
way by relying only on simpleand specializedmechanisms
thatexploit dynamicalinteractionsbetweenan organismand
its ervironment[13, 23, 7].

Along similar lines, an increasingnumberof researchers
emphasizethe importanceof active vision, a processby
which an organismexecutesmotor actionsin orderto select
sensonjinformationthatmakesa discriminationeasief1, 2].

The evolutionary system describedin this paper falls
within the representation-freand active-vision philosophy
describedabove. It is an extremely compactsystem(with-
out mechanismghat could supportinternal representations)
that can perform complex visual discriminationby actiely
scanningan imagewhile zoomingin andout and changing
filtering stratgy. The large banksof parallelfilters usedin
cornventionalvision systemsare substitutechereby a single
smallretina-like filter thatis free to roamthroughtheimage
anddynamicallychangeits propertiesto carry out an other
wise corventionaldiscriminationtask. Theway in whichthis
small retinamovesaroundthe imageandchangests resolu-
tion andfiltering strateyy is not predefinedbut emegesout of
anevolutionaryprocesghatselectdndividualsonly for their
ability to correctlymake visualdiscriminations.

1.1 Relatedwork

The literatureon parsimoniousyepresentation-freeand ac-
tive vision systemss still relatively smallandis to befound
mainly in the domain of behaior-basedand bio-inspired
robotics(seefor example theproceedingsf theconferences
Simulationof AdaptiveBehavior From Animalsto Animats
publishedby MIT Press).

Pioneeringwork on evolution of an active vision system
on a mobile robot hasbeenperformedby the Suss& group
[12]. Theauthorshave incrementallyevolvedvisually guided
behaiors and sensorymorphologiesfor a mobile robot ex-
pectedto navigatetowardsa rectanglewhile avoiding a tri-
angle. They startedwith a simpleversionof the taskthatse-
lectedcontrollersfor their ability to navigatetowardsa wall
coveredby colorpaper Subsequenththey narrovedthearea
of the color paperon the wall and resumedevolution from
the last evolved generation. Finally, the rectangularshape
wasdisplacedanda triangularshapewaspositionednearby
The fithessfunction was modified to encourageavoidance
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Figurel: A snapshobf the active vision systemover anim-
agecontainingatriangle. Theretinais composeaf 9 cells.

of the rectangleandmovementtowardsthe triangle,andthe
previously evolved populationwasincrementallyevolvedin

the new ervironment. The sensorymorphologyof the fi-

nal evolvedindividual consistedf only two smallreceptive
fields positionedalong a diagonalline so that the combina-
tion of robot movementsandimageprojectionover the two

receptve fields would causenavigation towardsthe correct
shape.

Beerand colleagueqd3, 23] evolved and analyzedsmall
continuousrecurrentneuralnetwork controlling a simulated
agentequippedvith simplevision systemsvherethedynam-
ics of theinteractionsetweertheagents actionsandandthe
visualsignalsallow theemegenceof acomple setof vision-
basedabilities, suchas discriminationbetweenthe self and
otherbodies,passinghroughopeningssuitablefor the body
size,andrememberingbjectlocations.

Nolfi and Marocco[20] evolved a neuralnetwork for a
mobile robot equippedwith a linear vision systemcapable
of visually discriminatingbetweenambiguoudandmarksby
exploiting the dynamicinteractionshetweermovementsand
photoreceptoactivations.

Theevolutionaryactive vision systenmdescribedn thispa-
per differs from thosedescribedabove in thata) it doesnot
attemptto evolve a visual morphology but it assumes ge-
ometricretina-like array of photoreceptorsb) it allows the
neural mechanismdo changenot only the position of the
retinain the visualfield (similar to the movementof a robot
in threedimensions)but alsotheresolutionof theretinalpro-
jection(similarto azoomingeffect) andthecharacteristicef
the receptve fields; c) it canbe usedboth for corventional
imagediscriminationtasksandfor vision-baseobotnaviga-
tion; d) it is basedn asimplebehaioral fitnessfunctionthat
selectsindividuals for their ability to correctly recognizea
shape.We will comebackto the rationaleandimplications
of thesechoicesn thediscussiorsection.

The experimentgdescribedn this paperarebasedn dis-
crimination of shapesn staticimages. In orderto compare
the behavioral stratgiesof our active vision systemwith the
abore mentionedvision-basedrobot controller evolved by
Harwey etal., we testour systemon imagescontainingtrian-
glesandsquaresln addition ,theshapeganappeaarywhere
in theimageandvaryin size.
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Figure2: Neuralarchitectureof the active vision system.Six
outputunits receve signalsfrom the retinacellsandfrom a
unit signalling whetherthe retinais againsta border The
outputunits have recurrentconnectionshererepresenteés
memoryunits that hold the activation of the outputunits at
theprevioustime step[8].

2 Systemarchitecture

Theactive vision systemconsistof a smallretinacomposed
of a matrix of cells. In the experimentsdescribechere,the
retinahasafixedsizeof 3 by 3 cells. Eachcell hasareceptve
field mappingthe valuesof underlyingpixels in the image
into a singlevalue. Eachpixel cantake a value between0
and255indicatinga grey level. Theretinacanmove across
theimage,zoomin andout, andchangethe propertyof the
receptve fields (filtering strateyy). Figurelshavs the active
vision systemover animagecontaininga blacktriangle.

Theoutputsof theretinalcellsarefedinto arecurrenneu-
ral network without hiddenunits (figure2). An additionalin-
put neuronbecomesactive whenever the retinahits a border
of the image (this neuronwould not be necessaryn a mo-
bile robotimmersedn anenvironmentandfreeto rotate). If
theretinaattemptsto move overthe border this movements
suppressed.

The activationsof the outputunits are passedhrougha
sigmoidfunction. Two outputunitsof thenetwork encodehe
type of shaperecognizedy the system(triangleandsquare),
the mostactive unit betweerthe two beingconsideredsthe
network response A third unit encodeshe type of filtering
strat@y usedby all cellsin theretina. In theseexperiments,
we considerednly two simplefiltering strat@ies: sampling
andaveraging(figure3).If theactivationof thisunitis above
0.5, the cell returnsthe value of the top leftmostpixel in the
receptive field (sampling). If the activationis below 0.5, it
returnsthe averageof all pixel values. Therefore the values
returnedby the retinacandynamicallychangedependingon
thevalueof this outputunit.

A fourth unit encodeghe resolutionof cellsin theretina,
thatis the receptve field area. The activation level of this
unit is usedto setthe areaof eachcell to oneof threepossi-
ble resolutiongall cellsin theretinahave the samearea).In
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Figure3: Two filtering stratgjiesareavailable. Eachcell can
eitherreturnthe valueof the top leftmostpixel (black=0)or

the averagevalueof all pixels (gray=127).Thefirst stratey

is calledsampling the seconds calledaveraging.Thefilter-

ing stratayy is setby oneof network outputunits after every
activationof the network. All cellsin theretinausethe same
samplingstratey, asshovn by thetwo snapshotsntheright

sideof thefigure.
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theexperimentgdescribedere thesideof eachcell canbe5,
10, or 20 pixelscorrespondingdo aretinalsideof 15, 30, and
60 pixelsrespectiely, asshavn in figure 4. In addition,only
atthefirst time stepwhena new imageis presentedthe cell
sideis setto 80 (correspondingo aretinasideof 240pixels)
to allow a global view of the imageandthuspotentially re-
ducethetime neededo searcHor theshape A largerretinal
sizeprovideslowerresolutionandcorresponds$o azoomout
effect.

The remainingtwo outputunits encodethe movementof
theretinaacrosgheimagein termsof distanceg(expressedn
pixels)andanglewith respecto its top leftmostcorner Dis-
tanceand angleare a function of unit activations,the max-
imum distancebeing 50 pixels andthe maximumanglebe-
ing 359 degrees.Recurrenconnectionareimplementedoy
addingasetof memoryunitsthatencodea copy of theoutput
unit activationsat the previoustime step[8].

Theconnectiorstrengthsareevolvedusingthe simplege-
netic algorithm describedin [11]. Connectionweightscan
take valuesin theinterval [-4.0, 3.0] andareencodednto 5
bits. Thefixedarchitecturaedescribedabore has102 weights
(includingbiasconnections)An initial populationof 100in-
dividualsis evolvedusingtruncatedank-basedelection(the
best20 individualsmake 5 copieseach)and elitism (a ran-
domly chosenindividual of the new populationis replaced
by the bestindividual of the previousgeneration) Crosseer
probability per pair is 0.1 andmutationprobability per bit is
0.01.

3 ShapeDiscrimination

In the experimentsreportedherethe active vision systemis
evolvedto discriminatebetweertwo shapesanisoscelegri-
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Figure 4: The retina can take on the three different sizes
shavn in thefigure. Thesizeis setby the correspondingut-
put unit of the network after eachactivation. Larger sizes
offer lower resolutionandcorrespondo a zoomout effect.

angleanda square.We have chosenthesetwo shapesn or-
derto allow a comparisorbetweerthe behaioral stratgjies
evolved by our systemand thoseevolved by the robot de-
scribedby Haney etal.

Eachindividual of the populationis presenteavith 20im-
ages,10containingatriangleand10containingasquare The
entireimage,or frame,is 320pixelswideand240pixelshigh.
Eachimagecanhave only onetriangleor onesquare.Trian-
glesand squaresalways appearat a randompositionin the
imageandtake a randomsize between20 and 100 pixelsin
height. The geometricalshapesare black (pixel value = 0)
againsta white background(pixel value = 255) (seefigure
1). Sincetrianglesareisoscelesthe baseis alwayssettwice
the heightso that the total areais equalto that of a square
of equalheight. By doing so,the evolutionaryvision system
cannotrecognizehemby simply relying onthetotal area.In
addition,somenoiseis addedo theentireimageby inverting
the value of eachpixel (blackto white or vice versa)with a
probabilityof 0.005.

Whenever a new imageis presentedo anindividual, the
memory units are setto zero, the retinal size is setto 240
by 240 pixelsandto averagingmode,andthe retinais posi-
tionedat the centerof theimage. This large sizeis available
only atthefirst instanta new imageis presentedo let the vi-
sionsystemknow moreor lesswherethe shapeis insteadof
engagingin a randomsearchwith a small retinal size. Fol-
lowing that, the active vision systemis let free to move 50
timesand changeresolutionsizeandfiltering stratgy every
time the outputunitsdecideto do so.

At eachtime step, the discriminationresponsetriangle
or square)is recordedandusedby the fitnessfunction F' to
selectindividualsthat respondcorrectly the highestnumber
of timesoverall imagesasfollows
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Figure5: Fitnessdatafor the evolutionaryactive vision sys-
tem. Fitnessvaluesarepercentagesf correctresponseom-
putedalong the entire exploration phase. Thick line = best
fitness. Thin line = averagefitness. Giventhe binary nature
of this discriminationtask, 0.5 correspondso chancelevel.
Eachdatapointis anaverageof five evolutionaryruns.Notice
that sincethe fitnessis computedalsobeforethat the vision
systemhaslocatedthe shape 100%correctresponsearenot
possible.
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whereR! is 1if thevision systemgivesacorrectresponse
at steps for image: and0 otherwise,l is the total number
of images(20 in theseexperiments)and.S is the numberof
stepsperimage(50in theseexperiments).

Noticethatsincein thesesxperimentghevision systemis
asledto give a responseaat every time step(the mostactive
unit is taken asthe responsefter every activation) andthat
theprobability of encounteringtriangle (or asquare)s 0.5,
it can obtain fitnessvaluesof 0.5 by fixing its responseo
eithertriangleor squardrrespectvely of whatappearsn the
image.

3.1 Results

Five evolutionaryrunswere performed eachstartingwith a
differentrandominitialization. In all runs,both averageand
bestfitnessvaluesgraduallyincreasedandreacheda plateau
after about 150 generationgfigure 5) at about80% correct
responsefor thebestindividuals.Noticethatfitnessl.0can-
not bereacheecausehe vision systemis askedto provide
aresponsalsobeforehaving a chanceo explorethe shape.

The evolved behaioral stratgiesvary slightly acrosshe
five evolutionaryruns,but all sharesomebasicfeatures.The
vision systemalways startswith a fixed responsdsquareor
triangle,dependingn the evolutionaryrun) andthenmoves
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Figure 6: Examplesof trajectoriesof anevolvedindividual.
The retinaalways zoomsand moveswith respectto its top
leftmostcorner heremarked by a dot. The dotsdrawn after
every retinamovementareconnectedy aline. For graphical
clarity, thevaluesof the cells arenot shawn, only theretinal
perimeter Left The retinastartswith its initial size at the
centerof the imagesignalling“triangle”. It thenshrinksto
thetop left cornerandmovesdown towardsthe squarevhere
it slidesalongits left edgeandstartssignalling“square”. Fi-
nally, it exploresthe other three sidesof the squaremain-
tainingthe correctresponseRight The sameindividual be-
gins signalling triangle and then moves towardsthe square
whereit visits the top andright edgechangingthe response
into “square”.

| Mo Tite

[=/Ex]| [E[ Mo Tite ST

Figure7: Examplesof trajectoriesof anevolvedindividual,
asin figure 6 above. Left The recognitionof a triangleis
madeby exploring its right cornerand then drifting away
while maintainingthe correctresponse.Right The recog-
nition is performedby looking attheleft edgeof thetriangle.

towardsthe shape. Once over the shape,the retina slides
back andforth along one of its vertical edges. If the edge
is straight, it setsits responsdo square otherwiseto trian-
gle. Figure6 shaws the trajectoriesof the retinain the case
of two squaresandfigure 7 shavs the trajectoriesn the case
of two triangles. A variationon this basicstratgy consists
of scanningthe cornersof the shapednsteadof the edges.
Oncethe shapehasbeenrecognized,sometimeghe vision
systemmovesaway from the shapetowardsa borderof the
imagemaintainingthecorrectresponséthisbehaior is made
possibleby the recurrentconnections). The evolved vision
systemsare not always capableof maoving towardsthe im-
ageareawherethe shapds located.In thosecasesthey use
stereotypicaimovementsacrossthe image that give a high
probabilityof encounteringa shape.

Evolvedvision systemausethe samplingstratgyy mostof
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Figure8: Examplesof imagepreprocessingpeforepresenta-
tion to the staticneuralnetwork shavn in figure 9 below. the
imageis dividedin 192 cellsof 20 by 20 pixelseach,andthe
averagevalueof the 400 pixelsin eachcell is takenasinput
valueto the correspondingnput neuron.

the times (61% on average),insteadof the averagingstrat-
egy (seefigure 3). Consideringthatthe evolved discrimina-
tion strat@y is basedon the perimeterof shapegedgesand
corners)the samplingmethodprovidesstrongercontrastoe-
tweenthe shapeandtheimagebackgroundthe activation of
input neuronss eitherzeroor one)andconsequentiya more
markedoutput.

At the sametime, they resortalmostalwaysto the low-
estavailableresolution,i.e. the largestretinal size. On the
onehand,alargeretinal sizegivesthe vision systema better
chanceto locatethe shapein the image. On the otherhand,
theshapesirebig enoughiminimumheightis 20 pixels,max-
imumis 100,averagemeasuredizefor theshapeseerby the
besttestedindividualsis 60.58)to be discrimatedcorrectly
In orderto checkthe latter hypothesis,we performedfive
new evolutionaryrunsusingshapeshatcanbemuchsmaller
(heightrangesrom 5 pixelsto 100 pixels), sothatthey can-
not be resolhed at the lowestresolution. In theseconditions
thebestevolvedindividualsalmostl00timesmorefrequently
usea higherretinalresolution(andconsequentlgmallerreti-
nal size), while still retainingthe exploration strateyies de-
scribedabove (watchingedgesand corners). Interestingly
theseevolutionaryrunsdisplaythetop performancehavnin
figure5 muchearlier(afterabout100 generationsatherthan
150). This resultsuggestghat the ability to switch resolu-
tion morefrequentlyhelpsalsoin the caseof larger shapes.
Indeed,the bestevolved individuals changeresolutionmore
oftenalsowhenpresentedvith large shapes.

4 Stationary discrimination

In anothersetof experimentsve attemptedo train a “static”
neuralnetwork to performthesamediscriminationtaskonthe
completemageusingthe backpropagatioalgorithm[22].

The imageis divided up into 192 cells, eachmeasuring
20 pixels by 20 pixels (just like the size of a retinal cell of
theactive vision systematthelowestresolution),asshovnin
figure8.

The averagevalue of the 400 pixelsin a cell represents
theinput of a correspondingneuronof afeed-forwardneural
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Figure9: Architectureof the “static” neuralnetwork trained
with the backpropagatioralgorithm on entireimages. Dif-

ferentarchitecturefiave beenstudied,includingonewithout
hiddenunits.

oIy

network with two outputunits, eachstandingfor one of the
two shapestriangleandsquargfigure9).

The network is trainedon a balancedsetof images(half
trianglesand half squareshy randomly presentinga shape
drawn atarandomlocationwith arandomsize(heightrange
is betweer?0and100pixelsasin thefirst setof evolutionary
experimentgescribedibove). Thesamecomputercodeused
for generatinghe imagesin the evolutionary experimentss
usedheretoo. Theconnectiorstrengthareinitialized to ran-
domvaluesin therange+1/N, where N is the numberof
connectionsin the network (including bias weights). The
error betweenthe network responseand the correct shape
type is computedand accumulatedor eachpresentatiorof
10 squaresandl10trianglesandis usedto updatethe connec-
tion strengths.

Eachtraining sessiorconsistsof 15000batchef 20 im-
ages(alwayscreatedaneav), correspondingo the numberof
individuals evaluatedduring an evolutionary run described
above (150generationsvith a populationsizeof 100individ-
uals).We have trainednetworkswithout hiddenunits,with 5,
10, and15 hiddenunits. Eachnetwork architecturehasbeen
trained5 times,eachtime startingwith new randomweights.
We have alsotried severalcombination®f learningratesand
momentunconstants.

Noneof thenetwork architecturefiaseverbeencapableof
learningto discriminatebetweersquaresandtriangles,their
performanceslwaysoscillatingaroundchancdevel.

5 Discussion

In this paperwe have describedan evolutionaryactive vision
systemthatis capableof performingcomplex discrimination
taskswith an extremely simple neuralarchitecturewithout
hiddenunits. We have also shovn that sucha discrimina-
tion taskcannotbe easilylearnedby a neuralnetwork trained
onthewholeimagewith thebackpropagatioalgorithm? Al-
thoughsomebodymayclaimthatthisis notafair comparison

1Althoughnoneof our networkscouldmanageo learnthediscrimination
problem,we cannotrule out thatwith a differentinitialization, architecture,
andconnectrity afeed-forvard neuralnetwork will learnto doiit.



becaus¢henetwork doesnothaverecurrentonnectiongsin

thecaseof theevolvednetwork, thetemporaldimensiondoes
not exist in this contet. The presencef recurrentconnec-
tionsin the evolvedretinamay alsoinduceoneto arguethat
they represent form of internal representationgontraryto

whatstatedin theintroductionsectionabove. Evenso,since
therecurrentconnectionsxist only at the outputlevel, they

do notrepresent codingof thesensoryinformationasin the
corventionalrepresentationadystemscited in the introduc-
tion.

Evolved vision systemscan easily solve the problembe-
causethey actively selectvisual featuresthat make the dis-
criminationtaskeasy They searchfor vertical andinclined
edgespr for rectangulaandacuteangles.Whentheimage
is large,they slide backandforth alonganedgeof the shape,
probablyto avoid makingawrongdiscriminationdueto sam-
pling of imagenoise. In othercasesthey searchfor a shape
angleand move over it for sometime beforedrifting away
while maintainingthe correctanswer

The edgefeatureexploited by our evolved retinaresem-
blesin someway the stratgy usedby the evolved robotic
vision systemdescribedby the Suss& group[12] and men-
tionedin the introductionsectionabove. In that case,the
vision systemusedonly two receptve fields (similar to one
of our retinal cellsin averagingmode)placedalonga diago-
nalline on the camerasurface. The authorsreportedthatthe
stratgy usedby the robotto approachhe correctfigure and
maintaina propertrajectoryconsistedf concentratingpn the
edgesof the shapesaandexploiting the differentialactivation
of the two receptve fieldsto trigger a rotationbehaior or a
straightmotion. This stratgy wasmadepossibleby thefact
that the pixel activationswere continuouslyupdatedas the
camerasweptover theimage. Our systemis differentin that
the motionis more similar to saccadianovementswhereby
no informationis processeduringeye movements.

The anglefeatureinsteadhas beenshownn to be a very
powerful indicatorin computervision becauset is invariant
to scalingand rotation. Angle detectorshave indeedbeen
built in control algorithmsfor mobile robotsthat mustrec-
ognizeobjectsor locatelandmarksduring map-basedavi-
gation[15]. The mostimportantdifferencebetweerhuman-
designechndour evolved“angle detector”is thatthe former
consistsof modified Differenceof Gaussiarfilters (analo-
gousto so-called“complex” biological cells with off-center
andon-surroundeceptve fields)whereaghelatteraremuch
cruderversionsthatexploit movementover the anglefeature
to do the discriminationbetween90 degreeand smalleran-
gles.

Besideactive explorationof theshapestheevolvedvision
systemanale alsothe bestpossibleuseof thefiltering strat-
egy andresolutiontype. As we have pointedout in theresult
section,althoughvision systemsactively changeresolution
sizewhile they explore the image,the samplingstratgy is
preferredbecausét providesa sharpercontrasthatdoesnot
requireafinetuningof thesynapticweights,asinsteadwvould

anaveragingmethod.In otherwords,sincethediscrimination
taskdoesnot requireattentionto lightnessgradients(shapes
areblackagainsta white background)the samplingstratey
allows a correctdiscriminationfor a wider rangeof synap-
tic weights. Similarly, the factthatin the first setof experi-
mentsall vision systemsalmostalways usethe lowestreso-
lution (i.e., thelargestretinalsize)is dueonly to thefactthat
shapesvere sufficiently big to be resohed without zooming
in andout. However, assoonasthe shapedecamesmaller
the vision systemswitchedmuch more frequently between
low andhigh resolution.Low resolutionwasstill maintained
asa preferredmodethoughfor two reasonsThefirst is that
it allows a more efficient location of the shape,which can
appearanywherein theimage. The seconds that, although
in our secondsetof experimentsthe shapesould be much
smaller the averageshapesize (averageheight= 52 pixels)
wasstill largeenoughto beresohedat thelowestresolution.

The retinal systemusedin theseexperimentsis a square
matrix. Althoughin principle we could have usedary other
morphology or evenlet the vision morphologyevolve asin
the experimentsperformedby the Sussg& group, a regular
grid of photoreceptormayallow thevision systento exploit
moreeasilycorrelationdbetweemeighbouringpatternsof ac-
tivationsthat may correspondo relevant (i.e., ecologically
important)featuresin the ervironment. This is certainlythe
casein theseexperimentsandit seemdo have beenthe case
in computerexperimentsgperformedto study co-evolution of
male featherpatternsand female visual preferencesvhere
symmetricpatternsshovedto be powerful indicatorsandde-
tectorsin presencef variousdistortions(perspectre anddis-
tance)[9]. A simplefeed-forwardnetwork in principle could
not exploit location-specificcorrelationsbecausehe nodes
canbe permutedn arny way without affectingthe output[6].
However, thisis notthecasen ouractievisionsystenwhere
active motion on a geometricalplaneis determinedby sen-
soryinputandaffectsthe next sensoryinput. The presencef
recurrentconnectiongnay exploit location-specifigpatterns
of activation over time to supportefficient exploration and
featuredetection.

Thescanningatterngisplayedoy theevolvedvisionsys-
tem resemblehumanpatternsof eye movementsof doctors
while they exploreimagesto performbinary decisiontasks,
suchasthe presencef breastcanceror of bonefracture(fig-
ure 10) [14]. Althoughour active vision systemwould most
likely not be sufficient to performthesediscriminationtasks
in its currentstate,we planto extendits structureto allow
explorationof gradedmagesandreal pictures suchasthose
depictedin figure 10. Althoughit will undoubtedIlybe hard
to matchhumanperformancetherewill be severalotheras-
pectsthatcanbe studiedwith the evolutionarymethodology
describedhere suchassequenceandfixationtimes,relevant
featuresandevenvisualattention.



Figure 10: Patternsof eye movementsof doctorsscanning
X-ray imagesfor the presenceof breastcancer(left) and of
bone fracture (right). Dots representfixation points [14].
Theseand other imagesof humaneye scansare available
at http://ww.radiol ogy. ari zona. edu/ eye-
no/ mai npage. ht m

6 Conclusion

We have describedan evolutionaryactive vision systemthat
can perform complex imagediscriminationtaskswith very
limited resourcedy actively exploring theimageandselect-
ing featuresthat make the task easierto solve. Visual fea-
tures, exploration stratayies, filtering and resolutionare au-
tonomouslyevolved insteadof being preprogrammedsin
otheractive vision systems.This givesthe active vision sys-
temthe freedomto developthe stratgiesthat are mostsuit-
ablefor the taskandarchitectureavailable. It alsoallows a
new seriesof experimentsto study active biological vision
within asyntheticapproacti4, 19.

Currentwork aimsat extendingthe featuresof thevision
systemwhile preservingthe principle of simplicity in order
to presentit with more naturalimages. Another currentdi-
rectionaimsat porting this systeminto a small mobile robot
equippedwith a mobile vision systemandexplore evolution
of active vision for complex navigation taskswith limited
computationatesources.
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