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Abstract

Visualcognitiondependsritically ontheability to makerapideye movements
known as saccadeghat orient the fovea over targetsof interestin a visual
scene. Saccadesre known to be ballistic: the patternof muscleactivation
for foveatinga prespeci®ethrgetlocationis computedrior to the movement
andvisual feedbackis precluded. Despitethesedistinctive propertiesthere
hasbeenno generalmodel of the saccadictargeting stratgy employedby
the humanvisual systemduring visual searchin naturalscenes. This paper
proposes modelfor saccadidargetingthatusesiconic scenerepresentations
derivedfrom orientedspatial®ltersat multiple scales.Visualsearchproceeds
in acoarse-to-®nfashionwith the largestscale®lterresponsebeingcompared
®rst. The modelwas empirically testedby comparingits performancewith
actualeye movementdatafrom humansubjectsn a naturalvisualsearchtask;
preliminary resultsindicate substantialagreemenbetweeneye movements
predictedby themodelandthoserecordedrom humansubjects.

1 INTRODUCTION

Humanvision reliesextensiely on the ability to makesaccadiceye movements. Theserapid
eye movements,which are madeat the rate of aboutthree per second,orient the high-acuity
fovealregion of the eye over targetsof interestin a visualscene.The highvelocity of saccades,
reachingupto 700 persecondor large movementssenesto minimizethetimein “ight; most
of thetime is spent®xatingthe chosertamgets.

Theobjective of saccadess currentlybestunderstoodor readingtext [13] wheretheeyes®xate
almostevery word, sometimeskippingover smallfunctionwords. In generalsceneshowever,
the purposeof saccadess much more dif®cultto analyze. It was originally suggestedhat
the movementsandtheir resultant®xationformeda visual-motormemory(or 2scan-paths©pf
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Figurel: Eye Movementsin Visual Search. (a) shawvs thetypical patternof multiple saccadegshavn
herefor two differentsubjectsklicited duringthe courseof searchindor the objectcomposeaf the fork
andknife. Theinitial ®xationpointis denotedy "+'. (b) depictsasummanyof suchmovementover mary
experimentsasa functionof thesix possibldocationsof atamgetobjectonthetable.

objects[11] but subsequenwork hassuggestethattherole of saccades moretightly coupled
to the momentaryproblem solving stratgy being employedby the subject. In chess,it has
beenshowvn thatsaccadesire usedto assesshe currentsituationon the boardin the courseof
makinga decisionto move, but the exactinformationthatis beingrepresenteds notyetknown
[5]- In ataskinvolving the copyingof a modelblock patternlocatedon a board,®xationshave
beenshawn to be usedin accessingrucialinformationfor differentstagesof the copyingtask
[2]. In naturallanguageprocessingtherehasbeenrecentevidencethat ®xationsre ect the
instantaneouparsingof aspokensentencgl8]. However, noneof theabosre work addressethe
importantquestiorof whatpossiblecomputationamechanismsinderliesaccadidargeting.

Thecompleity of thetamgetingproblemcanbeillustratedby the saccadesmployedy subjects
to solve a naturalvisual searchtask. In this task, subjectsare given a 1 secondpreview of a
singleobjectonatableandtheninstructedo determinejn the shortespossibleamountof time,

whetherthe previewed objectis amonga group of one to ®e objectson the sametablein a
subsequentiew. Thetypical eye movementselicitedareshowvn in Figurel (a). Ratherthana
singlemovementto the rememberedamet, several saccadesretypical, with eachsuccessie
saccademoving closerto thegoalobject(Figurel (b)).

Thepurposeof this paperis to describea mechanisnfor programmingsaccadeghatcanapprox-
imatelymodelthesaccadi¢argetingmethodusedby humansubjects.Previousmodelsof human
visual searchhave focusedon simple searchtasksinvolving elementaryfeaturessuchas hori-
zontal/erticalbarsof possiblydifferentcolor [1, 4, 8] or have relied exclusively on bottom-up
input-drivensalieng criteriafor generatingscan-path$10, 19. The proposednodelachieres
targetingin arbitraryvisualscenesy usingbottom-upsceneepresentations conjunctionwith
previouslymemorizedop-davn objectrepresentationgjothof theserepresentationareiconic,
basedon orientedspatial®ltersat multiple scales.

One of the dif®cultaspectof modelingsaccadictamgeting is that saccadesre ballistic, i.e.,
their ®nallocationis computedprior to makingthe movementandthe movementtrajectoryis
uninterruptedy incomingvisualsignals. Furthermorepwing to the structureof theretina,the
centrall 5 of the visual®eldis representedvith a resolutionthatis almost100timesgreater
thanthat of the periphery We resol\e theseissuesby positingthat the targetingcomputation
proceedsequentiallyith coarseresolutionnformationbeingusedin thecomputatiorof tamget
coordinatepriorto®neresoutioninformation Themethods comparedo actualeye movements
madeby humansubjectsn thevisualsearchtaskdescribedabore; theeye movementsredicted
by themodelareshownn to bein closeagreementvith obsered humaneye movements.



Figure 2: Multiscale Natural BasisFunctions. The 10 orientedspatial®ltersusedin our modelto

generatéconic scenaepresentationshovn hereat threeoctave-separatedcales. These®ltersresemble
the receptve ®eldpro®lesof cellsin the primatevisual cortex [20] andhave beenshavn to approximate
the dominanteigervectorsof naturalimagedistributions as obtainedfrom principal componengnalysis

[7, 17.

2 ICONIC REPRESENTATIONS

The currentimplementatiorof our modelusesa setof non-orthogonabasisfunctionsasgiven
by a zerothorderGaussian ¢ andnineof its orientedderivativesasfollows [6]:
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where denoteshe orderof the ®lterand  refersto the preferredorientationof the ®lter

(Figure2). Theresponsef animagepatch centerecat o o toaparticularbasis®lter
canbe obtainedby convolving theimagepatchwith the ®lter:

(V0] 0 0 (2)

Theiconicrepresentatiofor thelocalimagepatchcenterecat o o isformedby combining
into a high-dimensionavectortheresponsefrom thetenbasis®Iltersat differentscales:

0 O (V0] (3)
where 0 1 2 3denotesheorderof the®lter 1 1denoteshedifferent®ltersgper
order and denoteghedifferentscalesasgivenby the levels of a Gaussian

imagepyramid.

The useof multiple scaleds crucialto thevisualsearchmodel(seeSection3). In particular the
largerthenumberof scalesthegreatetheperspicuityof therepresentatioasdepictedn Figure3.

A multiscalerepresentatiomalsoallows interpolationstrategjiesfor scaleinvariance. The high-

dimensionalityof the vectorsmakesthemremarkablyrobustto noisedueto the orthogonality
inherentin high-dimensionaspaces:givenary vector mostof the othervectorsin the space
tendto berelatively uncorrelatedvith the givenvector Theiconic representationsanalsobe
madeinvariantto rotationsin theimageplane(for a ®»ed scale)withoutadditionalcorvolutions
by exploiting the propertyof steerbility [6]. Rotationsaboutanimageplaneaxisarehandled
by storingfeaturevectorsfrom differentviews. We refer theinterestedreaderto [14] for more
detailsregardingtheabove properties.

3 THE VISUAL SEARCH MODEL

Our modelfor visual searchis derived from a modelfor vision thatwe previously proposedn

[14]. This modeldecomposesisual behaiors into sequencesf two visual routines,one for

identifyingthevisualimagenearthefovea(the2what® routine),andanothefor locatinga stored
prototypeontheretina(the@where®routine).
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Figure3: The Effect of Scale. Thedistribution of distancegin termsof correlationspetweertheresponse
vectorfor a selectednodelpoint in the dining table sceneandall otherpointsin the scends shavn for
singlescaleresponseectorg(a) andmultiple scalevectors(b). UsingresponseBom multiple scaleg®we
in this case)resultsin greaterperspicuityanda sharpempeaknear0.0; only onepoint (the modelpoint)
hada correlationgreaterthan0 94 in the multiple scalecase(b) wherea®©36 candidateointsfell in this
catgoryin thesinglescalecase(a).

The visualsearchmodelassumeshe existenceof threeindependenprocessesunningconcur
rently: (a) a targetingprocess(similar to the 2where® routineof [14]) that computeshe next
locationto be ®xated;(b) an oculomotorprocessthat acceptgarget locationsand executesa
saccadeo foveatethatlocation(see[16] for moredetails);and(c) adecisionprocesgshatmodels
thecortico-corticadynamicsofthe 1 2 4 pathwayrelatedo theidenti®cation
of objectsin thefovea(seg[15] for moredetails).

Here,wefocusonthesaccadidargetingprocess Objectsof interesto thecurrentsearchtaskare
assumedo berepresentethy a setof previously memorizedconic featurevectors  where
denoteghescaleof the®lters.Thetargetingalgorithmcomputeghenext locationto befoveated
asfollows:

1. Initialize the routineby settingthe currentscaleof analysis to the largestscalei.e.
; set 0O for all

2. Computethecurrentsaliencyimage  as
2 (4)
3. Findthelocationto befoveatedby usingthe following weightedpopulationaveraging
(or softmax)scheme
AA (5)

where is aninterpolatiorfunction. For the experimentswe chose:

(6)

This choiceis attractve sinceit allows aninterpretatiorof our algorithmascomputing
maximumlikelihood estimateg(cf. [12]) of tamget locations. In the abore, is
decreasedvith

4. Iteratestep(2) and(3) abore with -1 -2 until eitherthetargetobject
hasbeenfoveatedor the numberof scaleshasbeenexhausted.

Figure4 illustratesthe above targetingprocedure. The casewheremultiple modelvectorsare
usedperobjectproceedsn ananalogousnannemwith thetargetlocationbeingaveragedoverall
themodelvectors.
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Figure4: lllustration of SaccadicTargeting. The salieny imageaftertheinclusionof the largest(a),
intermediatgb), andsmallestscale(c) asgivenby imagedistancego the prototype(the fork andknife);
the lightestpointsarethe closestmatches.(d) shows the predictedeye movementsasdeterminedy the
weightedpopulationaveragingschemgfor comparisonsaccadeffom a humansubjectare given by the
dottedarrows).

4 EXPERIMENT AL RESULTS AND DISCUSSION

Eyemovementdromfourhumarsubjectavererecordedor thesearchaskdescribedn Sectionl

for threedifferentscenegdining table,work bench,anda crib) usingan

Eyetracker The modelwasimplementedn a pipelineimageprocessarthe DatacubeMVV200,

which cancomputeconvolutionsat framerate(30 ). Figure5 compareghemodel's perfor

manceto thehumandata. As theresultsshaw, thereis remarkablygoodcorrespondendeetween
the eye movementsobsenedin humansubjectsandthosegeneratedy the modelon the same
datasets. The modelhasonly oneimportantparameter:the scalingfunction usedto ratethe

peaksin thesaliengy map. In thedevelopmentof thealgorithm,thiswasadjustedo achieve an

approximate®tto thehumandata.

Our model relies crucially on the existenceof a coarse-to-®nenatchingmechanism. The
main bene®tof a coarse-to-®nastratgy is that it allows continuousexecution of the deci-
sion/oculomotoprocessegherebyincreasinghe probabilityof anearly match. Coarse-to-®ne
stratgieshave enjoyedrecentpopularityin computervisionwith the adventof imagepyramids
in taskssuchasmotiondetection3]. Althoughthesemethodsshow thatconsiderablespeedup
canbeachievedby decreasinghesizeof window of analysisasresolutionincreasesour prelim-
inary experimentssuggesthatthis mightbe aninappropriatestratey for visualsearchlimiting
searchto a smallwindow centeredn the coarselocationestimateobtainedfrom a larger scale
oftenresultedn signi®canerrorssincethe targetsfrequentlylay outsidethe searchwindow. A
possiblesolutionis to adaptvely selectthe sizeof thesearchwindow basednthecurrentscene
but thiswould requireadditionalcomputationaimachinery

A key questionthatremainsis the sourceof sequentiabpplicationof the ®ltersin the human
visualsystem.A possiblesourceis thevariationin resolutionof theretina. Sinceonly very high
resolutioninformationis atthefovea,andsincethis resolutiorfalls off with distance®nespatial
scalesmay beineffective purely becausehe ®xationpointis distantfrom thetarget. However,

our preliminaryexperimentswith modelingthevariationin retinalresolutionsuggesthatthisis

probablynot the solecause.The variationsat middle distancedrom the foveaaretoo smallto
explainthedramaticimprovementin tamgetlocationexperiencedvith the secondsaccadeThus,



Figure5: Experimental Results. The graphscomparethe distribution of endpointerrors(in termsof
frequeng histogramsjor threeconsecutie saccadeaspredictedby the modelfor 180trials (ontheright)
andasobsenedwith four humansubjectdor 676trials (left). Eachof the trials containedsearchscenes
with oneto ®\e objectsoneof the objectsbeingthe previewedmodel.

therearetwo remainingpossibilities: (a) theresolutionfall-off in thecortex is differentfrom the

retinalvariationin away thatsupportghe data,or (b) the corticalmachineryis setup to match
the larger scales®rst. In the latter case,the obsened datawould resultfrom the fact thatthe
oculomotosystenis readyto move beforeall thescalescanbematchedandthustheeyesmove

to the currentbesttarget position. This interpretatiorof the datais appealingn two aspects.
First, it re ects a long history of obsenrationson the priority of large scalechannelq9], and

second,it re”ects currentthinking abouteye movementprogrammingsuggestinghat ®xation
timesareapproximatelyconstanandthatthe eyesaremoved assoonasthey canbeduringthe

courseof visual problemsolving. The abore questionscan however be de®nitvely answered
only throughadditionaltestingof humansubjectdollowedby subsequennhodeling. We expect

our saccadidametingmodelto play acrucialrole in this process.
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