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Abstract

Visualcognitiondependscritically ontheability tomakerapideyemovements
known as saccadesthat orient the fovea over targetsof interestin a visual
scene. Saccadesareknown to be ballistic: the patternof muscleactivation
for foveatingaprespeci®edtargetlocationis computedprior to themovement
andvisual feedbackis precluded.Despitethesedistinctive properties,there
hasbeenno generalmodel of the saccadictargetingstrategy employedby
the humanvisual systemduringvisual searchin naturalscenes.This paper
proposesa modelfor saccadictargetingthatusesiconicscenerepresentations
derivedfrom orientedspatial®ltersat multiplescales.Visualsearchproceeds
in acoarse-to-®nefashionwith thelargestscale®lterresponsesbeingcompared
®rst. The modelwasempirically testedby comparingits performancewith
actualeye movementdatafrom humansubjectsin anaturalvisualsearchtask;
preliminary resultsindicatesubstantialagreementbetweeneye movements
predictedby themodelandthoserecordedfrom humansubjects.

1 INTR ODUCTION

Humanvision reliesextensively on the ability to makesaccadiceye movements. Theserapid
eye movements,which aremadeat the rateof aboutthreeper second,orient the high-acuity
fovealregionof theeye over targetsof interestin a visualscene.Thehighvelocityof saccades,
reachingup to 700

�

persecondfor largemovements,servesto minimizethetime in ¯ight; most
of thetime is spent®xatingthechosentargets.

Theobjectiveof saccadesis currentlybestunderstoodfor readingtext [13] wheretheeyes®xate
almostevery word,sometimesskippingover small functionwords. In generalscenes,however,
the purposeof saccadesis much more dif®cult to analyze. It was originally suggestedthat
themovementsandtheir resultant®xationsformeda visual-motormemory(or ªscan-pathsº)of
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Figure1: Eye Movementsin Visual Search. (a) shows thetypical patternof multiple saccades(shown
herefor two differentsubjects)elicitedduringthecourseof searchingfor theobjectcomposedof thefork
andknife. Theinitial ®xationpointis denotedby `+'. (b) depictsasummaryof suchmovementsovermany
experimentsasa functionof thesix possiblelocationsof atargetobjecton thetable.

objects[11] but subsequentwork hassuggestedthattheroleof saccadesis moretightly coupled
to the momentaryproblemsolving strategy beingemployedby the subject. In chess,it has
beenshown thatsaccadesareusedto assessthecurrentsituationon the boardin the courseof
makinga decisionto move, but theexact informationthatis beingrepresentedis notyetknown
[5]. In a taskinvolving thecopyingof a modelblock patternlocatedon a board,®xationshave
beenshown to beusedin accessingcrucial informationfor differentstagesof thecopyingtask
[2]. In naturallanguageprocessing,therehasbeenrecentevidencethat ®xationsre¯ect the
instantaneousparsingof aspokensentence[18]. However, noneof theaboveworkaddressesthe
importantquestionof whatpossiblecomputationalmechanismsunderliesaccadictargeting.

Thecomplexity of thetargetingproblemcanbeillustratedby thesaccadesemployedby subjects
to solve a naturalvisual searchtask. In this task,subjectsaregiven a 1 secondpreview of a
singleobjectona tableandtheninstructedto determine,in theshortestpossibleamountof time,
whetherthe previewed object is amonga groupof one to ®ve objectson the sametable in a
subsequentview. The typical eye movementselicitedareshown in Figure1 (a). Ratherthana
singlemovementto the rememberedtarget, several saccadesaretypical, with eachsuccessive
saccademoving closerto thegoalobject(Figure1 (b)).

Thepurposeof thispaperis todescribeamechanismfor programmingsaccadesthatcanapprox-
imatelymodelthesaccadictargetingmethodusedbyhumansubjects.Previousmodelsof human
visual searchhave focusedon simplesearchtasksinvolving elementaryfeaturessuchashori-
zontal/verticalbarsof possiblydifferentcolor [1, 4, 8] or have reliedexclusively on bottom-up
input-drivensaliency criteria for generatingscan-paths[10, 19]. The proposedmodelachieves
targetingin arbitraryvisualscenesbyusingbottom-upscenerepresentationsin conjunctionwith
previouslymemorizedtop-downobjectrepresentations;bothof theserepresentationsareiconic,
basedonorientedspatial®ltersatmultiplescales.

One of the dif®cultaspectsof modelingsaccadictargeting is that saccadesare ballistic, i.e.,
their ®nallocationis computedprior to makingthe movementandthemovementtrajectoryis
uninterruptedby incomingvisualsignals.Furthermore,owing to thestructureof theretina,the
central1 � 5

�

of the visual®eldis representedwith a resolutionthat is almost100timesgreater
thanthat of the periphery. We resolve theseissuesby positingthat the targetingcomputation
proceedssequentiallywith coarseresolutioninformationbeingusedin thecomputationof target
coordinatesprior to®neresolutioninformation. Themethodiscomparedtoactualeyemovements
madeby humansubjectsin thevisualsearchtaskdescribedabove; theeye movementspredicted
by themodelareshown to bein closeagreementwith observedhumaneye movements.
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Figure2: Multiscale Natural BasisFunctions. The 10 orientedspatial®ltersusedin our model to
generateiconic scenerepresentations,shown hereat threeoctave-separatedscales.These®ltersresemble
thereceptive ®eldpro®lesof cells in theprimatevisualcortex [20] andhave beenshown to approximate
the dominanteigenvectorsof naturalimagedistributionsasobtainedfrom principal componentanalysis
[7, 17].

2 ICONIC REPRESENTATIONS
Thecurrentimplementationof our modelusesa setof non-orthogonalbasisfunctionsasgiven
by a zerothorderGaussian

�

0 andnineof its orientedderivativesasfollows[6]:
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where � denotesthe orderof the ®lterand �

� refersto the preferredorientationof the ®lter
(Figure2). Theresponseof animagepatch � centeredat ��� 0 ��� 0 � to a particularbasis®lter
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canbeobtainedby convolving theimagepatchwith the®lter:
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Theiconic representationfor thelocal imagepatchcenteredat �"� 0 ��� 0 � is formedby combining
into a high-dimensionalvectortheresponsesfrom thetenbasis®ltersatdifferentscales:

)+*

�"� 0 �	� 0 �


-,

�

�� !. /

��� 0 �	� 0 ��0 (3)

where1
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3.476�8 denotesthedifferentscalesasgivenby thelevelsof a Gaussian
imagepyramid.

Theuseof multiplescalesis crucialto thevisualsearchmodel(seeSection3). In particular, the
largerthenumberof scales,thegreatertheperspicuityof therepresentationasdepictedin Figure3.
A multiscalerepresentationalsoallows interpolationstrategiesfor scaleinvariance.The high-
dimensionalityof the vectorsmakesthemremarkablyrobust to noisedueto theorthogonality
inherentin high-dimensionalspaces:given any vector, mostof the othervectorsin the space
tendto berelatively uncorrelatedwith thegivenvector. The iconic representationscanalsobe
madeinvariantto rotationsin theimageplane(for a®xedscale)withoutadditionalconvolutions
by exploiting thepropertyof steerability [6]. Rotationsaboutan imageplaneaxisarehandled
by storingfeaturevectorsfrom differentviews. We refer theinterestedreaderto [14] for more
detailsregardingtheabove properties.

3 THE VISUAL SEARCH MODEL

Our modelfor visualsearchis derived from a modelfor vision thatwe previouslyproposedin
[14]. This modeldecomposesvisual behaviors into sequencesof two visual routines,onefor
identifyingthevisualimagenearthefovea(theªwhatº routine),andanotherfor locatingastored
prototypeon theretina(theªwhereº routine).
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Figure3: TheEffect of Scale.Thedistributionof distances(in termsof correlations)betweentheresponse
vectorfor a selectedmodelpoint in the dining tablesceneandall otherpointsin thesceneis shown for
singlescaleresponsevectors(a) andmultiple scalevectors(b). Usingresponsesfrom multiple scales(®ve
in this case)resultsin greaterperspicuityanda sharperpeaknear0.0; only onepoint (the modelpoint)
hada correlationgreaterthan0 � 94 in themultiple scalecase(b) whereas936candidatepointsfell in this
categoryin thesinglescalecase(a).

Thevisualsearchmodelassumestheexistenceof threeindependentprocessesrunningconcur-
rently: (a) a targetingprocess(similar to the ªwhereº routineof [14]) that computesthe next
locationto be ®xated;(b) an oculomotorprocessthat acceptstarget locationsandexecutesa
saccadeto foveatethatlocation(see[16] for moredetails);and(c) adecisionprocessthatmodels
thecortico-corticaldynamicsof the

�

1 �

�

2 �

�

4 � ��� pathwayrelatedtotheidenti®cation
of objectsin thefovea(see[15] for moredetails).

Here,wefocusonthesaccadictargetingprocess.Objectsof interestto thecurrentsearchtaskare
assumedto berepresentedby a setof previouslymemorizediconic featurevectors)��

* where 3

denotesthescaleof the®lters.Thetargetingalgorithmcomputesthenext locationtobefoveated
asfollows:

1. Initialize the routineby settingthe currentscaleof analysis� to the largestscalei.e.
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3. Find thelocationto befoveatedby usingthefollowingweightedpopulationaveraging
(or softmax)scheme:
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where
�

is aninterpolationfunction.For theexperiments,wechose:
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This choiceis attractivesinceit allowsaninterpretationof ouralgorithmascomputing
maximumlikelihood estimates(cf. [12]) of target locations. In the above, &

�

��� is
decreasedwith � .

4. Iteratestep(2) and(3) above with �


 
'� � -1 ��
'� � -2 �

� � � until eitherthetargetobject
hasbeenfoveatedor thenumberof scaleshasbeenexhausted.

Figure4 illustratesthe above targetingprocedure.The casewheremultiple modelvectorsare
usedperobjectproceedsin ananalogousmannerwith thetargetlocationbeingaveragedoverall
themodelvectors.
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Figure4: Illustration of SaccadicTargeting. Thesaliency imageafter the inclusionof the largest(a),
intermediate(b), andsmallestscale(c) asgivenby imagedistancesto theprototype(the fork andknife);
the lightestpointsaretheclosestmatches.(d) shows thepredictedeye movementsasdeterminedby the
weightedpopulationaveragingscheme(for comparison,saccadesfrom a humansubjectaregivenby the
dottedarrows).

4 EXPERIMENT AL RESULTS AND DISCUSSION

Eyemovementsfromfourhumansubjectswererecordedfor thesearchtaskdescribedin Section1
for threedifferentscenes(diningtable,work bench,anda crib) usingan 
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�Eyetracker. Themodelwasimplementedon a pipelineimageprocessor, theDatacubeMV200,
whichcancomputeconvolutionsat framerate(30�

3

�

	 ). Figure5 comparesthemodel's perfor-
manceto thehumandata.As theresultsshow, thereis remarkablygoodcorrespondencebetween
theeye movementsobserved in humansubjectsandthosegeneratedby themodelon thesame
datasets. The modelhasonly oneimportantparameter:the scalingfunctionusedto rate the
peaksin thesaliency map. In thedevelopmentof thealgorithm,thiswasadjustedto achieve an
approximate®tto thehumandata.

Our model relies crucially on the existenceof a coarse-to-®nematchingmechanism. The
main bene®tof a coarse-to-®nestrategy is that it allows continuousexecution of the deci-
sion/oculomotorprocesses,therebyincreasingtheprobabilityof anearlymatch.Coarse-to-®ne
strategieshave enjoyedrecentpopularityin computervisionwith theadventof imagepyramids
in taskssuchasmotiondetection[3]. Althoughthesemethodsshow thatconsiderablespeedup
canbeachievedby decreasingthesizeof window of analysisasresolutionincreases,ourprelim-
inaryexperimentssuggestthatthismightbeaninappropriatestrategy for visualsearch:limiting
searchto a smallwindow centeredon thecoarselocationestimateobtainedfrom a largerscale
oftenresultedin signi®canterrorssincethetargetsfrequentlylay outsidethesearchwindow. A
possiblesolutionis to adaptively selectthesizeof thesearchwindow basedon thecurrentscene
but thiswouldrequireadditionalcomputationalmachinery.

A key questionthat remainsis the sourceof sequentialapplicationof the ®ltersin the human
visualsystem.A possiblesourceis thevariationin resolutionof theretina.Sinceonlyveryhigh
resolutioninformationis at thefovea,andsincethisresolutionfallsoff with distance,®nespatial
scalesmaybe ineffective purelybecausethe®xationpoint is distantfrom thetarget. However,
ourpreliminaryexperimentswith modelingthevariationin retinalresolutionsuggestthatthis is
probablynot thesolecause.The variationsat middledistancesfrom thefoveaaretoo small to
explainthedramaticimprovementin targetlocationexperiencedwith thesecondsaccade.Thus,



Figure5: Experimental Results. The graphscomparethe distribution of endpointerrors(in termsof
frequency histograms)for threeconsecutivesaccadesaspredictedby themodelfor 180trials (ontheright)
andasobservedwith four humansubjectsfor 676trials (left). Eachof the trials containedsearchscenes
with oneto ®veobjects,oneof theobjectsbeingthepreviewedmodel.

therearetwo remainingpossibilities:(a) theresolutionfall-off in thecortex is differentfrom the
retinalvariationin a way thatsupportsthedata,or (b) thecorticalmachineryis setup to match
the larger scales®rst. In the latter case,the observed datawould resultfrom the fact that the
oculomotorsystemis readytomovebeforeall thescalescanbematched,andthustheeyesmove
to the currentbesttarget position. This interpretationof the datais appealingin two aspects.
First, it re¯ects a long historyof observationson the priority of large scalechannels[9], and
second,it re¯ects currentthinking abouteye movementprogrammingsuggestingthat ®xation
timesareapproximatelyconstantandthattheeyesaremovedassoonasthey canbeduringthe
courseof visual problemsolving. The above questionscanhowever be de®nitively answered
only throughadditionaltestingof humansubjectsfollowedby subsequentmodeling.Weexpect
oursaccadictargetingmodelto playacrucialrole in thisprocess.
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