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Abstract

Computationalselectiveattention systemshave mostly
beendevelopedasmodelsof humanattention,andthey have
beenevaluatedon that basis. Now however, they are be-
ing usedas front endsto objectrecanition systemsand
in particular to appeaance-basedecanition systemsAs
sud, they needto be evaluatedby other criteria. A com-
mongoal for objectrecanition systmsn invarianceto 2D
similarity transformationgi.e. in-planetranslationsrota-
tions, re ections and scales). This implies that attention
systemsisedas front endsshouldalsobeinvariantto sim-
ilarity transforms.This paperevaluatesthe Neuomorphic
Vision Toolkit (NVT), a well knownand publicly available
selectivaattentionsystemand nds it to be highly sensitive
to 2D similarity transforms. Further investigation,how-
ever, suggeststhat this sensitivityis an artifact of the pub-
licly available implementationand not of the neuilomor
phic principlesit is basedon. Theefore we havedeveloped
a new systemgalled SAFE(SelectiveAttentionas a Front
End), thatis conceptuallysimilar to NVT. However, SAFE
is largely invariant to 2D similarity transformationsf the
souiceimage andselectsscalesaswell asspatiallocations
for xations, implementinga combined‘zoom-spotlight”
modelof attention.

1. Intr oduction

In the primatevisual systemit is believedthatonly se-
lect locationsof a sceneare processedn detail, [1, 3, 18]
andtheseocationsarecommonlyreferredto asthe salient
xations of a scene.Cognitive scientistsbelieve that xa-
tions are selectedboth bottom-up,in responseo the con-
tentsof the currentscene andtop-dawn, re ecting current
goals[18, 24]. Therearea numberof computationabkys-
temsthat attemptto model aspectof selectve attention,
including[13, 14, 24, 23, 19, 8, 22, 16)].

Mostof thesesystemsvereintendedascognitive models

of humanattention,and have thereforebeenevaluatedby
cognitivesciencaneasuresuchasthe“pop-out” effect[6],
their speedin relationto humanperformancd6], and -
delity to humaneye tracking experimentg20]. More and
more,however, computationamodelsof selectve attention
areutilized asthe front endto automaticobjectrecognition
systemsandin particularto appearance-bassgstemge.g.
[26]). In this casethey needto be evaluatedby othercrite-
ria.

Appearance-baserkcognition systemsmatch features
extractedfrom imagepatchedo featuresstoredin memory
In general,appearance-basedatchingis not invariantto
3D geometridransformations3D objectrecognitionis im-
plementedy matchingto featuresextractedfrom mary dif-
ferentviews of anobject,ofteninterpolatingbetweerview-
points(e.g. [15]).

To keepthenumberof appearance-basésmplategnan-
ageablehowever, it is helpful if appearanceatchingis in-
variantto 2D similarity transformationgi.e. 2D translation,
rotation,re ection andscalé) of theimage. Thisis the ad-
vantageof usinga selectve attentionsystemasafront end;
it focusesonobjectsto match regardlesof their positionin
the(2D) image.It implies,however, thatselectie attention
systemsshouldbe invariantto 2D similarity transformsat
leastin this context.

This paperpresentswo simplemethodsfor empirically
measuringhe invarianceof selectve attentionsystemsn
responsdo 2D transformations.The rst looks for gross
errors,and measurefiow often xations extractedfrom a
transformedrersionof atestimagecorresponds xations
extractedfrom the original image. The secondmeasures
the mediandrift in the positionof xations extractedfrom
transformedandnon-transformedersionsof the sameim-
age.lt shouldbe notedthatneitherof thesemethoddeter
minewhethera xation locationis goodor bad;they simply

1This is sometimesalleda 4DOF afne transformationput sincethe
term“af ne” usuallyrefersto transformationsvith 6 DOF (the extra two
degreesof freedompermitshearing) we stick with the olderterminology
of similarity transformation$ere.



measurevhetherthe selectve attentionsystemis sensitve
to 2D similarity transforms.

Using thesemeasuresye evaluatethe Neuromorphic
Vision Toolkit (NVT), awell-known andpublicly available
selectve attentionsystemdevelopedat CalTechand USC
(seeilab.usc.edu/b). We nd, unfortunately that NVT
is highly sensitve to 2D similarity transformationsandis
thereforenot a good candidateo sene asthe front endto
anobjectrecognitionsystem gventhoughit hasbeenused
for this purpos€[26]. The extremesensitvity to 2D trans-
formationsevidentin this studyis not aninherentfeature
of neuromorphigrinciples,however, but ratheran artifact
of the publicly availableimplementation. We have there-
fore implementeda new selectve attentionsystem,called
SAFE (Selectve Attentionasa FrontEnd) basedn similar
neuromorphigrinciples.However, SAFEis morerobustto
similarity transformationsindselectsn scalein additionto
spatialcoordinatesollowing a combined‘zoom-spotlight”
modelof attention.

2. Background: Models of Attention

It haslong beentheorizedthat the primate visual sys-
temdoesnotpassvely procesall theinformationin thevi-
sual eld, but ratherselectvely attendgo speci ¢ locations
(for areview, see[18], Chapterll). Within the selectve
attentionparadigm,cognitive scientistshave proposedwo
competingmodelsof visual attention,the so-called“spot-
light” and“zoom lens” models. The spotlight model can
be metaphoricallydescribedasa penlight moving acrossa
darksceneWhenthespotlightstopsatalocation,thatloca-
tionis illuminatedor attendedo. It is a strictly spatialview
of attentionthat moveswith theinnereye. The zoomlens
model,on the otherhand, suggestsa metaphorof looking
at a scenehroughthe zoomlensof a camera.The viewer
can attendto tiny objectsby closeinspection,or “zoom-
out” andattendto larger or coarsembjects[5, 18, 17]. In
essencethe attentionwindow selectsa scale. However,
both thesemodelscould be consideredimiting, so Palmer
refersto a modelthat selectsboth location and scaleasa
combinedmodel[18]. We referto this combinedmodelas
a‘“zoom-spotlight’modelof attention.

There is growing biological evidence for the zoom-
spotlight model. Oliva and Schyns,for example,demon-
stratebottom-upqueueingof selectve attentionat speci ¢
spatialfrequencieg17]. Figurel helpsillustrate suchdif-
ferences. When we “zoom-out” we can see concentric
rings, but it is dif cult to discernthe wording unlessone
focusesn on eachletter andfollows the path. Notice that
whenoneis focusedon “here” it is dif cult to focuson “fo-
cus”without switchingour attention yeta momentagoone
wasableto focusonall therings.

Thereareadvantagedor appearance-basethjectrecog-
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Figure 1. A visual display illustrates the dif -
culty of attending to two diff erent regions and
scales at the same moment. Attention shifts
are needed to see the entire image or to focus
on individual words and letters.

Here

nition systemso the zoom-spotlightmodel. Appearance-
basedsystemsnatchpatche®f thecurrentimageto patches
of previously seenimages,and focus of attentionmecha-
nismsarerequiredfor selectinghepatchesin thepenlight
model, the selectedmagepatchwill alwaysbeata x ed
resolution,sincescaleis not selectedas part of the atten-
tion system. This canbe a problemif the systemneedsto
recognizeobjectsof varying sizes. In the zoom-spotlight
model,on the otherhand,the attentionsystemcanvary the
resolutionof the selectedmagepatch,allowing the system
to matcha wider rangeof objects. We thereforebelieve
thezoom-spotlighmodelmaybe bettersuitedwhenimpli-
mentingvisual attentionas a front endto an appearance-
basedmatching.

The zoom-spotlightmodelis a unitary model of selec-
tive attention;it assumethathumansanfocusattentionon
only one xation point atatime. Thereis evidence,how-
ever, thatpeoplemaybeableto simultaneouslyocusatten-
tion onmultiple xation points[21, 25]. If thisis true,there
is a critical questionabouthow multiple attentionwindows
areinterpreted.If they areinterpretedndependentlythen
the differencebetweenunitary and multiple-focusmodels
is a matterof schedulingand capacity(whetherthe win-
dows are processedaoncurrentlyor sequentially).If there
areinteractionsbetweernthe interpretationprocessedhow-
ever, thenthedifferencebetweerunitaryandmultiple-focus
modelsis moresigni cant. It is not clear however, how to
take signi cant advantageof a variablenumberof concur



rentattentionwindows within an appearance-basedcog-
nition paradigm, so we restrict oursehes to unitary (or
multiple-focusbut independentinodelshere.

3 Background: Neuromorphic Vision

A currentlypopularmodelof visual attentionis embed-
dedin the NeuromorphicVision Toolkit (NVT), developed
by Koch, Itti etal. atthe California Technicallnstituteand
the University of SouthernCalifornia[20, 11, 10, 8, 7, 6],
and basedon a line of researchdating back to work by
Koch and Ullman in 1985[12]. The goal of NVT is to
designvision systemsorganizedsimilarly to biological vi-
sion systems. Primatevision systemsare constructedof
highly speci ed cell organizations. In this organization,
key characteristichave beenfound; mostnotably the ex-
citatory andinhibitory opponent-processirigteractionbe-
tweentheearly processingells. This exhibits an on-center
and off-surroundeffect in associatiorwith differenttypes
of stimuli. For example, greenis excitatory if the sur
roundis redwithin theretinalganglioncells[1, 18]. Also,
within the superiorcolliculus andintraparietalsulcusthere
appearto be several neuronalmapswhich speci cally en-
codethe salienceof visualscene$2]. Kochandcolleagues
have thereforeorganizedtheir neuromorphiaision system
aroundtwo principles. First, featuremapsare constructed
of on-centerand off-surrounddifferenceswithin different
stimuli. Secondfeaturemapsarecombinednto “salieng/”
maps, where the maximumvalue in the saliencemap is
attendedto by the attentionspotlight, and salieny maps
evolveto allow for multiple featureselectiorn6].

The designof NVT is shavn in Figure 2. The image
is split into threeindependenthannelsonefor intensity
onefor oponentcolors,andonefor edgeinformation. The
opponentcolor channelis thendivided into two subchan-
nels, one for red vs. greenopponenyg, and the otherfor
bluevs. yellow. The edgechanneis alsodivided, thistime
into four subchannelaccordingto edgeorientation( ,

and degrees).Imagepyramidsare usedto simulate
multi-scaleprocessingn eachsubchannel.

Every scaleof every subchannels conceptuallycon-
volved with an on-centeroff-surroundmask. (The imple-
mentationis slightly different; seebelown.) The responses
to this maskarenormalizedbasedn theresponsesf other
pixelswithin a neighborhoodandsummedacrossscalego
producea single salieny map for every subchannel.The
subchannetalieny mapsarethennormalizedandsummed
to produceone saliengy map per channel. Thesechannel
salieny mapsarerenormalizecagainandsummedo pro-
duceasinglesalieny mapfor theimage.A neuralnetwork
selectghe rst xation from the salieny map. Thevalues
arouncthislocationarethensuppressedindtheneuralnet-
work is calledagainto choosehenext xation, in aprocess
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Figure 2. The model presented.

thatrepeatauntil the desirednumberof xations have been
selectedFor moreinformation,seg[11, 10, 8, 6, 20].

It is importantto notethatthereareothercomputational
modelsof selectve attention. Maki et al presenta system
that exploits motion and stereodepthperceptiorfor selec-
tion attention[13]. Tsotsoset al. presenta moregeneral
neuralnetwork modelthatusesselectie tuning[23]. Park
etal. recentlyintroduceda systemsimilar to NVT, except
thatthey useindependentomponentnalysisto impliment
afeaturecompetitionschemd19]. Thementionechereare
justafew in aquickly growingfeild of visualattentionrmod-
elseachwith inheriantstrengthsandlimitations.

4. Evaluating Visual Attention Models

Computationalmodels of selectve attention such as
NVT senetwo purposesascognitve modelsof primatevi-
sionandascomponent®f computervision systems.They
are dif cult to evaluatein either context. Evaluatingat-
tentionsystemsascognitive modelsis hardbecausef the
lack of groundtruth data. Eye tracking systemsrecord
eye movements,but cannotmeasurethe “inner eye's” at-
tentional xations (or selectedscales). Nonethelessthere
is presumablysomerelationbetweerocularandattentional
xations, andParkhurstet. al. areableto demonstrat¢hat
the xations selectedby NVT correspondetterto human
eye tracking datathan do randomsignals[20]. Attention
selectionsystemshave also beenevaluatedcognitively in
termsof responsdime andthevisual“pop out” effect [6].

Evaluatingattentionsystems&scomponentsf computer
vision (or objectrecognition)systemsis no easier Once



Figure 3. Image 1: Pumpkins,
Class, Image 3: Fractal 7

Image 2: to-

again, the optimal sequenceof attentionwindows is un-
known, so thereis no groundtruth data. We can, how-
ever, testfor invariance. We would like a selectve atten-
tion systento beinvariantto 2D similarity transformations.
In otherwords, we would like the systemto attendto the
samefeaturesn a scenewhetheror notthe scenehasbeen
translatedyotated,re ected or scaled. This is particularly
importantfor appearancbasedrecognitionsystemssince
aninvariantfocusof attentionsystemhasthe propertythat
it solvesthe 2D registrationproblem.

To testthe invarianceof NVT to similarity transforma-
tions,we applyit to testimagesandto transformedrersions
of thetestimages.ldeally, NVT shouldreturnthe same2D
xations for bothimages,oncewe compensatéor the ge-
ometric transformation. Since NVT usesimagesizeasa
processingarametgrboththe sourceandtransformedm-
agesare the samesiz€’. To make surethat rotationsand
translationglo not alterthe contentof the scene gvery test
imageis surroundedy alargeblackborder

The imagetransformationgestedare translation(down
andto theright) by 1, 7 and 32 pixels, rotation from 45
to 315degreesin incrementof 45 degreesandre ections
aboutthe horizontaland vertical axes. (Scalewill be dis-
cussedn Section7.) Thuswe tested12 transformations
for every testimage. The testimagesare showvn in Fig-
ure3. The rst imageis bright, with mary potentialinterest
points. The secondmageis fairly dark,andthereforepro-
videslow overall stimulation. The third imageis a fractal
image,with mary bright colorsandstrongedges.Sinceall
of the (untransformedjestimageshave blackbordersnone
of the xations aremappedo coordinatesutsidetheimage
by ary of thetransformations.

We quantify the performanceof an attention system
throughtwo measuresThe rst looksfor grosserrors,and
recordghepercentagef xations in thetestimagethatare
not within a thresholdradiusof ary xation in the trans-
formedimage,oncethe geometrictransformationis com-

2Exceptwhentestingfor scaleinvariance;seeSection7.

pensatedor. Thereportechumberis thereforea grosserror
rate. (In theseexperimentstheradiusthresholdwas1/48th
of theimagesize,roughlybetweenl7-18pixels.)

The secondmeasurds a form of the Hausdorfdistance
metric. It measure@ositionalnoise,assuminghatat least
half the xations identi ed in thetestimagearealsofound
in the transformedimage. In particular it is the median
positionaldrift, asmeasuredby:

1)

whereA is thesetof xations from theoriginal testimage,
andB is the setof compensatedxations from the trans-
formedtestimage. As long as fewer than half the loca-
tions are outliers, this statisticre ects the positionalnoise
betweenthe two setsof xations. If more than half the
points are outliers, as measuredy our rst statistic,then
this measures not meaningfulandis notreported.

5. Evaluating NVT

Using thesetests,we evaluatedthe NeuromorphicVi-
sion Toolkit (NVT) discussedibore. NVT wasparameter
izedto extract25 xations for everyimage.SinceNVT has
non-deterministicomponenti theneuralnetwork, were-
peatedeachtest10times. Table 1l shavs the averagegross
errorrateandaveragemedianpositionaldrift for everyim-
ageandtransformation.The grosserror ratesare particu-
larly startling. Simpleimagerotationsleadto error rates
betweenl12% and 84%; if we averageacrossimagesand
rotations,we get an averagegrosserror rate of over 44%.
This suggestshatif we applyNVT to animageandits ro-
tation, on averagell of the 25 featuresidenti ed as xa-
tionsin the rst imagewill notbeidenti ed as xations in
therotatedimage.Poorperformanceés alsodemostrateéh
translationsandre ections. Althougha smalltranslationof
one pixel down andto the right had no effect in termsof
grosserrorson two of thetestimageson thefractalimage
eventhis simpletransformatiorcaused! of the 25 xations
to belost. Translationsof and  pixels causedan aver-
age %and  %of xations todisappeatrespectiely.
Re ectionbehaedlik e alargerotation,with almosthalf the
xations disappearing.

Whenthe sameimagefeaturesare selectedn boththe
original andtransformedmages,they drift. For example,
whenthe imageis translatedsesen pixels down andto the
right, the new positionof a xation shouldbe seven pixels
down andto theright of the original. Insteadwe nd that
the new positionof the xation is an averageof 11 pixels
away from this predictedposition.

An interestinghumbemotreportedn Tablel is thevari-
ancebetweerrunsonasinglepairof imageqtestandtrans-
formedtest).For of imagepairs,thereis novariance



GrossError %

Transform | Img1 | Img2 | Img3 | Avg
Translatel 0.0 0.0 16.0 | 5.3
Translate? 2.0 240 | 12.0 | 12.7
Translate32 | 8.0 20.0 | 24.0 | 17.3
Re ectH 48.0 | 36.0 | 64.0 | 49.3
Re ectV 48.0 | 40.0 | 60.0 | 49.3
Rotate45 28.0 | 16.0 | 52.0 | 32.0
Rotate90 48.0 | 24.0 | 60.0 | 41.3
Rotatel135 48.0 | 48.0 | 52.0 | 49.3
Rotate180 56.0 | 44.0 | 52.0 | 50.6
Rotate225 60.0 | 44.0 | 84.0 | 62.6
Rotate270 48.0 | 32.0 | 64.0 | 46.6
Rotate315 120 | 240 | 52.0 | 29.3
Averages 33.8 | 30.6 | 49.3 | 37.9

MedianDrift
Transform | Img1 | Img2 | Img3 | Avg
Translatel 1.4 1.4 1.4 1.4
Translate7 11.4 114 | 114 | 114
Translate32 | 0.0 16.0 | 16.0 | 10.6

Re ectH - 14.0 - 14.0
Re ectV - 16.1 - 16.1
Rotate45 9.8 11.7 - 10.7
Rotate90 - 17.0 - 17.0
Rotatel35 - - - -

Rotate180 - 17.1 - 17.1
Rotate225 - 17.8 - 17.8
Rotate270 15.0 - 15.0

Rotate315 17.0 | 140 - 155
Averages 7.9 13.7 9.6 | 133

Table 1. Average Error across all modica-
tions for three Images

betweerruns. For theseimages,if you run NVT twice on
the sameimage,you getthe samesetof xations. Forthe
remainingmageshowever, NVT is non-deterministicpro-
ducingdifferent xations on somerunsthanothers.We do
not know why this happenswe suspecthe neuralnetwork
thatselectsthe nal xations. We do know thatten of the
elevencasesvherethis happensnvolve transformation®f
the fractal testimage. The lastrow of Table 1 shows the
grosserror ratesand mediandrifts for eachtestimage,av-
eragedover the eleventransformations Clearly the fractal
imageis the mostchallengingmagefor NVT.

These results are both disappointingand surprising,
sincethe descriptionof NVT's algorithmin Section2 sug-
geststhatit shouldbe invariantto rotation, translationand
re ection. Obviously, edgedetectorsare not perfectlyin-
sensitve to rotations,but NVT usesfour edgedetectorsat
45 dggreeintenals, so it shouldbe invariantto 45 degree

rotations whichis whatwe tested.Instead we believe that
theextremesensitvity to theseransformationsvidenthere
is aresultof trade-ofs madein theimplementatiorbetween
accurag andprocessingpeedFor example NVT approx-
imatescorvolutionwith anon-centeroff-surround(OCOS)
maskby subtractingpixelsatonelevel of the pyramidfrom
pixelsat a higherlevel. Thisis a computationallyef cient
approximatatiorto convolution with an OCOSmask,and
is alsousedin othersystemge.g.[19]). Unfortunatelythe
OCOSmaskit bestapproximatess squarenotcircular As
aresult,the systemis sensitve to rotations.

We also have suspicionsaboutthe consisteng of the
neuralnetwork usedto select xations. It is the only com-
ponentwe canidentify thatmight causat to selectdifferent
xations ontwo runson the sameimage,ashappeneavith
someversionsof thefractaltestimage.Logically, it maybe
introducingpart of the inconsisteng betweertransformed
imagesaswell. Certainlythecombinedsystemis very, very
sensitve to 2D transformationsGiventhatprocessorkeep
gettingfasterit maybethatsomeof thecompromisesnade
in theimplementatiorof NVT for speedwverenotwise.

There are also reportedstrengthsof NVT that we did
nottestfor. Theseincludeis robustnesgo Gaussiamoise,
andits speedn relationto humanperformanceFor further
detailsof thesepropertiessee[9, 11, 6].

6. Reimplementing Selectve Attention : SAFE

Our original intentionwasto useNVT asthe front end
to anappearancbasedbjectrecognitionsystem(see[4]).
Unfortunatelyourexperiencenith NVT summarizecdbove
corvincedusthatit would be anunreliablemethodfor se-
lecting focus of attentionregions. It also fails to select
scalesa propertythatwould be helpful to the objectrecog-
nition system.

The sensitvity to 2D transformationsevident in this
studyappeato bemoretheresultof designdecisionamade
in the implementationthan the underlying neuromorphic
theory however. We thereforedecidedto implementa new
selectve attentionsystem,basedon the sameunderlying
ideasasNVT. Sincethemotivationof our systemis to sene
asthefront endfor anobjectrecognitionsystemwe call it
SAFE (Selectve Attention asa Front End). The designof
SAFEis shawvn in Figure4. Like NVT, it dividesprocess-
ing into threechannelsintensity opponentolor, andedge.
As with NVT, theopponentolorchannels subdiidedinto
redvs. greenandbluevs. yellow channels.Also aswith
NVT, animage pyramid is createdfor eachchannel(and
subchannel).

At every level of the pyramid, the salienceof a channel
is determinedby corvolving it with a circularly symmet-
ric on-centenff-surroundmask,formedby a differenceof
gaussians.The absolutevaluesof the salienceimagesare
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Front End
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normalizedby their standarddeviation (other normaliza-
tion techniquesare being considered)and then smoothed
by corvolution with a gaussian. In the caseof the two
color subchannelsthe sameprocesss followed andthen
thesaliencémagesaresummedUnlike NVT, saliencem-
agesare not combinedacrossscaleswithin a channel. In-
steadsaliencamagesarecombinedacrosschannelswithin
eachscale producinga pyramidof saliencemaps.The rst
xation is the position(in x, y andscale)of the maximum
valuein the saliencepyramid. Whena xation is selected,
awatershedlgorithmis usedto suppressll othersalience
valuesatthesamescalethatarepartof thesamepeak.Then
theremainingmaximumvalueis the next xation.

We evaluatedSAFE usingthe sametestsand protocols
that we usedfor NVT; the resultsare shavn in Tables2.
Unlike NVT, SAFE s largely invariantto 2D transforma-
tions. Figure5 shaws the attentionwindows extractedby
NVT andSAFE for animageandits rotation. Clearly, the
xations aremore consistenbetweerthe rotatedandnon-
rotatedimagefor SAFEthanfor NVT. Thereareotherdif-
ferencesaswell, however. For SAFE, the attentionwin-
dows vary is size, dependingon the scaleof the xation;
all attentionwindows selectedby NVT arethe samesize.
This re ects the differencebetweena penlight andzoom-
spotlightmodel. Whethertheattentionwindows selectedy
SAFEare“better” thanthe onesselectecby NVT is matter
of subjectve judgement.

GrossError %

Transform | Img1 | Img2 | Img3 | Avg
Translatel 4.0 0.0 4.0 2.6
Translater 0.0 0.0 4.0 1.3
Translate32 | 4.0 0.0 4.0 2.6
Re ectH 0.0 0.0 0.0 0.0
Re ectV 0.0 0.0 4.0 1.3
Rotate45 4.0 0.0 4.0 2.6
Rotate90 0.0 0.0 4.0 1.3
Rotatel35 4.0 0.0 4.0 2.6
Rotate180 0.0 0.0 4.0 1.3
Rotate225 4.0 0.0 4.0 2.6
Rotate270 0.0 0.0 0.0 0.0
Rotate315 4.0 0.0 4.0 2.6
Averages 1.6 0.0 3.3 1.6

MedianDrift
Transform | Img1 | Img2 | Img3 | Avg
Translatel 0.0 0.0 0.0 0.0
Translater 0.0 0.0 0.0 0.0
Translate32 | 0.0 0.0 0.0 0.0

Re ectH 0.0 1.0 1.0 0.6
Re ectV 1.0 1.0 1.0 1.0
Rotate45 1.0 1.0 1.0 1.0
Rotate90 1.0 1.4 1.0 3.1

Rotate135 1.0 1.0 1.0 1.0
Rotate180 1.0 2.2 1.0 1.4
Rotate225 1.4 1.0 40 | 21
Rotate270 1.0 1.0 1.0 1.0
Rotate315 1.0 1.0 1.0 1.0
Averages 0.7 0.8 2.0 1.2

Table 2. Average Error across all modica-
tions for three Images

7.Scalelnvariance

Sofar, we have evaluated\NVT andSAFEfor invariance
to translationrotationandre ection, but not scale.This is
becausescaleinvarianceis the one areawherethe design
goalsof NVT andSAFE differ. NVT embodiesa penlight
modelof selectve attention;it selectsthe positionsof x-
ations, but not the scales. In fact, it explicitly integrates
information acrossscales. SAFE, on the other hand,im-
plementsazoom-spotlighmodelandselectsothpositions
andscales.

NVT isalsoparameterizelly theimagesize.As aresult,
if onereduceghe resolutionof animagefeaturewithout
changingthe overall imagesize (for example, by moving
the objectfartheraway from the camera)jt may no longer
selectthe sameimagefeature. NVT is not designedo be
scaleinvariantin this sensegventhoughit doesmulti-scale



Figure 5. Visual output of NVT (shown on the
left) compared to the output of SAFE (shown
on the right).

GrossError%
Transform| Img1 | Img2 | Img3 | Avg
Scaledl/2 | 24.0 | 36.0 | 56.0 | 38.6
Scaledl/4 | 68.0 | 88.0 | 96.0 | 84
Averages | 46.0 | 62.0 | 76.0 | 61.3

MedianDrift
Transform| Img1 | Img2 | Img3 | Avg
Scaledl/2 | 16.0 | 16.0 - 16.0
Scaledl/4 - - - -
Averages | 16.0 | 16.0 - 16.0

Table 3. NVT: Average Error across all scale
modi cations for three Images

processing SAFE, on the otherhand,is not parameterized
by imagesize, and selectsscalesas well as positions. If
the resolutionof an imagefeatureis reduced,one would
hopeto nd the samefeaturein the new image, but at a
reducedresolution. We thereforehave to be carefulwhen
comparingtherelative scaleinvarianceof NVT andSAFE.
In principle,if thescaleof anentireimageis reducedNVT
shouldselectthe samefeaturelocationsasin the original,
sincetheimagesizewill bereducedby the samefactoras
theimagefeatures.Unfortunately Table 3 shavs thatNVT
is no more invariantto scalein this sensethanit wasto
translationrotationor re ection. In SAFE, the size of the
masksis a userparameter If thesemasksarereducedby
the samefactorasthe image, it shouldbehae like NVT,
i.e. it shouldselectthe samefeaturelocationsin the both

GrossError %

Transform| Img1 | Img2 | Img3 | Avg
Scaledl/2 | 4.0 4.0 16.0 | 8.0
Scaledl/4 | 12.0 8.0 16.0 | 12.0
Averages | 8.0 6.0 16.0 | 10.0
MedianDrift
Transform| Img1 | Img2 | Img3 | Avg
Scaledl/2 | 1.0 1.0 1.4 3.1
Scaledl/4 | 3.6 3.1 3.1 3.2
Averages | 2.3 2.0 2.2 3.1

Table 4. SAFE: Average Error across scale
modi cations for three Images

the original andreducedmage. As shovn in Table4, this
is essentiallywhathappendor SAFE.

8. Conclusion

The NeuromorphicVision Toolkit (NVT) is a well-
known and publicly available computationaimodel of se-
lective attention. In at leastone paperit hasbeenusedas
the front end to an object recognitionsystem[26]. Our
studiessuggesthowever, thatthe publicly availableimple-
mentationis highly sensitve to 2D transformationsandis
thereforenotagoodcandidatdor thefront endof anobject
recognitionsystem.

To addresgheseproblems,we have createda new se-
lective attentionsystemcalled SAFE basedon roughly the
sameneuromorphigrinciplesasNVT. SAFE hasthe ad-
vantagethat it is largely invariantto 2D transformations.
Also, it selectscalesaswell aslocationsfor xations, mak-
ing it a zoom-spotligh{ratherthanpenlight) modelof se-
lective attention.

SAFEis publicly availableandcanbe downloadedrom
our web site along with basicdataseté For speed,it is
implementedusing Intel's IPPI library, which is commer
cially availablefor Intel processorsunningeitherWindows
or Linux.
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