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Abstract

Computationalselectiveattentionsystemshavemostly
beendevelopedasmodelsof humanattention,andtheyhave
beenevaluatedon that basis. Now, however, they are be-
ing usedas front endsto object recognition systems,and
in particular to appearance-basedrecognition systems.As
such, they needto be evaluatedby other criteria. A com-
mongoal for objectrecognition systmsin invarianceto 2D
similarity transformations(i.e. in-planetranslations,rota-
tions, re�ections and scales). This implies that attention
systemsusedasfront endsshouldalsobeinvariant to sim-
ilarity transforms.ThispaperevaluatestheNeuromorphic
Vision Toolkit (NVT),a well knownand publicly available
selectiveattentionsystem,and�nds it to behighlysensitive
to 2D similarity transforms. Further investigation,how-
ever, suggeststhat this sensitivityis an artifact of thepub-
licly available implementation,and not of the neuromor-
phicprinciplesit is basedon. Thereforewehavedeveloped
a new system,called SAFE(SelectiveAttentionasa Front
End), that is conceptuallysimilar to NVT. However, SAFE
is largely invariant to 2D similarity transformationsof the
sourceimageandselectsscalesaswell asspatiallocations
for �xations, implementinga combined“zoom-spotlight”
modelof attention.

1. Intr oduction

In theprimatevisualsystem,it is believedthatonly se-
lect locationsof a sceneareprocessedin detail, [1, 3, 18]
andtheselocationsarecommonlyreferredto asthesalient
�xations of a scene.Cognitive scientistsbelieve that �xa-
tions areselectedboth bottom-up,in responseto the con-
tentsof thecurrentscene,andtop-down, re�ecting current
goals[18, 24]. Therearea numberof computationalsys-
temsthat attemptto model aspectsof selective attention,
including[13, 14, 24, 23, 19, 8, 22, 16].

Mostof thesesystemswereintendedascognitivemodels

of humanattention,andhave thereforebeenevaluatedby
cognitivesciencemeasures,suchasthe“pop-out”effect[6],
their speedin relation to humanperformance[6], and �-
delity to humaneye trackingexperiments[20]. More and
more,however, computationalmodelsof selectiveattention
areutilizedasthefront endto automaticobjectrecognition
systems,andin particularto appearance-basedsystems(e.g.
[26]). In this case,they needto beevaluatedby othercrite-
ria.

Appearance-basedrecognitionsystemsmatch features
extractedfrom imagepatchesto featuresstoredin memory.
In general,appearance-basedmatchingis not invariant to
3D geometrictransformations.3D objectrecognitionis im-
plementedby matchingto featuresextractedfrom many dif-
ferentviewsof anobject,ofteninterpolatingbetweenview-
points(e.g. [15]).

To keepthenumberof appearance-basedtemplatesman-
ageable,however, it is helpful if appearancematchingis in-
variantto 2D similarity transformations(i.e. 2D translation,
rotation,re�ection andscale1) of theimage.This is thead-
vantageof usinga selectiveattentionsystemasa front end;
it focusesonobjectsto match,regardlessof theirpositionin
the(2D) image.It implies,however, thatselectiveattention
systemsshouldbe invariantto 2D similarity transforms,at
leastin this context.

This paperpresentstwo simplemethodsfor empirically
measuringthe invarianceof selective attentionsystemsin
responseto 2D transformations.The �rst looks for gross
errors,andmeasureshow often �xations extractedfrom a
transformedversionof atestimagecorrespondsto �xations
extractedfrom the original image. The secondmeasures
themediandrift in thepositionof �xations extractedfrom
transformedandnon-transformedversionsof thesameim-
age.It shouldbenotedthatneitherof thesemethodsdeter-
minewhethera�xation locationis goodor bad;they simply

1This is sometimescalleda 4DOFaf�ne transformation,but sincethe
term“af�ne” usuallyrefersto transformationswith 6 DOF (theextra two
degreesof freedompermitshearing),we stick with theolder terminology
of similarity transformationshere.



measurewhethertheselective attentionsystemis sensitive
to 2D similarity transforms.

Using thesemeasures,we evaluatethe Neuromorphic
VisionToolkit (NVT), a well-known andpublicly available
selective attentionsystemdevelopedat CalTechandUSC
(seeilab.usc.edu/bu). We �nd, unfortunately, that NVT
is highly sensitive to 2D similarity transformations,andis
thereforenot a goodcandidateto serve asthe front endto
anobjectrecognitionsystem,eventhoughit hasbeenused
for this purpose[26]. Theextremesensitivity to 2D trans-
formationsevident in this study is not an inherentfeature
of neuromorphicprinciples,however, but ratheranartifact
of the publicly available implementation.We have there-
fore implementeda new selective attentionsystem,called
SAFE(SelectiveAttentionasaFrontEnd)basedonsimilar
neuromorphicprinciples.However, SAFEis morerobustto
similarity transformationsandselectsin scalein additionto
spatialcoordinatesfollowing a combined“zoom-spotlight”
modelof attention.

2. Background: Modelsof Attention

It haslong beentheorizedthat the primatevisual sys-
temdoesnotpassively processall theinformationin thevi-
sual�eld, but ratherselectively attendsto speci�c locations
(for a review, see[18], Chapter11). Within the selective
attentionparadigm,cognitive scientistshave proposedtwo
competingmodelsof visual attention,the so-called“spot-
light” and “zoom lens” models. The spotlightmodel can
bemetaphoricallydescribedasa penlight moving acrossa
darkscene.Whenthespotlightstopsatalocation,thatloca-
tion is illuminatedor attendedto. It is astrictly spatialview
of attentionthatmoveswith the inner-eye. The zoomlens
model,on the otherhand,suggestsa metaphorof looking
at a scenethroughthezoomlensof a camera.The viewer
can attendto tiny objectsby closeinspection,or “zoom-
out” andattendto larger or coarserobjects[5, 18, 17]. In
essence,the attentionwindow selectsa scale. However,
both thesemodelscouldbeconsideredlimiting, soPalmer
refersto a model that selectsboth locationandscaleasa
combinedmodel[18]. We refer to this combinedmodelas
a “zoom-spotlight”modelof attention.

There is growing biological evidence for the zoom-
spotlightmodel. Oliva andSchyns,for example,demon-
stratebottom-upqueueingof selective attentionat speci�c
spatialfrequencies[17]. Figure1 helpsillustratesuchdif-
ferences. When we “zoom-out” we can see concentric
rings, but it is dif�cult to discernthe wording unlessone
focusesin on eachletterandfollows the path. Notice that
whenoneis focusedon“here” it is dif�cult to focuson“fo-
cus”withoutswitchingourattention,yetamomentagoone
wasableto focusonall therings.

Thereareadvantagesfor appearance-basedobjectrecog-

Figure 1. A visual displa y 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 letter s.

nition systemsto the zoom-spotlightmodel. Appearance-
basedsystemsmatchpatchesof thecurrentimageto patches
of previously seenimages,and focusof attentionmecha-
nismsarerequiredfor selectingthepatches.In thepenlight
model, the selectedimagepatchwill alwaysbe at a �x ed
resolution,sincescaleis not selectedaspart of the atten-
tion system.This canbe a problemif thesystemneedsto
recognizeobjectsof varying sizes. In the zoom-spotlight
model,on theotherhand,theattentionsystemcanvary the
resolutionof theselectedimagepatch,allowing thesystem
to matcha wider rangeof objects. We thereforebelieve
thezoom-spotlightmodelmaybebettersuitedwhenimpli-
mentingvisual attentionas a front end to an appearance-
basedmatching.

The zoom-spotlightmodel is a unitary modelof selec-
tiveattention;it assumesthathumanscanfocusattentionon
only one�xation point at a time. Thereis evidence,how-
ever, thatpeoplemaybeableto simultaneouslyfocusatten-
tion onmultiple �xation points[21, 25]. If this is true,there
is a critical questionabouthow multiple attentionwindows
areinterpreted.If they areinterpretedindependently, then
the differencebetweenunitary andmultiple-focusmodels
is a matterof schedulingand capacity(whetherthe win-
dows areprocessedconcurrentlyor sequentially).If there
areinteractionsbetweenthe interpretationprocesses,how-
ever, thenthedifferencebetweenunitaryandmultiple-focus
modelsis moresigni�cant. It is not clear, however, how to
take signi�cant advantageof a variablenumberof concur-



rent attentionwindows within an appearance-basedrecog-
nition paradigm,so we restrict ourselves to unitary (or
multiple-focusbut independent)modelshere.

3 Background: Neuromorphic Vision

A currentlypopularmodelof visualattentionis embed-
dedin theNeuromorphicVision Toolkit (NVT), developed
by Koch,Itti et al. at theCaliforniaTechnicalInstituteand
theUniversityof 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 biologicalvi-
sion systems. Primatevision systemsare constructedof
highly speci�ed cell organizations. In this organization,
key characteristicshave beenfound; mostnotably the ex-
citatoryandinhibitory opponent-processinginteractionbe-
tweentheearlyprocessingcells.This exhibitsanon-center
andoff-surroundeffect in associationwith different types
of stimuli. For example, green is excitatory if the sur-
roundis redwithin theretinalganglioncells [1, 18]. Also,
within thesuperiorcolliculusandintraparietalsulcusthere
appearto be several neuronalmapswhich speci�cally en-
codethesalienceof visualscenes[2]. Kochandcolleagues
have thereforeorganizedtheir neuromorphicvision system
aroundtwo principles. First, featuremapsareconstructed
of on-centerand off-surrounddifferenceswithin different
stimuli. Second,featuremapsarecombinedinto “saliency”
maps,where the maximum value in the saliencemap is
attendedto by the attentionspotlight, and saliency maps
evolve to allow for multiple featureselection[6].

The designof NVT is shown in Figure 2. The image
is split into threeindependentchannels,one for intensity,
onefor oponentcolors,andonefor edgeinformation. The
opponentcolor channelis thendivided into two subchan-
nels, one for red vs. greenopponency, and the other for
bluevs. yellow. Theedgechannelis alsodivided,this time
into four subchannelsaccordingto edgeorientation(
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and ���	� degrees).Imagepyramidsareusedto simulate
multi-scaleprocessingin eachsubchannel.

Every scaleof every subchannelis conceptuallycon-
volvedwith an on-center, off-surroundmask. (The imple-
mentationis slightly different; seebelow.) The responses
to thismaskarenormalizedbasedon theresponsesof other
pixelswithin a neighborhood,andsummedacrossscalesto
producea singlesaliency mapfor every subchannel.The
subchannelsaliency mapsarethennormalizedandsummed
to produceonesaliency mapper channel. Thesechannel
saliency mapsarerenormalizedagainandsummedto pro-
duceasinglesaliency mapfor theimage.A neuralnetwork
selectsthe �rst �xation from thesaliency map. Thevalues
aroundthis locationarethensuppressed,andtheneuralnet-
work is calledagainto choosethenext �xation, in aprocess

Figure 2. The model presented.

thatrepeatsuntil thedesirednumberof �xations have been
selected.For moreinformation,see[11, 10, 8, 6, 20].

It is importantto notethat thereareothercomputational
modelsof selective attention. Maki et al presenta system
thatexploits motion andstereodepthperceptionfor selec-
tion attention[13]. Tsotsoset al. presenta moregeneral
neuralnetwork modelthatusesselective tuning[23]. Park
et al. recentlyintroduceda systemsimilar to NVT, except
thatthey useindependentcomponentanalysisto impliment
a featurecompetitionscheme[19]. Thementionedhereare
justafew in aquicklygrowing feild of visualattentionmod-
elseachwith inheriantstrengthsandlimitations.

4. Evaluating Visual Attention Models

Computationalmodels of selective attention such as
NVT servetwo purposes,ascognitivemodelsof primatevi-
sionandascomponentsof computervision systems.They
are dif�cult to evaluatein either context. Evaluatingat-
tentionsystemsascognitive modelsis hardbecauseof the
lack of ground truth data. Eye tracking systemsrecord
eye movements,but cannotmeasurethe “inner eye's” at-
tentional�xations (or selectedscales).Nonetheless,there
is presumablysomerelationbetweenocularandattentional
�xations, andParkhurstet. al. areableto demonstratethat
the �xations selectedby NVT correspondbetterto human
eye trackingdatathando randomsignals[20]. Attention
selectionsystemshave also beenevaluatedcognitively in
termsof responsetime andthevisual“pop out” effect [6].

Evaluatingattentionsystemsascomponentsof computer
vision (or object recognition)systemsis no easier. Once



Figure 3. Image 1: Pumpkins, Image 2: to­
Class, Image 3: Fractal 7

again, the optimal sequenceof attentionwindows is un-
known, so there is no ground truth data. We can, how-
ever, test for invariance. We would like a selective atten-
tion systemto beinvariantto 2D similarity transformations.
In otherwords,we would like the systemto attendto the
samefeaturesin a scene,whetheror not thescenehasbeen
translated,rotated,re�ected or scaled.This is particularly
importantfor appearancebasedrecognitionsystems,since
aninvariantfocusof attentionsystemhasthepropertythat
it solvesthe2D registrationproblem.

To testthe invarianceof NVT to similarity transforma-
tions,weapplyit to testimagesandto transformedversions
of thetestimages.Ideally, NVT shouldreturnthesame2D
�xations for both images,oncewe compensatefor thege-
ometric transformation.SinceNVT usesimagesize asa
processingparameter, boththesourceandtransformedim-
agesare the samesize2. To make surethat rotationsand
translationsdo not alter thecontentof thescene,every test
imageis surroundedby a largeblackborder.

The imagetransformationstestedaretranslation(down
and to the right) by 1, 7 and 32 pixels, rotation from 45
to 315degreesin incrementsof 45 degrees,andre�ections
aboutthe horizontalandvertical axes. (Scalewill be dis-
cussedin Section7.) Thus we tested12 transformations
for every test image. The test imagesare shown in Fig-
ure3. The�rst imageis bright,with many potentialinterest
points. Thesecondimageis fairly dark,andthereforepro-
videslow overall stimulation. The third imageis a fractal
image,with many bright colorsandstrongedges.Sinceall
of the(untransformed)testimageshaveblackborders,none
of the�xations aremappedto coordinatesoutsidetheimage
by any of thetransformations.

We quantify the performanceof an attention system
throughtwo measures.The�rst looksfor grosserrors,and
recordsthepercentageof �xations in thetestimagethatare
not within a thresholdradiusof any �xation in the trans-
formedimage,oncethe geometrictransformationis com-

2Exceptwhentestingfor scaleinvariance;seeSection7.

pensatedfor. Thereportednumberis thereforeagrosserror
rate.(In theseexperiments,theradiusthresholdwas1/48th
of theimagesize,roughlybetween17-18pixels.)

The secondmeasureis a form of theHausdorfdistance
metric. It measurespositionalnoise,assumingthatat least
half the�xations identi�ed in thetestimagearealsofound
in the transformedimage. In particular, it is the median
positionaldrift, asmeasuredby:
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(1)

whereA is thesetof �xations from theoriginal testimage,
andB is the set of compensated�xations from the trans-
formed test image. As long as fewer than half the loca-
tions areoutliers,this statisticre�ects the positionalnoise
betweenthe two setsof �xations. If more than half the
pointsareoutliers,asmeasuredby our �rst statistic,then
this measureis notmeaningfulandis not reported.

5. Evaluating NVT

Using thesetests,we evaluatedthe NeuromorphicVi-
sionToolkit (NVT) discussedabove. NVT wasparameter-
izedto extract25 �xations for every image.SinceNVT has
non-deterministiccomponentsin theneuralnetwork,were-
peatedeachtest10 times.Table1 shows theaveragegross
errorrateandaveragemedianpositionaldrift for every im-
ageandtransformation.The grosserror ratesareparticu-
larly startling. Simple imagerotationslead to error rates
between12% and84%; if we averageacrossimagesand
rotations,we get an averagegrosserror rateof over 44%.
This suggeststhat if we applyNVT to animageandits ro-
tation, on average11 of the 25 featuresidenti�ed as�xa-
tions in the �rst imagewill not be identi�ed as�xations in
therotatedimage.Poorperformanceis alsodemostratedin
translationsandre�ections.Althougha smalltranslationof
onepixel down andto the right hadno effect in termsof
grosserrorson two of thetestimages,on thefractal image
eventhissimpletransformationcaused4 of the25 �xations
to be lost. Translationsof 0 and �21 pixelscausedan aver-
age�315460 %and ��074 � %of �xations to disappear, respectively.
Re�ectionbehavedlikealargerotation,with almosthalf the
�xations disappearing.

Whenthe sameimagefeaturesareselectedin both the
original andtransformedimages,they drift. For example,
whenthe imageis translatedsevenpixelsdown andto the
right, thenew positionof a �xation shouldbesevenpixels
down andto theright of theoriginal. Instead,we �nd that
the new positionof the �xation is an averageof 11 pixels
away from this predictedposition.

An interestingnumbernotreportedin Table1 is thevari-
ancebetweenrunsonasinglepairof images(testandtrans-
formedtest).For 1-8 of �28 imagepairs,thereis novariance



GrossError%
Transform Img 1 Img 2 Img 3 Avg
Translate1 0.0 0.0 16.0 5.3
Translate7 2.0 24.0 12.0 12.7
Translate32 8.0 20.0 24.0 17.3
Re�ect H 48.0 36.0 64.0 49.3
Re�ect V 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
Rotate135 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 12.0 24.0 52.0 29.3
Averages 33.8 30.6 49.3 37.9

MedianDrift
Transform Img 1 Img 2 Img 3 Avg
Translate1 1.4 1.4 1.4 1.4
Translate7 11.4 11.4 11.4 11.4
Translate32 0.0 16.0 16.0 10.6
Re�ect H - 14.0 - 14.0
Re�ect V - 16.1 - 16.1
Rotate45 9.8 11.7 - 10.7
Rotate90 - 17.0 - 17.0
Rotate135 - - - -
Rotate180 - 17.1 - 17.1
Rotate225 - 17.8 - 17.8
Rotate270 - 15.0 - 15.0
Rotate315 17.0 14.0 - 15.5
Averages 7.9 13.7 9.6 13.3

Table 1. Average Error across all modi�ca­
tions for three Images

betweenruns. For theseimages,if you run NVT twice on
thesameimage,you get thesamesetof �xations. For the
remainingimages,however, NVT is non-deterministic,pro-
ducingdifferent�xations on somerunsthanothers.We do
not know why this happens;we suspecttheneuralnetwork
that selectsthe �nal �xations. We do know that tenof the
elevencaseswherethis happensinvolve transformationsof
the fractal test image. The last row of Table1 shows the
grosserror ratesandmediandrifts for eachtestimage,av-
eragedover theeleventransformations.Clearly the fractal
imageis themostchallengingimagefor NVT.

These results are both disappointingand surprising,
sincethedescriptionof NVT' s algorithmin Section2 sug-
geststhat it shouldbe invariantto rotation,translationand
re�ection. Obviously, edgedetectorsarenot perfectly in-
sensitive to rotations,but NVT usesfour edgedetectorsat
45 degreeintervals, so it shouldbe invariantto 45 degree

rotations,which is whatwe tested.Instead,we believe that
theextremesensitivity to thesetransformationsevidenthere
is aresultof trade-offsmadein theimplementationbetween
accuracy andprocessingspeed.For example,NVT approx-
imatesconvolutionwith anon-center, off-surround(OCOS)
maskby subtractingpixelsatonelevel of thepyramidfrom
pixelsat a higherlevel. This is a computationallyef�cient
approximatationto convolution with an OCOSmask,and
is alsousedin othersystems(e.g.[19]). Unfortunately, the
OCOSmaskit bestapproximatesis square,notcircular. As
a result,thesystemis sensitive to rotations.

We also have suspicionsabout the consistency of the
neuralnetwork usedto select�xations. It is theonly com-
ponentwecanidentify thatmightcauseit to selectdifferent
�xations on two runson thesameimage,ashappenedwith
someversionsof thefractaltestimage.Logically, it maybe
introducingpart of the inconsistency betweentransformed
imagesaswell. Certainlythecombinedsystemis very, very
sensitive to 2D transformations.Giventhatprocessorskeep
gettingfaster, it maybethatsomeof thecompromisesmade
in theimplementationof NVT for speedwerenotwise.

Thereare also reportedstrengthsof NVT that we did
not testfor. Theseincludeis robustnessto Gaussiannoise,
andits speedin relationto humanperformance.For further
detailsof theseproperties,see[9, 11, 6].

6. ReimplementingSelective Attention : SAFE

Our original intentionwasto useNVT asthe front end
to anappearancebasedobjectrecognitionsystem(see[4]).
Unfortunately,ourexperiencewith NVT summarizedabove
convincedus that it would beanunreliablemethodfor se-
lecting focus of attentionregions. It also fails to select
scales,a propertythatwouldbehelpful to theobjectrecog-
nition system.

The sensitivity to 2D transformationsevident in this
studyappearto bemoretheresultof designdecisionsmade
in the implementationthan the underlyingneuromorphic
theory, however. We thereforedecidedto implementa new
selective attentionsystem,basedon the sameunderlying
ideasasNVT. Sincethemotivationof oursystemis to serve
asthefront endfor anobjectrecognitionsystem,we call it
SAFE(Selective Attentionasa FrontEnd). The designof
SAFEis shown in Figure4. Like NVT, it dividesprocess-
ing into threechannels:intensity, opponentcolor, andedge.
As with NVT, theopponentcolorchannelis subdividedinto
red vs. greenandblue vs. yellow channels.Also aswith
NVT, an imagepyramid is createdfor eachchannel(and
subchannel).

At every level of thepyramid, thesalienceof a channel
is determinedby convolving it with a circularly symmet-
ric on-centeroff-surroundmask,formedby a differenceof
gaussians.The absolutevaluesof the salienceimagesare



Figure 4. Model of Selective Attention as a
Front End

normalizedby their standarddeviation (other normaliza-
tion techniquesarebeingconsidered),and thensmoothed
by convolution with a gaussian. In the caseof the two
color subchannels,the sameprocessis followed andthen
thesalienceimagesaresummed.UnlikeNVT, salienceim-
agesarenot combinedacrossscaleswithin a channel. In-
stead,salienceimagesarecombinedacrosschannelswithin
eachscale,producingapyramidof saliencemaps.The�rst
�xation is theposition(in x, y andscale)of themaximum
valuein thesaliencepyramid. Whena �xation is selected,
a watershedalgorithmis usedto suppressall othersalience
valuesatthesamescalethatarepartof thesamepeak.Then
theremainingmaximumvalueis thenext �xation.

We evaluatedSAFE usingthe sametestsandprotocols
that we usedfor NVT; the resultsare shown in Tables2.
Unlike NVT, SAFE is largely invariantto 2D transforma-
tions. Figure5 shows the attentionwindows extractedby
NVT andSAFEfor an imageandits rotation. Clearly, the
�xations aremoreconsistentbetweentherotatedandnon-
rotatedimagefor SAFEthanfor NVT. Thereareotherdif-
ferencesas well, however. For SAFE, the attentionwin-
dows vary is size,dependingon the scaleof the �xation;
all attentionwindows selectedby NVT arethe samesize.
This re�ects thedifferencebetweena penlight andzoom-
spotlightmodel.Whethertheattentionwindowsselectedby
SAFEare“better” thantheonesselectedby NVT is matter
of subjective judgement.

GrossError%
Transform Img 1 Img 2 Img 3 Avg
Translate1 4.0 0.0 4.0 2.6
Translate7 0.0 0.0 4.0 1.3
Translate32 4.0 0.0 4.0 2.6
Re�ect H 0.0 0.0 0.0 0.0
Re�ect V 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
Rotate135 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 Img 1 Img 2 Img 3 Avg
Translate1 0.0 0.0 0.0 0.0
Translate7 0.0 0.0 0.0 0.0
Translate32 0.0 0.0 0.0 0.0
Re�ect H 0.0 1.0 1.0 0.6
Re�ect V 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 4.0 2.1
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 modi�ca­
tions for three Images

7. ScaleInvariance

Sofar, wehaveevaluatedNVT andSAFEfor invariance
to translation,rotationandre�ection, but not scale.This is
becausescaleinvarianceis the oneareawherethe design
goalsof NVT andSAFEdiffer. NVT embodiesa penlight
modelof selective attention;it selectsthe positionsof �x-
ations,but not the scales. In fact, it explicitly integrates
information acrossscales. SAFE, on the other hand,im-
plementsazoom-spotlightmodelandselectsbothpositions
andscales.

NVT isalsoparameterizedby theimagesize.As aresult,
if one reducesthe resolutionof an imagefeaturewithout
changingthe overall imagesize (for example,by moving
theobjectfartheraway from thecamera),it mayno longer
selectthe sameimagefeature. NVT is not designedto be
scaleinvariantin thissense,eventhoughit doesmulti-scale



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

GrossError%
Transform Img 1 Img 2 Img 3 Avg
Scaled1/2 24.0 36.0 56.0 38.6
Scaled1/4 68.0 88.0 96.0 84
Averages 46.0 62.0 76.0 61.3

MedianDrift
Transform Img 1 Img 2 Img 3 Avg
Scaled1/2 16.0 16.0 - 16.0
Scaled1/4 - - - -
Averages 16.0 16.0 - 16.0

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

processing.SAFE,on theotherhand,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 reduced,NVT
shouldselectthe samefeaturelocationsasin the original,
sincethe imagesizewill be reducedby thesamefactoras
theimagefeatures.Unfortunately, Table3 shows thatNVT
is no more invariant to scalein this sensethan it was to
translation,rotationor re�ection. In SAFE,thesizeof the
masksis a userparameter. If thesemasksarereducedby
the samefactoras the image,it shouldbehave like NVT,
i.e. it shouldselectthe samefeaturelocationsin the both

GrossError%
Transform Img 1 Img 2 Img 3 Avg
Scaled1/2 4.0 4.0 16.0 8.0
Scaled1/4 12.0 8.0 16.0 12.0
Averages 8.0 6.0 16.0 10.0

MedianDrift
Transform Img 1 Img 2 Img 3 Avg
Scaled1/2 1.0 1.0 1.4 3.1
Scaled1/4 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

theoriginal andreducedimage. As shown in Table4, this
is essentiallywhathappensfor SAFE.

8. Conclusion

The NeuromorphicVision Toolkit (NVT) is a well-
known andpublicly availablecomputationalmodelof se-
lective attention. In at leastonepaperit hasbeenusedas
the front end to an object recognitionsystem[26]. Our
studiessuggest,however, that thepublicly availableimple-
mentationis highly sensitive to 2D transformations,andis
thereforenotagoodcandidatefor thefront endof anobject
recognitionsystem.

To addresstheseproblems,we have createda new se-
lective attentionsystemcalledSAFEbasedon roughly the
sameneuromorphicprinciplesasNVT. SAFE hasthe ad-
vantagethat it is largely invariant to 2D transformations.
Also, it selectsscalesaswell aslocationsfor �xations, mak-
ing it a zoom-spotlight(ratherthanpenlight) modelof se-
lectiveattention.

SAFEis publicly availableandcanbedownloadedfrom
our web site along with basicdatasets3. For speed,it is
implementedusing Intel's IPPI library, which is commer-
cially availablefor Intel processorsrunningeitherWindows
or Linux.
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