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Abstract

We apply a biologically inspired model of visual object
recaynitionto themulticlassobjectcategorizationproblem.
Our modelmodi es that of Seree, Wolf, and Poggio. Asin
that work, we r st apply Gabor Iter s at all positionsand
scalesfeatule compleity andposition/scalénvarianceare
then built up by alternating templatematding and max
pooling operations. We re ne the approadc in several bi-
ologically plausibleways,usingsimpleversionsof sparsi-
cation andlateral inhibition. We demonstate the valueof
retainingsomepositionandscaleinformationabovethein-
termediatefeature level. Using feature selectionwe arrive
at a modelthat performsbetterwith fewer featues. Our
nal modelis testedon the Caltech 101 object categories
andthe UIUC car localizationtask,in both casesachiev-
ing state-of-the-arperformanceTheresultsstrengtherthe
casefor usingthis classof modelin computervision.

1. Intr oduction

The problemof recognizingmultiple objectclassesn nat-
uralimageshasprovento be a dif cult challengefor com-
putervision. Giventhe vastly superiorperformancenf hu-
manvision on this task, it is reasonabléo look to biology
forinspiration.In fact,recentwork by Serre Wolf, andPog-
gio [23] hasshavn thatacomputationainodelbasedn our
knowledgeof visualcortex canbe competitve with thebest
existing computervision systemson someof the standard
recognitiondatasetsOur paperbuilds on theirapproachy
incorporatingsomeadditionalbiologically-motivatedprop-
erties,includingsparsi cationof features|ateralinhibition,
andfeaturelocalization. We shawv thatthesemodi cations
furtherimproverecognitionperformancestrengtheningur
understandin@f the computationatonstraintfacingboth
biologicalandcomputewision systems.

Within machindearning,it hasbeenfoundthatincreas-

ing the sparsityof basisfunctions[ 7, 14] (equialentto re-
ducingthe capacityof theclassi er) playsanimportantrole
in improving generalizatiomperformanceSimilarly, within
computationaheurosciencet hasbeenfoundthataddinga
sparsityconstraintis critical for learningbiologically plau-
sible modelsfrom the statisticsof naturalimages 20]. For
objectclassrecognition,oneway we have foundto increase
sparsityis to usea lateralinhibition modelthat eliminates
wealer responseshat disagreewith the locally dominant
ones. We further enhancehis approachby matchingonly
the dominantorientationat eachposition within a feature
ratherthancomparingall orientationresponsesie alsoin-
creasesparsityduring nal classi cationby discardingfea-
tureswith low weightsandusingonly thosethathave been
found mosteffective. We shav that eachof thesechanges
providesasigni cant boostin generalizatioperformance.

While somecurrentsuccessfumethodsfor objectclass
recognitionlearn and apply quite precisegeometriccon-
straintson featurelocations[6, 3], othersignoregeometry
and usea “bag of features”approachthat ignoresthe lo-
cationsof individual featureq4]. Accordingto modelsof
objectrecognitionin cortex [21], the brain usesa hierar
chicalapproachin which simple,low-level featureshaving
high positionandscalespeci city arepooledandcombined
into morecomple, higherlevel featureshaving greatero-
cationinvariance.We investigateretainingsomedegreeof
positionandscalesensitvity atahigherpointin this hierar
chythantheapproactof [ 23], andshaw thatthis providesa
signi cantimprovementn nal classi cationperformance.

We testtheseimprovementon the large Caltechdataset
of imagesfrom 101 objectclasseqg5]. Our resultsshav
thattherearesigni cant improvementgo classi cationper
formancefrom eachof the changes. Furthertestson the
UIUC cardatabasgl] demonstratehat the resultingsys-
tem can also performwell on object detectionand local-
ization. Our resultsfurther strengtherthe casefor incor
poratingconceptsrom biologicalvision into the designof
computewision systems.



2. Models

The model presentedn this paperis basedon the “stan-
dardmodel” of objectrecognitionin cortex (assummarized
by [21]), which focuseson the capabilitiesof the ventral
visual pathway in an“‘immediaterecognition’mode,inde-
pendentof attentionor othertop-davn effects. The rapid
performanceof the humanvisual systemin this modeim-
plies mainly feedforward processingmakingit the easiest
to model.

2.1 Previous models

Our modelbuilds on thatof Serreetal. [23], whichin turn
extendsthe “HMAX” model of Riesenhuberand Poggio
[21]. Thesearethe latestof a groupof modelswhich can
be saidto implementpartsof the standardnodel, includ-
ing convolutional networks [16] and Neocognitrong 10).

All startwith animagelayer of grayscalepixels and suc-
cessiely computehigher layers, alternating“S” and “C”

layers(namedby analogywith the V1 simpleandcomplex
cellsdiscoreredby HubelandWiesel[13).

Simple(“S”) layersusecorvolutionwith local Iters to
computehigherorderfeaturesdby combiningdifferent
typesof unitsin the previouslayer.

Comple (“C”) layersincreasdnvarianceby pooling
units of the sametypein the previouslayer over lim-

ited ranges.At the sametime, the numberof unitsis
reducedby subsampling.

Recentmodels have moved towards greaterquantita-
tive delity to the ventral stream. HMAX was designed
to accountfor the tuning andinvariancepropertieq 18] of
neuronsin IT cortex. Ratherthanattemptingto learnits
bottom-level (“S1”) featuresHMAX useshardwired lters
designedo emulateV1 simplecells. SubsequentC” lay-
ersarecomputedusinga hardMAX — a C unit's outputis
the maximumvalue of its afferentS units. This increases
featureinvariancewhile maintainingspeci city. HMAX is
alsoexplicitly multiscale:its bottom-level Iters arecom-
putedat all scalesandsubsequent units pool over both
positionandscale.

Serreet al. [23] introducedlearningof intermediate-
level sharedfeatures,madeadditionalquantitatve adjust-
mentsandaddeda nal (non-biologicallymotivated)SVM
classi erto make the modelusefulfor classi cation.

2.2 Our basemodel

Our basemodelis similar to [23] and performsaboutas
well. Neverthelessjt is an independentmplementation,
andwe give its completedescriptionhere. Its differences
from [23] will be listed briey at the end of this section.
Larger changesrepresentinghe main contribution of this

paperaredescribedn section2.3.

The model consistsof ve layers: an initial image
layer andfour subsequentyers,eachlayer built from the
previoushby alternatingemplatematchingandmaxpooling
operations. It is shovn graphicallyin gure 1, andthe
following subsectionslescribesachlayer.

Image layer. We corverttheimageto grayscaleandscale
the shorteredgeto 140 pixelswhile maintainingthe aspect
ratio. Next we createan image pyramid of 10 scales,
eacha factor of 2'** smallerthanthe last (using bicubic
interpolation).

Gabor lter (S1)layer. TheS1llayeris computedrom the
imagelayer by centering2D Gabor Iters with afull range
of orientationsateachpossiblepositionandscale.Ourbase
modelfollows [23] anduses4 orientations.Wheretheim-
agelayeris a 3D pyramid of pixels, the S1 layeris a 4D
structure having thesame3D pyramidshapebut with mul-
tiple orientedunitsat eachpositionandscale(see gure 1).
Eachunit representshe activationof a particularGabor I-
ter centeredhtthatposition/scaleThislayercorrespondo
V1 simplecells.

TheGabor Iters arel1x11in size,andcanbedescribed

by:
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G(x;y) = exp
whereX = xcos ysin andY = xsin + ycos . X
andy vary between-5 and5, and variesbetween0 and

. Theparameters (aspecratio), (effectivewidth), and

(wavelength)are all taken from [23] andare setto 0.3,
4.5,and5.6 respectiely. Finally, the component®f each
Iter are normalizedso that their meanis 0 and the sum
of their squaress 1. We usethe samesize lters for all
scaleqapplyingthemto scaledversionsof theimage).The
responsef a patchof pixelsX to aparticularS1 Iter G is
givenby: P G

I |
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Local invariance (C1) layer. This layer pools nearby
S1 units (of the sameorientation)to createposition and
scaleinvarianceover larger local regions, and as a result
canalsosubsamples1 to reducethe numberof units. For
eachorientation,the S1 pyramid is corvolved with a 3D
max Iter, 10x10 units acrossin positiont and 2 units
deepin scale. A C1 unit's valueis simply the value of
the maximumS21 unit (of that orientation)that falls within
the max lter. To achieve subsamplingthe max Iter is
movedaroundthe S1 pyramidin stepsof 5 in position(but
only 1 in scale),giving a samplingoverlapfactorof 2 in

R(X;G) =

INotethatthe max®lter is itself a pyramid, soits sizeis 10x10only at
thelowestscale.
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Figurel. Overview of thebasemodel.Eachlayerhasunitscover

ing threespatialdimensiongx/y/scale),and at each3D location,
anadditionaldimensionof featue type Theimagelayerhasonly

onetype (pixels), layersS1 and C1 have 4 types,andthe upper
layershave d (mary) typesperlocation. Eachlayeris computed
from the previousvia convolution with templatematchingor max

pooling®lters. Imagesizecanvary andis shavn for illustration.

both positionandscale. Due to the pyramidalstructureof
S1, we are able to usethe samesize lter for all scales.
The resultingC1 layer is smallerin spatialextentandhas
the samenumberof featuretypes(orientationsyas S1; see
gure 1. Thislayerprovidesamodelfor V1 comple cells.

Intermediate feature (S2) layer. At every position and
scalein theC1llayer, we performtemplatematchedetween
thepatchof Clunitscentereditthatposition/scal@ndeach
of d prototypepatches.Theseprototypepatchegepresent
theintermediate-leel featuresof themodel.

The prototypesthemselesare randomlysampledfrom
the C1 layersof the training imagesin aninitial feature-
learningstage. (For the Caltech101 datasetwe used =
4,075for comparisorwith [23].) Prototypepatchesrelike
fuzzytemplatesconsistingof agrid of simplerfeatureghat
areall slightly positionandscaleinvariant.

During thefeaturelearningstage samplingis performed
by centeringa patchof size4x4, 8x8, 12x12,0r 16x16 (x
1 scale)at a randompositionandscalein the C1 layer of
arandomtrainingimage. The valuesof all C1 unitswithin
the patcharereadout andstoredasa prototype.For a 4x4
patch,this meansl6 differentpositions,but for eachposi-
tion, thereareunitsrepresentingachof 4 orientationgsee
the “dense”prototypein gure 2). Thusa 4x4 patchactu-
ally containsAx4x4= 64 C1unit values.

Preliminarytestsseemedo con rm that multiple fea-
ture sizesworked somavhat betterthan ary single size.
Smaller(4x4)featuresanbeseerasencodingshapewhile
larger featuresare probablymoreusefulfor texture. Since
we learntheprototypepatchesandomlyfrom unsgmented
imagesmary will notactuallyrepresentheobjectof inter-
est,andothersmay not be usefulfor the classi cationtask.
The weighting of featuress left for the later SVM step. It
shouldbe notedthat while eachS2 prototypeis learnedby
samplingfrom a speci c imageof asinglecateyory, there-
sulting dictionaryof featureds sharedj.e. all featuresare
usedby all cateyories.

During normaloperation(after featurelearning)eachof
theseprototypesanbe seenasjust anotherconvolution |-
terwhichis run over C1. We generatean S2 pyramid with
roughlythesamenumberof positions/scaleasC1, but hav-
ing d typesof units at eachposition/scalegachrepresent-
ing therespons®f the corresponding1 patchto aspeci ¢
prototypepatch;see gure 1. The S2layeris intendedto
correspondo corticalareaV4 or posterionT.

Theresponsef apatchof C1 unitsX to aparticularS2
feature/prototypé, of sizen n, is givenby a Gaussian
radialbasisfunction:

PK?

R(X,P): exp 272

(3)

Both X andP havedimensionalityn n 4, wheren 2



f4,;8;12;16g9. Asin [
1in all experiments.

The parameter is a normalizing factor for different
patchsizes. For larger patchesn 2 f8;12 169 we are
computingdistancesn a higherdimensionakpacefor the
distanceto be small, thereare more dimensionghat have
to match. We reducethe weight of theseextra dimensions
by using = (n=4)?, whichis the ratio of the dimension
of P to thedimensionof the smallestpatchsize.

], the standarddeviation is setto

Global invariance (C2) layer. Finally we createa d-
dimensionalector eachelementof whichis themaximum
responsgarywherein the image)to one of the model's
d prototypepatches. At this point, all positionand scale
informationhasbeenremoved.

SVM classi er. The C2vectorsareclassi ed usinganall-

pairslinear SVM?. Datais “sphered’beforeclassi cation:
the meanand varianceof eachdimensionare normalized
to zeroandonerespectiely.> Testimagesareassignedo

catgyoriesusingthe majority-voting method.

Differ encedrom Serreetal. Ourbasemodel,asdescribed
above, performsaboutaswell asthatof Serreetal. in [23].
However, in [23]:

imageheightis alwaysscaledio 140,

a pyramid approachs not used(differentsized lters
areappliedto thefull-scaleimage),
theSl1lparameters and changdrom scaleto scale,
S1 lters differin sizeadditively,
C1lsubsamplingangesdo not overlapin scale,and
S2hasno parameter

2.3 Impr ovements

We have developedandtesteda numberof improvementgo
the basemodel. Eachof theseis describedbelon. Testing
resultsfor eachmodi cation areprovidedin section3.

Sparsify S2inputs. In thebasemodel,anS2unit computes
its responsaisingall the possibleinputsin its correspond-
ing C1patch.Speci cally, ateachpositionin thepatchiit is
looking at the responseo every orientationof Gabor Iter
and comparingit to its prototype. Basedon the principle
thatfeaturesshouldbe assparseaspossible we reducethe
numberof inputsto an S2 featureto oneper C1 position.
In thefeaturelearningphasewe remembetheidentity and
magnitudeof thedominantrientation(maximallyrespond-
ing C1unit) ateachof then n positionsin the patch.This
isillustratedin gure 2; a4x4 prototypepatchnow contains
only 16 C1 unit values not 64. Whencomputingresponses

2We usethe StatisticalPatternRecognitioriToolboxfor Matlab[8].
3Suggestetby T. Serre(personacommunication).

Figure2. Densevs. sparseS2features.DenseS2 featuresn the
basemodelaresensite to all orientationsf C1 unitsat eachpo-
sition. Sparsdeaturesaresensitve only to a particularorientation
at eachposition. A 4x4 S2 featurefor a 4-orientationmodelis
shawvn here.StrongerC1 unit responseareshavn asdarler.

to S2featuresgquation3 is still used,but with a lower di-
mensionality:for eachpositionin the patch,the S2feature
only caresaboutthe value of the C1 unit representingts
preferredorientationfor that position.

In conjunctionwith this we increasethe number of
Gabor lter orientationsn S1andC1from 4 to 12. Since
we're now looking at particular orientations,rather than
combinationsof responsego all orientations,it becomes
moreimportantto represenbrientationaccurately Cellsin
visual cortex alsohave much ner gradationf orientation
than =4[13.

Inhibit S1/Cloutputs. Our secondmodi cation is similar
— we againignore non-dominanbrientations put herewe
focusnot on pruning S2 featureinputs but on suppressing
S1andC1 unit outputs In cortex, lateralinhibition refers
to unitssuppressingheir less-actie neighbors We adopta
simpleversionof this betweerS1/Clunitsencodingdiffer-
entorientationsat the samepositionandscale.Essentially
theseunitsarecompetingto describethe dominantorienta-
tion attheir location.

We de ne a global parameterh, the inhibition level,
which canbesetbetweerD and1 andrepresentthefraction
of the responseangethat getssuppressedAt eachloca-
tion, we computethe minimum and maximumresponses,
Rmin and Rmax , over all orientations. Any unit having
R < Rmin + h(Rmax  Rmin ) hasits responseetto zero.

As aresult,if agivenS2unitis lookingfor aresponseo
avertical lter (for example)in a certainposition,but there
is a signi cantly strongerhorizontal edgein that rough
position,the S2 unit will be penalized.

Limit position/scaleinvariance of S2features.Likemary
“bag of features”models[4], the basemodel disregards
all geometryabove the level of S2 units. It simply uses
the maximumresponsdo eachS2 featureat any position
or scale. This gives completeposition and scaleinvari-
ance,but S2 featuresarestill too simpleto eliminatebind-



ing problems:we arestill vulnerableto falsepositivesdue
to chanceco-occurrencef featuresfrom differentobjects
and/orbackgrounctlutter.

We wantedto investigatethe option of retainingsome
geometricdnformationabove the S2level. In fact, neurons
in V4 andIT do notexhibit full invarianceandareknown to
have receptve elds limited to only a portion of the visual
eld andrangeof scales[27]. To modelthis, we simply
restrictthe region of the visual eld in which a given S2
featurecan be found, relative to its locationin the image
from which it was originally sampledito t,% of image
sizeand ts scaleswheret, andts areglobal parameters.

This approachassumeshe systemis “attending” close
to the centerof the object. This is appropriatefor datasets
suchasthe Caltech101, in which mostobjectsof interest
areat similar positionsandscaleswithin theimage.For the
more generaldetectionof objectswithin complex scenes,
asin the UIUC car databasewe augmentt with a search
for peak responsesver object location using a sliding
window.

Selectfeaturesthat arehighly weightedby the SVM. Our
S2 featuresare prototypepatchesandomly selectedrom
unsgmentedrainingimages.Many will befrom theback-
ground,andotherswill have varyingdegreesof usefulness
for theclassi cationtask.We wantedto nd outhow mary
featuresvereactuallyneededandwhethercuttingoutless-
useful featureswould improve performanceaswe might
expectfrom machinelearningresultson the value of spar
sity.

We use a simple feature selectiontechniquebasedon
SVM normals[19]. In tting separatinghyperplanesthe
SVM is essentiallydoing featureweighting. Our all-pairs
m-clasdinearSVM consistof m(m  1)=2 binarySVMs.
Eachts aseparatindgyperplandetweertwo setsof points
in d dimensionsin which pointsrepresenimagesandeach
dimensionis the responseo a differentS2 feature. Thed
componentf the (unit length) normal vectorto this hy-
perplanecan be interpretedas featureweights; the higher
thek™ componentin absolutevalue),the moreimportant
featurek is in separatinghetwo classes.

To perform featureselection,we simply drop features
with low weight. Sincethe samefeaturesare sharedby
all the binary SVMs, we do this basedon a features av-
erageweightover all binary SVMs. Startingwith a pool of
12,000features,we conducta multi-round “tournament”.
In eachround, the SVM is trained,thenat most' half the
featuresaredropped.Thenumberof roundsdepend®nthe
desired nal numberof featuresd. (For performanceea-
sons,earlierroundsare carriedout using multiple SVMs,
eachcontainingat most3,000features.)

4Dependingon the desirednumberof featurest may be necessaryo
droplessthanhalf perround.

Figure3. Someimagesrom the Caltechl01dataset.

Model ;Straining SOtraining
images/cat.| images/cat.

Ourmodel(base) 33 41
Serreetal. [27] 35 42
Holubetal. [17] 37 43
Berg etal. [2] 45

Graumani Darrell[11] 49.5 58.2
Ourmodel( nal) 51 56

Table 1. Published classi®cationresults for the Caltech 101
dataset.Resultsfor our model arethe averageof 8 independent
runs. Scoresshowvn arethe averageof the percategory classi®ca-
tion rates.

Ourexperimentshaov thatdroppingfeaturegeffectively
settingtheir weightsto zeroratherthanthoseassignedy
the SVM) improvesclassi cation performanceandthe re-
sultingmodelis moreeconomicato compute.

3. Multiclass experiments(Caltech 101)

The Caltech101 datasetontains9,197imagescomprising
101differentobjectcateyories plusabackgrounctategory;,
collectedvia Googleimage searchby Fei-Feiet al. [5].
Mostobjectsarecenteredandin theforeground,in astereo-
typical pose.Somesampleémagesareshovnin gure 3.

Firstweranourbasemodel(describedn section2.2) on
the entireset. Theresultsareshavn in table 1 for both 15
and30trainingimagespercategory.

Eachresultis theaverageof 8 runs.For eachrunwe:

1. choosel5 or 30 trainingimagesat randomfrom each
catgory, placingall remainingimagesn thetestset,

2. learnfeaturesat randompositionsandscaledrom the
trainingimages(anequalnumberfrom eachimage),

3. build C2vectorsfor thetrainingset,

4. trainthe SVM (performingfeatureselectionif thatop-
tionis turnedon),

5. build C2 vectorsfor the testsetand classify the test
images.
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Next we successiely turnedon the improvementsde-
scribedin section2.3. Eachhasoneor two free param-
etersthat must be tuned. The completeparameteispace
is too large to searchexhaustvely, hencewe chosean or-
der and optimizedeachparameteseparatelybefore mov-
ing to the next. First we turnedon S2input sparsi cation
andfoundagoodnumberof orientationsthenwe x edthat

numberandmovedonto nd agoodinhibition level, etc.
Our goalwasto nd parameteraluesthat could be used
for any datasetso we wantedto guardagainstthe possi-
bility of tuning parametergo unknavn propertiesspeci ¢
to the Caltech101. This large datasehasenoughvarietyto
malethisunlikely; neverthelesswe rantestsindependently
ontwo disjoint subset®f the categoriesandchoseparame-
tervaluesthatfell in the middle of the goodrangefor both
groups(see gure 4). Thefactthatsuchvalueswereeasyto
nd increasesurcon dencein thegeneralityof thechosen
values.Thetwo groupswereconstructedisfollows:

1. removetheeasyfacesandbackgroundtatayories,

2. sort the remaining100 categoriesby numberof im-
agesthen

3. placeodd numberectategoriesinto groupA andeven
into groupB.

The nal parameternumberof featureswasoptimized
for all 102catayories.Sincemodelswith fewerfeaturesan
be computedmore quickly, we chosethe smallestnumber
of featuresthat still gave resultscloseto the best. Among
thesesurviving featuresthe 4x4 sizedominateg gure 6),
suggestinghatthissizeyieldsthemostinformativefeatures
for thistask[24].

The resultsof parametetuning are shavn in gures 4
and5. Notethatwe limited the numberof testimagesper
catgyory to 100to save time. The chosernparametersvere
12 orientationsh = 0.5,t, = 5%,ts = 1 scale,1500
features.

Finally, we computedresultsfor our nal model,using
both 15 and 30 training imagesandall remainingtestim-
agesper catggory. Again, eachresultis the averageof 8
independentuns. The resultsare summarizedn table 1,
alongwith thosefrom other publishedstudies. Our nal
resultsfor 15and30trainingimagesare51%and56%.



Model Single-scale| Multiscale
Agarwal etal. [1] 76.5 39.6
Leibeetal.[17] 97.5

Fritz etal. [9] 87.8
Ourmodel 99.94 90.6

Table2. Detection/localizatiomesults(recall at equal-errorates)
for theUIUC cardatasetTheresultsfor ourmodelaretheaverage
of 8 independentuns. Scoringmethodsverethoseof [1].

Accordingto advancecopiesof upcomingpaperspro-
videdby theauthorq 15, 25], somefurtherimprovedresults
for the Caltech101 datasetill be publishedsoon. These
useimprovedkernelsfor the SVM classi er (asdoesGrau-
man& Darrell [11]). It will beinterestingto seewhether
theseideascan be successfullycombinedwith our sparse
imagefeaturego getfurtherimprovements.

4. Detection/ localization experiments
(UIUC car dataset)

We ranour nal, tunedmodelonthe UIUC cardatasef1].
This datasetonsistsof small (100x40)training imagesof
carsandbackgroundandlargertestimagesin which there
is at leastone carto be found. Therearetwo setsof test
images:a single-scalesetin which the carsto be detected
areroughly the samesize (100x40pixels) asthosein the
trainingimagesanda multi-scaleset.

Otherthanthe numberof featureswhich we setto 500
(selectedfrom 4000 in 3 rounds, comparingfeaturesin

groupsof at most1000), all parametersvere unchanged.

For localizationin theselargerimageswe addeda sliding
window. Duplicatedetectionsvere consolidatedusingthe
neighborhooduppressiomalgorithmfrom [1].

We trainedthe model using 500 positive and 500 neg-
ative training images; featureswere sampledfrom these
sameimages.As in [1], thesliding window movesin steps
of 5 pixels horizontallyand 2 vertically. We increasethe
width of a “neighborhood”"from 71 to 111 pixelsto avoid
melging adjacentars.

Ourresultsareshavnin table2 alongwith thoseof other
studies. Our recall at equal-errorates(recall = precision)
is 99.94%for the single-scaleest setand 90.6% for the
multiscaleset,averagedver8 runs.Scoresverecomputed
usingthe scoringprogramsprovidedwith the UIUC data.

In our single-scaletests, 7 of 8 runs scoreda perfect
100%— all 200 carsin 170 imageswere detectedwvith no
falsepositives. To beconsidereatorrect,the detectegosi-
tion mustlie insidean ellipse centeredat the true position,
having horizontalandvertical axesof 25 and 10 pixelsre-
spectvely. Repeatedletection®f the sameobjectcountas
falsepositives. Figure8 shavs the only errorsfrom the 8"
run; gure 7 showvs somecorrectsingle-scalaletections.

Figure8. Theonly 2 errors(1 misseddeteétion,l falsepositive)
madein 8 runsonthesingle-scalé&JIUC cardataset.

Forthemultiscaletests theslidingwindow alsosearches
throughscale ,andthe scoringcriteriaincludea scaletoler-
ance(from [1]).

5. Discussionand futur e work

In this studywe have shavn thatabiologically-basedanodel
can competewith other state-of-the-arapproacheso ob-
ject categorization, strengtheninghe casefor investigat-
ing biologically-motivated approachego object recogni-
tion. Evenwith our enhancementghis modelis still rel-
atively simple.

The systemimplementedhereis not real-time; it takes
sev/eralsecondgo processaindclassifyanimageona2GHz
Intel Pentiumsener. Hardware advanceswill reducethis
to immediaterecognitionwithin a few years. Biologically
motivatedalgorithmsalsohave the advantageof beingsus-
ceptibleto massie parallelization. Localizationin larger
imagestakeslonger; in both caseshe bulk of the time is
spentbuilding featurevectors.

We have found increasingsparsityto be a fruitful ap-
proach to improving generalizationperformance. Our
methodsfor increasingsparsityhave all beenmotivatedby
approacheshatappeartto beincorporatedn biological vi-
sion,althoughwe have madeno attemptto modelbiological
datain full detail. Giventhatbothbiologicalandcomputer
visionsystemgacethesamecomputationatonstraintaris-
ing from the data, we would expect computervision re-
searcho bene t from the useof similar basisfunctionsfor



describingimages.Our experimentsshow thatboth lateral
inhibition and the use of sparsi ed intermediatefeatures
contributeto generalizatiorperformance.

We have alsoexaminedthe issueof featurelocalization
in biologically basednodels.While very precisegeometric
constraintamay not be useful for broadobject categories,
thereis a substantialloss of useful information in com-
pletelyignoringfeaturelocationasin bag-of-featuresnod-
els.We have shavn a considerabléncreasen performance
by using intermediatefeaturesthat are localizedto small
regionsof animagerelative to an objectcoordinateframe.
Whenanobjectmayappeaatary positionor scalein aclut-
teredimage,it is necessaryo searchoverall potentialrefer
enceframesto combineappropriatelylocalizedfeaturesin
biologicalvisionthis attentionakearchappearso bedriven
by acomplex rangeof salieny measure§??]. For ourcom-
puterimplementationye cansimply searclover adensely
sampledsetof possiblereferencdramesandevaluateeach
one. This hasthe advantageof not only improving classi-
cation performancebut also providing quite accurateo-
calizationof eachobject. The strongperformanceshovn
ontheUIUC carlocalizationtaskindicateshe potentialfor
furtherwork in this area.

As we do not wish to straytoo far from whatis clearly
avaluablesourceof inspiration,we leantowardsfuture en-
hancementthatarebiologically realistic.A likely rst step
would be to attemptto modelintermediatelevel features
(above V1) more accurately possiblyaddinghigherorder
featureor view-tunedunits. In addition,therewould lik ely
be somebene t to clusteringintermediatdeaturego favor
thosethatoccurmostfrequentlyin thetrainingset.
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