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Abstract

We apply a biologically inspired model of visual object
recognitionto themulticlassobjectcategorizationproblem.
Our modelmodi�es that of Serre, Wolf, andPoggio. As in
that work, we �r st apply Gabor �lter s at all positionsand
scales;featurecomplexityandposition/scaleinvarianceare
then built up by alternating templatematching and max
pooling operations. We re�ne the approach in several bi-
ologically plausibleways,usingsimpleversionsof sparsi-
�cation andlateral inhibition. We demonstratethevalueof
retainingsomepositionandscaleinformationabovethein-
termediatefeature level. Using feature selectionwearrive
at a modelthat performsbetterwith fewer features. Our
�nal modelis testedon the Caltech 101 objectcategories
and the UIUC car localizationtask,in both casesachiev-
ing state-of-the-artperformance. Theresultsstrengthenthe
casefor usingthis classof modelin computervision.

1. Intr oduction

Theproblemof recognizingmultiple objectclassesin nat-
ural imageshasprovento bea dif�cult challengefor com-
putervision. Giventhevastlysuperiorperformanceof hu-
manvision on this task,it is reasonableto look to biology
for inspiration.In fact,recentworkbySerre,Wolf, andPog-
gio [23] hasshown thatacomputationalmodelbasedonour
knowledgeof visualcortex canbecompetitivewith thebest
existing computervision systemson someof the standard
recognitiondatasets.Ourpaperbuildson theirapproachby
incorporatingsomeadditionalbiologically-motivatedprop-
erties,includingsparsi�cationof features,lateralinhibition,
andfeaturelocalization.We show that thesemodi�cations
furtherimproverecognitionperformance,strengtheningour
understandingof thecomputationalconstraintsfacingboth
biologicalandcomputervisionsystems.

Within machinelearning,it hasbeenfoundthat increas-

ing thesparsityof basisfunctions[7, 14] (equivalentto re-
ducingthecapacityof theclassi�er)playsanimportantrole
in improving generalizationperformance.Similarly, within
computationalneuroscience,it hasbeenfoundthataddinga
sparsityconstraintis critical for learningbiologically plau-
siblemodelsfrom thestatisticsof naturalimages[20]. For
objectclassrecognition,onewaywehavefoundto increase
sparsityis to usea lateral inhibition modelthat eliminates
weaker responsesthat disagreewith the locally dominant
ones. We further enhancethis approachby matchingonly
the dominantorientationat eachpositionwithin a feature
ratherthancomparingall orientationresponses.Wealsoin-
creasesparsityduring�nal classi�cationby discardingfea-
tureswith low weightsandusingonly thosethathave been
foundmosteffective. We show thateachof thesechanges
providesa signi�cant boostin generalizationperformance.

While somecurrentsuccessfulmethodsfor objectclass
recognitionlearn and apply quite precisegeometriccon-
straintson featurelocations[6, 3], othersignoregeometry
and usea “bag of features”approachthat ignoresthe lo-
cationsof individual features[4]. Accordingto modelsof
object recognitionin cortex [21], the brain usesa hierar-
chicalapproach,in whichsimple,low-level featureshaving
highpositionandscalespeci�city arepooledandcombined
into morecomplex, higher-level featureshaving greaterlo-
cationinvariance.We investigateretainingsomedegreeof
positionandscalesensitivity atahigherpoint in thishierar-
chythantheapproachof [23], andshow thatthisprovidesa
signi�cant improvementin �nal classi�cationperformance.

We testtheseimprovementson thelargeCaltechdataset
of imagesfrom 101 object classes[5]. Our resultsshow
thattherearesigni�cant improvementsto classi�cationper-
formancefrom eachof the changes.Furthertestson the
UIUC car database[1] demonstratethat the resultingsys-
tem can also perform well on object detectionand local-
ization. Our resultsfurther strengthenthe casefor incor-
poratingconceptsfrom biologicalvision into thedesignof
computervisionsystems.



2. Models

The model presentedin this paperis basedon the “stan-
dardmodel”of objectrecognitionin cortex (assummarized
by [21]), which focuseson the capabilitiesof the ventral
visualpathway in an“immediaterecognition”mode,inde-
pendentof attentionor other top-down effects. The rapid
performanceof the humanvisual systemin this modeim-
pliesmainly feedforwardprocessing,makingit theeasiest
to model.

2.1. Previousmodels

Our modelbuilds on thatof Serreet al. [23], which in turn
extendsthe “HMAX” model of Riesenhuberand Poggio
[21]. Thesearethe latestof a groupof modelswhich can
be said to implementpartsof the standardmodel, includ-
ing convolutional networks [16] and Neocognitrons[10].
All startwith an imagelayer of grayscalepixels andsuc-
cessively computehigher layers,alternating“S” and “C”
layers(namedby analogywith theV1 simpleandcomplex
cellsdiscoveredby HubelandWiesel[13]).

� Simple(“S”) layersuseconvolutionwith local�lters to
computehigher-orderfeaturesby combiningdifferent
typesof unitsin thepreviouslayer.

� Complex (“C”) layersincreaseinvarianceby pooling
unitsof thesametype in theprevious layer over lim-
ited ranges.At thesametime, the numberof units is
reducedby subsampling.

Recentmodelshave moved towards greaterquantita-
tive �delity to the ventral stream. HMAX was designed
to accountfor the tuning andinvarianceproperties[18] of
neuronsin IT cortex. Ratherthan attemptingto learn its
bottom-level (“S1”) features,HMAX useshardwired�lters
designedto emulateV1 simplecells. Subsequent“C” lay-
ersarecomputedusinga hardMAX – a C unit's outputis
the maximumvalueof its afferentS units. This increases
featureinvariancewhile maintainingspeci�city. HMAX is
alsoexplicitly multiscale: its bottom-level �lters arecom-
putedat all scales,andsubsequentC units pool over both
positionandscale.

Serreet al. [23] introducedlearningof intermediate-
level sharedfeatures,madeadditionalquantitative adjust-
ments,andaddeda�nal (non-biologicallymotivated)SVM
classi�er to make themodelusefulfor classi�cation.

2.2. Our basemodel

Our basemodel is similar to [23] and performsaboutas
well. Nevertheless,it is an independentimplementation,
andwe give its completedescriptionhere. Its differences
from [23] will be listed brie�y at the end of this section.
Largerchanges,representingthe main contribution of this
paper, aredescribedin section2.3.

The model consistsof � ve layers: an initial image
layerandfour subsequentlayers,eachlayerbuilt from the
previousby alternatingtemplatematchingandmaxpooling
operations. It is shown graphically in �gure 1, and the
following subsectionsdescribeeachlayer.

Image layer. We convert the imageto grayscaleandscale
theshorteredgeto 140pixelswhile maintainingtheaspect
ratio. Next we createan image pyramid of 10 scales,
eacha factor of 21=4 smallerthan the last (using bicubic
interpolation).

Gabor �lter (S1)layer. TheS1layeris computedfrom the
imagelayerby centering2D Gabor�lters with a full range
of orientationsateachpossiblepositionandscale.Ourbase
modelfollows [23] anduses4 orientations.Wherethe im-
agelayer is a 3D pyramid of pixels, the S1 layer is a 4D
structure,having thesame3D pyramidshape,but with mul-
tiple orientedunitsat eachpositionandscale(see�gure 1).
Eachunit representstheactivationof aparticularGabor�l-
tercenteredat thatposition/scale.This layercorrespondsto
V1 simplecells.

TheGabor�lters are11x11in size,andcanbedescribed
by:
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whereX = x cos� � y sin � andY = x sin � + y cos� . x
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�lter are normalizedso that their meanis 0 and the sum
of their squaresis 1. We usethe samesize �lters for all
scales(applyingthemto scaledversionsof theimage).The
responseof a patchof pixelsX to aparticularS1�lter G is
givenby:
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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 reducethenumberof units. For
eachorientation,the S1 pyramid is convolved with a 3D
max �lter , 10x10 units acrossin position1 and 2 units
deepin scale. A C1 unit's value is simply the value of
themaximumS1unit (of thatorientation)that falls within
the max �lter . To achieve subsampling,the max �lter is
movedaroundtheS1pyramidin stepsof 5 in position(but
only 1 in scale),giving a samplingoverlap factorof 2 in

1Notethatthemax®lter is itself apyramid,soits sizeis 10x10only at
thelowestscale.
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Figure1. Overview of thebasemodel.Eachlayerhasunitscover-
ing threespatialdimensions(x/y/scale),andat each3D location,
anadditionaldimensionof feature type. Theimagelayerhasonly
onetype (pixels), layersS1 andC1 have 4 types,andthe upper
layershave d (many) typesper location. Eachlayer is computed
from thepreviousvia convolution with templatematchingor max
pooling®lters. Imagesizecanvary andis shown for illustration.

bothpositionandscale.Due to the pyramidalstructureof
S1, we are able to usethe samesize �lter for all scales.
The resultingC1 layer is smallerin spatialextent andhas
thesamenumberof featuretypes(orientations)asS1; see
�gure 1. This layerprovidesamodelfor V1 complex cells.

Intermediate feature (S2) layer. At every position and
scalein theC1layer, weperformtemplatematchesbetween
thepatchof C1unitscenteredatthatposition/scaleandeach
of d prototypepatches.Theseprototypepatchesrepresent
theintermediate-level featuresof themodel.

The prototypesthemselvesarerandomlysampledfrom
the C1 layersof the training imagesin an initial feature-
learningstage. (For the Caltech101 dataset,we used =
4,075for comparisonwith [23].) Prototypepatchesarelike
fuzzytemplates,consistingof agrid of simplerfeaturesthat
areall slightly positionandscaleinvariant.

During thefeaturelearningstage,samplingis performed
by centeringa patchof size4x4, 8x8, 12x12,or 16x16(x
1 scale)at a randompositionandscalein the C1 layer of
a randomtrainingimage.Thevaluesof all C1 unitswithin
thepatcharereadout andstoredasa prototype.For a 4x4
patch,this means16 differentpositions,but for eachposi-
tion, thereareunitsrepresentingeachof 4 orientations(see
the“dense”prototypein �gure 2). Thusa 4x4 patchactu-
ally contains4x4x4= 64C1 unit values.

Preliminary testsseemedto con�rm that multiple fea-
ture sizesworked somewhat better than any single size.
Smaller(4x4)featurescanbeseenasencodingshape,while
larger featuresareprobablymoreusefulfor texture. Since
welearntheprototypepatchesrandomlyfrom unsegmented
images,many will notactuallyrepresenttheobjectof inter-
est,andothersmaynot beusefulfor theclassi�cationtask.
Theweightingof featuresis left for the laterSVM step. It
shouldbenotedthatwhile eachS2prototypeis learnedby
samplingfrom a speci�c imageof a singlecategory, there-
sultingdictionaryof featuresis shared,i.e. all featuresare
usedby all categories.

During normaloperation(afterfeaturelearning)eachof
theseprototypescanbeseenasjustanotherconvolution�l-
ter which is run over C1. We generateanS2pyramidwith
roughlythesamenumberof positions/scalesasC1,but hav-
ing d typesof units at eachposition/scale,eachrepresent-
ing theresponseof thecorrespondingC1patchto aspeci�c
prototypepatch;see�gure 1. The S2 layer is intendedto
correspondto corticalareaV4 or posteriorIT.

Theresponseof a patchof C1 unitsX to a particularS2
feature/prototypeP, of sizen � n, is givenby a Gaussian
radialbasisfunction:

R(X ; P) = exp
�
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Both X andP have dimensionalityn � n � 4, wheren 2



f 4; 8; 12; 16g. As in [23], thestandarddeviation � is setto
1 in all experiments.

The parameter� is a normalizing factor for different
patch sizes. For larger patchesn 2 f 8; 12; 16g we are
computingdistancesin a higherdimensionalspace;for the
distanceto be small, therearemoredimensionsthat have
to match. We reducetheweightof theseextra dimensions
by using� = (n=4)2, which is the ratio of thedimension
of P to thedimensionof thesmallestpatchsize.

Global invariance (C2) layer. Finally we createa d-
dimensionalvector, eachelementof which is themaximum
response(anywhere in the image) to one of the model's
d prototypepatches. At this point, all position andscale
informationhasbeenremoved.

SVM classi�er. TheC2 vectorsareclassi�edusinganall-
pairslinearSVM2. Datais “sphered”beforeclassi�cation:
the meanand varianceof eachdimensionare normalized
to zeroandonerespectively.3 Testimagesareassignedto
categoriesusingthemajority-votingmethod.

Differ encesfr om Serreet al. Ourbasemodel,asdescribed
above,performsaboutaswell asthatof Serreet al. in [23].
However, in [23]:

� imageheightis alwaysscaledto 140,
� a pyramidapproachis not used(differentsized�lters

areappliedto thefull-scaleimage),
� theS1parameters� and� changefrom scaleto scale,
� S1�lters differ in sizeadditively,
� C1subsamplingrangesdonotoverlapin scale,and
� S2hasno � parameter.

2.3. Impr ovements

Wehavedevelopedandtestedanumberof improvementsto
thebasemodel. Eachof theseis describedbelow. Testing
resultsfor eachmodi�cation areprovidedin section3.

Sparsify S2inputs. In thebasemodel,anS2unit computes
its responseusingall thepossibleinputsin its correspond-
ing C1patch.Speci�cally, ateachpositionin thepatch,it is
looking at the responseto every orientationof Gabor�lter
andcomparingit to its prototype. Basedon the principle
thatfeaturesshouldbeassparseaspossible,we reducethe
numberof inputs to an S2 featureto oneper C1 position.
In thefeaturelearningphase,weremembertheidentityand
magnitudeof thedominantorientation(maximallyrespond-
ing C1unit) ateachof then � n positionsin thepatch.This
is illustratedin �gure 2; a4x4prototypepatchnow contains
only 16C1 unit values,not 64. Whencomputingresponses

2WeusetheStatisticalPatternRecognitionToolboxfor Matlab[8].
3Suggestedby T. Serre(personalcommunication).

Dense Sparse

Figure2. Densevs. sparseS2 features.DenseS2featuresin the
basemodelaresensitive to all orientationsof C1 unitsat eachpo-
sition. Sparsefeaturesaresensitive only to aparticularorientation
at eachposition. A 4x4 S2 featurefor a 4-orientationmodel is
shown here.StrongerC1 unit responsesareshown asdarker.

to S2features,equation3 is still used,but with a lower di-
mensionality:for eachpositionin thepatch,theS2feature
only caresaboutthe valueof the C1 unit representingits
preferredorientationfor thatposition.

In conjunction with this we increasethe number of
Gabor�lter orientationsin S1andC1 from 4 to 12. Since
we're now looking at particular orientations,rather than
combinationsof responsesto all orientations,it becomes
moreimportantto representorientationaccurately. Cellsin
visualcortex alsohavemuch�ner gradationsof orientation
than� =4 [13].

Inhibit S1/C1outputs. Oursecondmodi�cation is similar
– we againignorenon-dominantorientations,but herewe
focusnot on pruningS2 featureinputsbut on suppressing
S1 andC1 unit outputs. In cortex, lateralinhibition refers
to unitssuppressingtheir less-activeneighbors.We adopta
simpleversionof thisbetweenS1/C1unitsencodingdiffer-
entorientationsat thesamepositionandscale.Essentially
theseunitsarecompetingto describethedominantorienta-
tion at their location.

We de�ne a global parameterh, the inhibition level,
whichcanbesetbetween0 and1 andrepresentsthefraction
of the responserangethat getssuppressed.At eachloca-
tion, we computethe minimum andmaximumresponses,
Rmin and Rmax , over all orientations. Any unit having
R < Rmin + h(Rmax � Rmin ) hasits responsesetto zero.

As aresult,if agivenS2unit is lookingfor aresponseto
a vertical�lter (for example)in a certainposition,but there
is a signi�cantly strongerhorizontal edge in that rough
position,theS2unit will bepenalized.

Limit position/scaleinvarianceof S2features.Likemany
“bag of features”models[4], the basemodel disregards
all geometryabove the level of S2 units. It simply uses
the maximumresponseto 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-occurrenceof featuresfrom differentobjects
and/orbackgroundclutter.

We wantedto investigatethe option of retainingsome
geometricinformationabove theS2 level. In fact,neurons
in V4 andIT donotexhibit full invarianceandareknown to
have receptive �elds limited to only a portionof thevisual
�eld and rangeof scales[22]. To model this, we simply
restrict the region of the visual �eld in which a given S2
featurecan be found, relative to its location in the image
from which it wasoriginally sampled,to � tp% of image
sizeand� ts scales,wheretp andts areglobalparameters.

This approachassumesthe systemis “attending” close
to thecenterof theobject. This is appropriatefor datasets
suchasthe Caltech101, in which mostobjectsof interest
areatsimilarpositionsandscaleswithin theimage.For the
moregeneraldetectionof objectswithin complex scenes,
asin the UIUC car database,we augmentit with a search
for peak responsesover object location using a sliding
window.

Selectfeaturesthat arehighly weightedby theSVM. Our
S2 featuresareprototypepatchesrandomlyselectedfrom
unsegmentedtrainingimages.Many will befrom theback-
ground,andotherswill have varyingdegreesof usefulness
for theclassi�cationtask.We wantedto �nd outhow many
featureswereactuallyneeded,andwhethercuttingout less-
useful featureswould improve performance,as we might
expectfrom machinelearningresultson thevalueof spar-
sity.

We usea simple featureselectiontechniquebasedon
SVM normals[19]. In �tting separatinghyperplanes,the
SVM is essentiallydoing featureweighting. Our all-pairs
m-classlinearSVM consistsof m(m � 1)=2 binarySVMs.
Each�ts aseparatinghyperplanebetweentwo setsof points
in d dimensions,in whichpointsrepresentimagesandeach
dimensionis the responseto a differentS2 feature. The d
componentsof the (unit length)normalvector to this hy-
perplanecanbe interpretedas featureweights; the higher
thekth component(in absolutevalue),themoreimportant
featurek is in separatingthetwo classes.

To perform featureselection,we simply drop features
with low weight. Since the samefeaturesare sharedby
all the binary SVMs, we do this basedon a feature's av-
erageweightoverall binarySVMs. Startingwith a pool of
12,000features,we conducta multi-round “tournament”.
In eachround, the SVM is trained,thenat most4 half the
featuresaredropped.Thenumberof roundsdependsonthe
desired�nal numberof featuresd. (For performancerea-
sons,earlier roundsarecarriedout usingmultiple SVMs,
eachcontainingatmost3,000features.)

4Dependingon the desirednumberof featuresit may benecessaryto
droplessthanhalf perround.

Figure3. Someimagesfrom theCaltech101dataset.

Model
15 training 30 training
images/cat. images/cat.

Ourmodel(base) 33 41
Serreet al. [23] 35 42
Holub etal. [12] 37 43
Berg et al. [2] 45
Grauman& Darrell [11] 49.5 58.2
Ourmodel(�nal) 51 56

Table 1. Published classi®cationresults for the Caltech 101
dataset.Resultsfor our modelarethe averageof 8 independent
runs.Scoresshown aretheaverageof theper-category classi®ca-
tion rates.

Ourexperimentsshow thatdroppingfeatures(effectively
settingtheir weightsto zeroratherthanthoseassignedby
theSVM) improvesclassi�cationperformance,andthere-
sultingmodelis moreeconomicalto compute.

3. Multiclass experiments(Caltech101)

TheCaltech101datasetcontains9,197imagescomprising
101differentobjectcategories,plusabackgroundcategory,
collectedvia Google imagesearchby Fei-Fei et al. [5].
Mostobjectsarecenteredandin theforeground,in astereo-
typical pose.Somesampleimagesareshown in �gure 3.

Firstweranourbasemodel(describedin section2.2) on
theentireset. Theresultsareshown in table1 for both15
and30 trainingimagespercategory.

Eachresultis theaverageof 8 runs.For eachrunwe:

1. choose15 or 30 training imagesat randomfrom each
category, placingall remainingimagesin thetestset,

2. learnfeaturesat randompositionsandscalesfrom the
trainingimages(anequalnumberfrom eachimage),

3. build C2vectorsfor thetrainingset,

4. train theSVM (performingfeatureselectionif thatop-
tion is turnedon),

5. build C2 vectorsfor the test set andclassify the test
images.
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Next we successively turnedon the improvementsde-
scribedin section2.3. Eachhasone or two free param-
etersthat must be tuned. The completeparameterspace
is too large to searchexhaustively, hencewe chosean or-
der andoptimizedeachparameterseparatelybeforemov-
ing to the next. First we turnedon S2 input sparsi�cation
andfoundagoodnumberof orientations,thenwe�x edthat

numberandmovedon to �nd a goodinhibition level, etc.
Our goal was to �nd parametervaluesthat could be used
for any dataset,so we wantedto guardagainstthe possi-
bility of tuning parametersto unknown propertiesspeci�c
to theCaltech101.This largedatasethasenoughvarietyto
makethisunlikely; nevertheless,werantestsindependently
on two disjoint subsetsof thecategoriesandchoseparame-
ter valuesthatfell in themiddleof thegoodrangefor both
groups(see�gure 4). Thefactthatsuchvalueswereeasyto
�nd increasesourcon�dencein thegeneralityof thechosen
values.Thetwo groupswereconstructedasfollows:

1. removetheeasyfacesandbackgroundcategories,
2. sort the remaining100 categoriesby numberof im-

ages,then
3. placeoddnumberedcategoriesinto groupA andeven

into groupB.

The �nal parameter, numberof features,wasoptimized
for all 102categories.Sincemodelswith fewerfeaturescan
be computedmorequickly, we chosethe smallestnumber
of featuresthat still gave resultscloseto thebest. Among
thesesurviving features,the4x4 sizedominates(�gure 6),
suggestingthatthissizeyieldsthemostinformativefeatures
for this task[24].

The resultsof parametertuning areshown in �gures 4
and5. Note thatwe limited thenumberof testimagesper
category to 100 to save time. Thechosenparameterswere
12 orientations,h = 0.5, tp = � 5%, ts = � 1 scale,1500
features.

Finally, we computedresultsfor our �nal model,using
both 15 and30 training imagesandall remainingtest im-
agesper category. Again, eachresult is the averageof 8
independentruns. The resultsaresummarizedin table 1,
along with thosefrom other publishedstudies. Our �nal
resultsfor 15and30 trainingimagesare51%and56%.



Model Single-scale Multiscale
Agarwal etal. [1] 76.5 39.6
Leibeet al. [17] 97.5
Fritz et al. [9] 87.8
Ourmodel 99.94 90.6

Table2. Detection/localizationresults(recallat equal-errorrates)
for theUIUC cardataset.Theresultsfor ourmodelaretheaverage
of 8 independentruns.Scoringmethodswerethoseof [1].

According to advancecopiesof upcomingpaperspro-
videdby theauthors[15, 25], somefurtherimprovedresults
for the Caltech101 datasetwill be publishedsoon. These
useimprovedkernelsfor theSVM classi�er (asdoesGrau-
man& Darrell [11]). It will be interestingto seewhether
theseideascanbe successfullycombinedwith our sparse
imagefeaturesto getfurtherimprovements.

4. Detection/ localization experiments
(UIUC car dataset)

We ranour �nal, tunedmodelon theUIUC cardataset[1].
This datasetconsistsof small (100x40)training imagesof
carsandbackground,andlargertestimagesin which there
is at leastonecar to be found. Thereare two setsof test
images:a single-scalesetin which thecarsto be detected
are roughly the samesize(100x40pixels) as thosein the
trainingimages,anda multi-scaleset.

Otherthanthenumberof features,which we setto 500
(selectedfrom 4000 in 3 rounds, comparingfeaturesin
groupsof at most 1000), all parameterswere unchanged.
For localizationin theselarger imageswe addeda sliding
window. Duplicatedetectionswereconsolidatedusingthe
neighborhoodsuppressionalgorithmfrom [1].

We trainedthe modelusing500 positive and500 neg-
ative training images; featureswere sampledfrom these
sameimages.As in [1], thesliding window movesin steps
of 5 pixels horizontallyand2 vertically. We increasethe
width of a “neighborhood”from 71 to 111 pixels to avoid
mergingadjacentcars.

Ourresultsareshown in table2 alongwith thoseof other
studies.Our recall at equal-errorrates(recall = precision)
is 99.94%for the single-scaletest set and 90.6%for the
multiscaleset,averagedover8 runs.Scoreswerecomputed
usingthescoringprogramsprovidedwith theUIUC data.

In our single-scaletests,7 of 8 runs scoreda perfect
100%– all 200 carsin 170 imagesweredetectedwith no
falsepositives.To beconsideredcorrect,thedetectedposi-
tion mustlie insideanellipsecenteredat the trueposition,
having horizontalandverticalaxesof 25 and10 pixels re-
spectively. Repeateddetectionsof thesameobjectcountas
falsepositives.Figure8 shows theonly errorsfrom the8th

run; �gure 7 showssomecorrectsingle-scaledetections.

Figure7. Somecorrectdetectionsfrom onerunonthesingle-scale
UIUC cardataset.

Figure8. Theonly 2 errors(1 misseddetection,1 falsepositive)
madein 8 runson thesingle-scaleUIUC cardataset.

For themultiscaletests,theslidingwindow alsosearches
throughscale,andthescoringcriteriaincludea scaletoler-
ance(from [1]).

5. Discussionand futur e work

In thisstudywehaveshown thatabiologically-basedmodel
cancompetewith other state-of-the-artapproachesto ob-
ject categorization, strengtheningthe casefor investigat-
ing biologically-motivatedapproachesto object recogni-
tion. Even with our enhancements,this model is still rel-
atively simple.

The systemimplementedhereis not real-time; it takes
severalsecondsto processandclassifyanimageona2GHz
Intel Pentiumserver. Hardwareadvanceswill reducethis
to immediaterecognitionwithin a few years.Biologically
motivatedalgorithmsalsohave theadvantageof beingsus-
ceptibleto massive parallelization. Localizationin larger
imagestakes longer; in both casesthe bulk of the time is
spentbuilding featurevectors.

We have found increasingsparsityto be a fruitful ap-
proach to improving generalizationperformance. Our
methodsfor increasingsparsityhave all beenmotivatedby
approachesthatappearto be incorporatedin biologicalvi-
sion,althoughwehavemadenoattemptto modelbiological
datain full detail. Giventhatbothbiologicalandcomputer
visionsystemsfacethesamecomputationalconstraintsaris-
ing from the data, we would expect computervision re-
searchto bene�t from theuseof similar basisfunctionsfor



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

We have alsoexaminedthe issueof featurelocalization
in biologicallybasedmodels.While veryprecisegeometric
constraintsmay not be useful for broadobjectcategories,
there is a substantialloss of useful information in com-
pletelyignoringfeaturelocationasin bag-of-featuresmod-
els.We haveshown aconsiderableincreasein performance
by using intermediatefeaturesthat are localizedto small
regionsof an imagerelative to anobjectcoordinateframe.
Whenanobjectmayappearatany positionorscalein aclut-
teredimage,it is necessaryto searchoverall potentialrefer-
enceframesto combineappropriatelylocalizedfeatures.In
biologicalvisionthisattentionalsearchappearsto bedriven
by acomplex rangeof saliency measures[22]. For ourcom-
puterimplementation,we cansimplysearchovera densely
sampledsetof possiblereferenceframesandevaluateeach
one. This hasthe advantageof not only improving classi-
�cation performancebut alsoproviding quite accuratelo-
calizationof eachobject. The strongperformanceshown
ontheUIUC carlocalizationtaskindicatesthepotentialfor
furtherwork in this area.

As we do not wish to straytoo far from what is clearly
a valuablesourceof inspiration,we leantowardsfutureen-
hancementsthatarebiologically realistic.A likely �rst step
would be to attemptto model intermediatelevel features
(above V1) moreaccurately, possiblyaddinghigher-order
featuresor view-tunedunits. In addition,therewould likely
besomebene�t to clusteringintermediatefeaturesto favor
thosethatoccurmostfrequentlyin thetrainingset.
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