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Abstract
Ageneral-purposeobjectindexingtechniqueisdescribed

that combinesthe virtuesof principal componentanalysis
with thefavorablematchingpropertiesof high-dimensional
spacesto achieve high precisionrecognition. An objectis
representedbya setof high-dimensionaliconicfeaturevec-
tors comprisedof the responsesof derivativeof Gaussian
®ltersat a rangeof orientationsand scales. Sincethese
®lterscan be shownto form the eigenvectorsof arbitrary
imagescontainingbothnatural andman-madestructures,
they are well-suitedfor indexing in disparatedomains.The
indexingalgorithmusesanactivevisionsystemin conjunc-
tion with a modi®edform of Kanerva's sparsedistributed
memorywhich facilitatesinterpolationbetweenviews and
providesa convenientplatformfor learningtheassociation
betweenanobject'sappearanceandits identity. Therobust-
nessof the indexing methodwasexperimentallycon®rmed
by subjectingthemethodto a rangeof viewing conditions
and the accuracy wasveri®edusing a well-knownmodel
databasecontaininga numberof complex 3D objectsunder
varyingpose.

1 Intr oduction
Theearliestmodelsof objectsfor computervision em-

phasizedgeometricaldescriptionsbasedon shape[20, 5].
Suchdescriptionsareattractive as they areeasilyadapted
for themanipulationrequirementsof robotic assemblytasks.
However, they haveprovedverydif®cultto extractfrom the
imageowing to the fact that geometricand photometric
propertiesarerelatively uncorrelated.Insightsgainedfrom
work onactive/animatevision [1, 2, 4] seemto suggestthat
simpler iconic descriptionsof objectsbasedon their pho-
tometricpropertiesmayoftensuf®cefor many visualtasks
[18].

This paperinvestigatesthe useof an iconic description
comprisedof photometricfeaturesata local imagepatchas
a mediumfor ef®cientobjectindexing in active vision sys-
tems. Thephotometricfeaturesareobtainedby takingthe
responsesof nine derivative-of-Gaussian®ltersat various
orientations,eachat®vedifferentscales.Thederivative-of-
Gaussian®lterscanbeshown to ariseasaresultof unsuper-
visedHebbianlearningby a neuralnetworkthat performs
principalcomponentanalysisonnaturalimagepatchesdur-
ing an initial ªdevelopmentºphase.An objectcanthenbe
representedby asetof ®lterresponsevectorsfrom different
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loci within theobjectfor a smallnumberof views sampled
from theviewing sphere.

The processof object indexing itself is realizedwithin
the framework of anactive vision systemusedin conjunc-
tion with a modi®edform of Kanerva's sparsedistributed
memory[10]; thememoryfacilitatesinterpolationbetween
differentviewsof anobjectandprovidesaconvenientplat-
form for learningthe associationbetweenan object's ap-
pearanceandits identity. Real-timeperformanceisachieved
by implementingbothvisualpreprocessingandassociative
memorywithin a pipelineimageprocessorandexploiting
its ability to performconvolutionsatframe-rate(Section5).

Experimentalresultsaspresentedin Section6 indicate
thattheindexing schemeis remarkablytolerantto moderate
changesin viewing conditionscausedby occlusions,illu-
minationchanges,scalechangesandrotationsin 3D. The
accuracy of the indexing methodwasveri®edon thewell-
known Columbiaobjectdatabasecontaininga numberof
arbitrary3D objectswith complex appearancecharacteris-
tics; themethodwasableto attaina 100%recognitionrate
with a smallnumberof iconic indexesperobject.

2 UnsupervisedLearning of Spatial Filters
for Recognition

Typical naturalstimuli arehighly redundantcontaining
statisticalregularitiesthatcanbeexploitedfor thepurposes
of visual coding. For example, in most images,nearby
pixels tendto be highly correlateddueto the morpholog-
ical consistency of objects. Thus, someform of recod-
ing into a moreef®cientrepresentationis highly desirable.
An optimal linear methodfor reducingredundancy is the
Karhunen-LoÂeve transformor eigenvector expansionvia
Principal ComponentAnalysis (PCA). Brie¯y, PCA gen-
eratesa set of eigenvectorsor principal components(or-
thogonalaxesof projections)of a setof input imagesin the
orderof decreasingvariance.Thus,by projectingnew input
onlyalongthedirectionsgivenbythedominanteigenvectors
(i.e. thoseassociatedwith thehighestvariance),signi®cant
data-compressioncanbeachieved.

In recentyears,therehasbeenconsiderableinterestin the
useof PCA for bothsynthesisandanalysis.For example,
PCAhasrecentlybeenappliedquitesuccessfullyto synthe-
sizebasisfunctionsfor recognitionof faces[23] andarbi-
trary3D objects[15]. Researchersanalyzingthehumanvi-
sualpathwayhavefoundPCAtobethecruciallink between
the pro®lesof cortical receptive ®eldsandthe statisticsof
naturalimages.Oja [16] ®rstnotedthata simpleone-layer
feedforwardneural-networkemployinga form of theHeb-
bian learningrule actedasaprincipalcomponentanalyzer.
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Figure1: (a)Twelveof the20 imagesthatweusedfor trainingSanger's
PCAnetwork.Thenetworkadaptedits weightsaccordingto a form of the
Hebbianlearningrulein responseto1200032 � 32imagepatchesobtained
by scanningacrossthe images.(b) First ninedominanteigenvectorsthat
the weightsof the networkconvergedto, shown herefor differentscales
( � ) of the Gaussianwindow (intensityis proportionalto magnitude).(c)
The Gaussianderivative basisfunctionsof up to the third-orderusedin
our iconic representations.The®rstfew dominanteigenvectorsof natural
imagesshown in (b) closelyresembletheseanalyticallyderived function
pro®les.Notehoweverthatwedo not usethe®rsteigenvectorto avoid il-
luminationdependenceandadditionallyincorporatesomenon-orthogonal
basisfunctionsatthehigherordersin ordertoachieverotationalinvariance
usingthe propertyof steerability. This choicealsoobviatesusingmixed
derivatives(asin (b))sincetheotheroriented®ltersyieldacompletebasis.

Sanger[21] extendedthis work to obtainthe®rst
�

princi-
pal componentsandnotedthatwheniteratively appliedto
naturalimagepatches,his networkconverged to approxi-
mationsof oriented®rst-andsecond-derivative operators.
Hancocketal. [9] usedSanger'snetworkto extractthe®rst
few principalcomponentsof anensembleof naturalimages
windowedby a Gaussianin order to avoid the distortions
thatmayhave beencausedby theuseof squarewindowsin
Sanger'swork. They observedthattheeigenvectorsthatthe
networkconvergedtowereverycloseapproximationsof the
differentorientedderivative-of-Gaussianoperatorsthathave
beenshown to providethebest®tto primatecorticalrecep-
tive®eldpro®lesamongthedifferentmathematicalpro®les
suggestedin the literature [24]. We employedSanger's
networkto ascertainwhetherthe resultsof Hancocket al.
remainedtrue for collectionsof imagescontainingequal
proportionsof naturalandman-madestimuli. Theresults,
partsof which areshown in Figure1 (b), con®rmedthat
regardlessof thescaleof analysis,theweightvectorsof the
networkeventuallyconvergedtoapproximationsofdifferent
Gaussianderivativeoperators.

Theorientedderivative-of-Gaussianoperatorscanbere-
gardedasanidealsetof natural basisfunctionsfor general-
purposerecognition. Part of the rationalefor this belief
stemsfromthefactthatthesefunctionsareobtainedasare-

sultof applyingtheprincipleof dimensionality-reductionto
arbitrarycollectionsof imagescontainingaplethoraof fea-
turesfromnaturalaswell asman-madestructuresratherthan
just theimagesof particularobjectsor faces.By sacri®cing
specializationfor a particularclassof objects,we achieve
widerapplicabilityandby using®xedbasisfunctionswhich
were learnedduring an initial ªdevelopmentºphase,we
avoid thehigh computationaloverheadinvolvedin recom-
putingnew basisfunctionsupontheintroductionof new ob-
jectsasnecessitatedby previousmethods[15, 23]. Further
supportfor usingtheorientedderivative-of-Gaussianopera-
torscomesfrom theobservationthatcorrelation®ltersgen-
eratedby principalcomponentexpansionmaximizesignal-
to-noiseratioandyield muchsharpercorrelationpeaksthan
traditionalraw imagecross-correlationtechniques(see,for
instance,[13]). Finally, while it is relatively well-known
thattheclassof functionsthatsimultaneouslyminimizethe
productof thestandarddeviationof thespatialpositionsen-
sitivity and spatial frequency sensitivity (as given by the
uncertaintyprinciplefrom Fouriertheory)arethecomplex-
Gaborelementaryfunctions[8], a relatively lesserknown
fact is thattheclassof real-valuedfunctionsthatminimize
theabove conjoint localizationmetricarein fact theGaus-
sianderivativefunctionsas®rstnotedbyGaborhimself([8]
p. 441;seealso[22]).

3 The Multiscale Iconic Index
Our iconic representationfor objectsis inspiredby the

existenceof ªnaturalbasisfunctionsºasoutlinedin thepre-
vioussection.ThecurrentimplementationusesnineGaus-
sianderivativebasis®ltersdenotedby:
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where � denotestheorderof the ®lterand �

� theorienta-
tion of the ®lter. Figure1 (c) shows the basis®ltersfor a
particularscale.
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The iconic index for a local imagepatchon anobjectcan
thenbeformedbycombiningintoasinglehigh-dimensional
vectortheresponsesof eachof theninebasis®ltersat dif-
ferentscales:
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where %

$*& '=& 1 denotesthe responseof a ®lterwith the index
3 denotingthe order of the ®lter, 4 denotingthe number
of ®ltersperorder, and 8 denotingthenumberof different
scales. In our experiments,we used®ve octave-separated
scales.

An attractivepropertyof theindex is thatit canbemade
rotation-invariantabouttheviewing axiswhenscaleis un-
changed. This canbe doneby exploiting the steerability
[7] of the basisfunctions. First, a canonicalorientation
(say, horizontal)is assumed.Then, the orientationfor a
givenvectorof responsesr canbecomputedfrom thetwo
®rst-orderresponsesas
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Figure2: Rotation Normalization. (a) A test image; (b) The same
imagerotated38

�

counterclockwise;(c) The responsevectorsfor corre-
spondingpointsneartheelephant's mouthin the two imagesbeforenor-
malization;(d) theresponsevectorsafternormalization(Positiveresponses
arerepresentedbyupwardbarsproportionalto theresponsemagnitudeand
negativeonesby downwardbarswith theninesmallestscaleresponsesat
thebeginningandtheninelargestonesat theend).

For normalization,the entiresetof ®lterresponsescanbe
ªrotatedºto thecanonicalorientationusingasetof interpo-
lation functionsasderivedby FreemanandAdelson[7]
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where 4
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 1 	 2 	 3 	 4. Figure2 illustratestherotationnor-
malizationprocedure.It is canbeseenthat the two previ-
ouslyuncorrelatedresponsevectorsof thesamepoint have
beenrenderedalmostidenticalafternormalization.

4 SparseDistrib uted Memory
For objectindexing, theresponsevectorsobtainedfrom

variousobjectsneedto be storedalong with their asso-
ciated labels. One way of accomplishingthis is to use
an associative memory. A model of associative memory
that is speci®callygearedtowardsstorageandretrieval of
high-dimensionalvectorsis Kanerva's SparseDistributed
Memory(SDM) [10].

SDM wasdevelopedby Kanerva in anattemptto model
humanlong-termmemory. Themodelis basedon thecru-
cial observation that if conceptsor objectsof interestare
representedby high-dimensionalvectors,they canbene®t
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Figure3: Distributionof distances(correlations)betweenresponsevec-
torsfor agivenpointand220268otherunrelatedpointsin aclutteredscene.
A vastmajorityof thevectorslie nearthemeandistance��� 0 � 037andare
thusrelatively uncorrelatedwith theresponsevectorfor thegivenpoint.

from thevery favorablematchingpropertiescausedby the
inherenttendency towardorthogonalityin high-dimensional
spaces.For example,considerthe space� 0 	 1 �

�

for large
� ( ��� 100). If Hammingdistanceis usedasthedistance
metric betweenpoints in this space,then the numberof
pointsthatarewithin a distanceof � bits from anarbitrary
pointfollowsabinomialdistributionwhich,for large � , can
beapproximatedby thenormaldistributionwith mean�

�

2
andstandarddeviation �

�

�
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whereF
���

� denotesthestandardnormaldistributionfunc-
tion with zeromeanandunit deviation. Then,
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The importantobservation is thatmostof thespaceis or-
thogonal(or ªindif ferentº)to any givenpoint. For example,
with �  360,themeandistanceis 180with a standardde-
viationof 9 � 5. UsingF

�

4�

 0 � 99997,we seethatmostof
thespace(99� 994%)is approximatelyat themeandistance
of 180from agivenpoint; lessthan0 � 00006thof thevector
spaceis closerto the point than142 bits or further from
it than218 bits. Thus,an objectof interestcan be repre-
sentedbyahigh-dimensionalvectorthatcanbesubjectedto
considerablenoisebefore it is confusedwith otherobjects.
The sameargumentalsoappliesto high-dimensionalvec-
tors whosecomponentsarenon-binarysuchasthe iconic
featurevectors.Figure3showsthedistributionof distances
(computedasnormalizeddot-productsor correlations)be-
tweenthefeaturevectorfor agivenmodelpointand220268
otherunrelatedpointsin a clutteredscene.Thedistribution
of thedistanceshasamean%

 0 � 037with astandarddevi-
ation &

 0 � 263. It is clearmostof thespaceis indifferent
(correlation� 0 � 0) to thegivenmodelpoint. Only 0 � 018%
of the pointshada correlationgreaterthan0 � 90, mostof
thesepointsbeinglocatedcloseto themodelpoint.

4.1 Description of SDM
Simplyput,SDM is a generalizedrandom-accessmem-

ory whereinthe memoryaddressesanddatawordscome



from high-dimensionalvectorspaces.As in a conventional
random-accessmemory, thereexistsanarrayof storagelo-
cations,eachidenti®edby a number(the addressof the
location)with associateddatabeing storedin theseloca-
tions. However, dueto theastronomicalsizeof thevector
spacespannedby theaddressvectors,only a sparsesubset
of the addressspaceis usedfor identifyingdata locations
and input addressesare not required to match stored ad-
dressesexactlybut to only lie within a speci®eddistanceof
anaddressto activatethataddress.

The basicoperationof SDM1 asproposedby Kanerva
canbesummarizedasfollows:

� Initialization : The physical locationsin SDM cor-
respondto the rows of an ���

�

contentsmatrix
C (initially ®lledwith zeroes)in which datavectors

�

�

+

1 	 1 �

�

areto be stored(seeFigure4). Pick �

uniqueaddresses( � -elementbinaryvectors)atrandom
for eachof theselocations.

� DataStorage: Givenan � -elementbinaryaddressvec-
tor a anda

�

-elementdatavector - for storage,select
all storagelocationswhoseaddresseslie within aHam-
mingdistanceof � froma. Addthedatavector- to the
previouscontentsof eachof the selectedrow vectors
of C. Note that this is different from a conventional
memorywhereaddressesneedto exactly matchand
previouscontentsareoverwrittenwith new data.

� Data Retrieval: Given an � -elementbinary address
vectora, selectall storagelocationswhoseaddresses
lie within a Hammingdistanceof � from a. Add the
valuesof theseselectedlocationsin parallel(i.e. vector
addition)to yieldasumvectorscontainingthe

�

sums.
Thresholdthese

�

sumsat 0 to obtainthedatavector
d � i.e. -

$

 1 if 8

$�� 0 and -

$



+

1 otherwise.

Thestatisticallyreconstructeddatavectord � shouldbe the
sameas the original datavectorprovided the capacityof
theSDM [11] hasnot beenexceeded.Theintuitivereason
for this is asfollows: Whenstoringa datavectord using
an � -dimensionaladdressvector a, eachof the selected
locationsreceives one copy of the data. During retrieval
with anaddresscloseto a, saya� , mostof thelocationsthat
wereselectedwith a arealsoselectedwith a� . Thus, the
sumvectorcontainsmostof thecopiesof d, pluscopiesof
otherdifferentwords;however, dueto theorthogonalityof
the addressspacefor large � , theseextraneouscopiesare
muchfewer thanthenumberof copiesof d. Thisbiasesthe
sumvectorin thedirectionof d andhence,d is outputwith
high probability. A morerigorousargumentcanbe found
in [11].

4.2 UsingSDM for Visual Recognition
Themodelof SDM usedin our methoddiffersfrom the

oneproposedby Kanerva in thefollowing ways:
� The addressesare no longer binary but correspond

to multivaluedresponsevectorswhoserangeis de-
terminedby therangeof ®lteroutputs.

1TheSDM modelcanbe realizedasa three-layerfeedforwardneural
network. In fact, the organizationof SDM is strikingly similar to the
organizationof thehumancerebellum.In particular, thecerebellarmodel
proposedby thelateDavid Marr [14] (andalsotheCMACof JamesAlbus)
arecloselyrelatedto generalizedformsof theSDM asdiscussedin [11].
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� Thenormalizeddotproductisusedasthedistancemet-
ric insteadof theHammingdistance.In otherwords,
the distancebetweenresponsevectors .	� and .�
 is
computedas:
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� Thesetof responsevectorswill beclusteredin many
correlatedgroupsdistributedover a large portion of
theresponsevectorspace.Therefore,if addressesare
pickedrandomly,alargenumberof locationswill never
be activatedwhile a numberof locationswill be se-
lectedsooftenthat their contentswill resemblenoise.
The way out of this dilemmais to pick addressesac-
cordingto thedistributionof thedata[12]. In ourcase,
wesimplyuseaninitial subsetof thetrainingresponse
vectors.Whenall addresslocationshavesubsequently
been®lled,the addressspacecanbe allowed to self-
organizeusing the well-known competitive Hebbian
learningrule (or the Kohonenrule) as suggestedby
Keelerin [12].

Assumethat the number of responsevectors (each � -
elementlong) currentlystoredis � . Let � representthe

���

� matrix of magnitude-normalized(i.e. .��

�

  .��   ) re-
sponsevectorsfromtheobjects.Assumethatwehavestored
responsevectorsfor � objects. Eachobjectis assignedan
identity vectorwhich canbeviewedastheresponseof the
systemto the visual stimulusprovided by the object; for
instance,the identity vectorcouldspecifya name,a motor
command,or even the responsevectoritself. For thecur-
rentpurposes,weassociatetheidentity vectorswith object
labels,eachobjectbeingde®nedby a ®xedrangeof values
giving an indicationof theposeof theobject. Theidentity
vectorsareassumedto belongto theset �

+

1 	 1 �

�

, where
�

ischosenlargeenoughtoallow distinctlabelsfor thevarious
objectsin thedomain. Let � representthe ���

�

counter
(or object identity) matrix whoserows will hold summa-
tionsof objectlabelsandwhoseentriesfall within the set

�

+��

	�������	

�

� +

1� � for somepositive integer
�

. Figure 4
illustratesthisorganization.



4.2.1 Visual Learning of Object Identity

Duringthetrainingphase,objectsarepresentedto theactive
visionsystemwhichextractstheresponsevectorsfrom the
imageregionlying within thefovea.Eachresponsevectorr
extractedfrom anobjectwith a labell is storedin theSDM
asfollows. Let �

$ denotethethresholdfor the 3 th address
locationandlet

�

denotethenonlinearthresholdfunction
de®nedon � -elementvectorswhose3 thcomponentisgiven
by :
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0 otherwise (12)

Notethat
�

canin generalbeanarbitraryradial basisfunc-
tion [17]. Theselectvector
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is thensimply thevectorcontainingonesin the locations3

that have a correlationof at least �

$ with r.2 The object
identity label l is then storedin the countermatrix C by
simplyaddingit to therowsof C thatwereselectedby s :

� : 

�

�

����� (14)

where� representstheouterproductoperation.This in fact
correspondstoageneralizedHebbianlearningruleasnoted
in [12].

4.2.2 Retrieving Object Identity

Let r bea responsevectorobtainedfrom oneof thepoints
in thecurrentfoveal region. Thenthe identity label l � cor-
respondingto r is computedby summingall the vectors
selectedby sandthresholdingthesumvectorthusobtained
at0 :

�
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whereQ
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 1 if
�

$ � 0 and �

$
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1
otherwise.Whenmorethanonevectorisusedperobject,the
outputlabelis obtainedby thresholdingthecumulativesum
vectorover thedifferentobjectvectors.An alternativehere
is to useseparateSDMsfor the differentfoveal locations,
therebyyieldinga topographicmemory[19].

5 Implementation
The algorithmsdescribedin the previous sectionhave

beenimplementedonanactive visionsystemcomprisedof
a binocularheadwith two color CCD television cameras
that provide input to a �
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MV200
pipeline image-processingsystem. The MV200 is a sin-
gle integrated6U VME circuit boardwith a wide range
of frame-rateimageanalysiscapabilities.Of particularin-
terestto our work is its ability to performconvolutionsat
frame-rate(30

�

8��

�

).
Thereareclearly threedistinctphasesin thealgorithms

of the previous sectionduring eitherstorageor retrieval :
(a) Figure-groundsegmentation,(b) Visual preprocessing
to extract®lterresponses,and(c) Memoryaccess.

2Note that s is a new representationin an � -dimensionalspaceand
correspondsto thecodonrepresentationof inputin Marr'scerebellarmodel
[14]. This transformationfrom an � -dimensionalto an � -dimensional
space( ������� ) addsfurtherorthogonalityto the matchingprocessby
amplifyinganydifferencesbetweeninput responsevectors.

5.1 Figure-Ground Segmentation
Theproblemof ®gure-groundsegmentationismuchsim-

pler than the generalsegmentationproblem and can be
solvedin a numberof differentways,mostnotablyby the
useof stereo.We have previouslyshown [3] thattheuseof
an active binocularheadallows stereoto be usedfor seg-
mentingan occluderby usingzero disparity ®ltering[6].
The zero disparity®lter is a simple non-linearimage®l-
ter thatsuppressesfeaturesthathave non-zerodisparity;in
otherwords, it only passesimageenergy in the horopter.
Sucha®lteris well-suitedto performacrude®gure-ground
segmentationof anobjectamidstaclutteredbackground.

5.2 Visual Preprocessing
Oncetheapproximateboundaryof thefaceisdetermined,

thefoveacanbedirectedto thecentroidof theobject. The
MV200 executesnineconvolutionswith thedifferent8 � 8
Gaussianderivativekernelsona low-pass®ltered®ve-level
pyramidof theinputimageand®lterresponsesareextracted
for eachof thesparsenumberof pointsin thefovealregion.
For theexperiments,anobjectwasrepresentedby response
vectorsfrom the centroid and each of the points lying on
the intersectionsof radial lines with concentriccircles of
exponentiallyincreasingradii centered on the centroid as
shown in Figure6 (c). Note that this correspondsto an
implicit representationbyparts.

5.3 Memory Access
Our implementationoptimizes the traditionally time-

consumingstepof memoryaccessby implementingmem-
ory directlywithin theMV200 imageprocessingsystemit-
selfandusingconvolutionsfor distancecomputations. The
modi®edSDMdescribedin Section4.2canbeimplemented
by usingone(or more)of thememorybanksof theMV200
for storing the matrix A as a ªmemory surface.º During
indexing, an input responsevectoris loadedinto the8 � 8
convolutionkernelandconvolvedwith thememorysurface
A; theclosestvectorscanbeselectedbysimplythresholding
theresultsof theconvolution.

6 Experimental Results
We ®rstdescribethe resultsof varying viewing condi-

tionsontheiconicfeaturevectorsof arbitraryobjects.These
experimentsgive an indicationof therobustnessof the in-
dexingalgorithmbyshowing thattheresponsevectorsoften
changeonly slightly (correlationwith themodelvectorre-
mainsabove 0 � 8) whensubjectedto differentvariationsin
viewing condition. TheSDM usesthresholdsin therange
0 � 80-0� 95asmotivatedbyFigure3whereonly0 � 26%of the
pointshave correlationsgreaterthan0 � 8. Ambiguitiesleft
unresolvedby singlevectorsarecounteredby usingmore
thanonefeaturevectorperobjectasdescribedin Section5.2.

For the®rstexperiment,weextractedtheresponsevector
from a region nearthe centroidof an initially unoccluded
modelobjectandplottedthedistance(correlation)between
the modelresponsevectorandthosefor the samepoint in
scenarioswith increasingdegreesof occlusionasshown in
Figure5(a). Despitethedistortionscausedbytheoccluders,
the new iconic featurevectorsremaincorrelatedwith the
original vector.

To testinsensitivity to modestchangesin view, we ex-
aminedtheeffect of gradualclockwise5 � changesin pose
on the responsevectorsfor a ®xed point for a simple3D
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object. As shown in Figure5 (b), the correlationremains
above 0 � 8 for posechangesof upto40� .

The iconic object representationsaretolerantto minor
scalevariations( � 10%). This fact is illustratedin Fig-
ure5 (c) whichdepictstheexperimentalresultsobtainedby
increasingscalein stepsof 2%. Largerchangesin scaleare
handledby ascaleinterpolationstrategy whichaccountsfor
scalechangesby interpolatingwith responsesacrossscales
asillustratedin Figure5 (d) (see[18] for furtherdetails).

In the experimentshown in Figure5 (e), we exposeda
modelobjectseparatelyto illumination from a 60� bulb
at a radial distanceof 2 feet from four differentdirections
(labeled0, 1, 2, and3). Thereis a noticeabledecreasein
correlationbetweenthemodelvectorandthenew vectors,
thoughit remainsrelatively high ( � 0 � 8). Larger changes
in illumination canbe counteredby usingbrightnessnor-
malizationtechniquesin additionto possibleactive control
of cameraaperture.

Theexperimentin Figure5 (f) showsthegracefuldegra-
dationcausedby incrementallyadding(1) anocclusion,(2)
anilluminationchangefollowedby (3) aview variationand
®nally, (4) a reductionin scale(brightnessnormalization
andscaleinterpolationstrategieswerenot usedfor this ex-
periment). Despitethe large distortionscausedby these
transformations,the new iconic featurevectorsall have a
correlationof 0 � 5 or more,which is still far from theindif-
ferencedistanceof 0 � 0 wherethevastmajority of theother
vectorslie (Figure3).

Finally, the3D recognitionperformanceof theindexing
techniquewastestedon theColumbiaobjectdatabasethat
was originally usedin [15] by Muraseand Nayar. Fig-
ure6 (a) shows the segmentedimagesof 20 3D objectsin
the databasefor a given pose. During the training phase,
36 imagesof eachobjectat 10� incrementsin posewere
usedto extractresponsevectorsfor storagein theSDM.For
testingthe indexing scheme,we randomlyselectedimages
of objectscorrespondingto posesthatlie exactly in between
thetrainingposes.As indicatedby Figure6 (e),evenwhen
only onepoint wasusedper object,70% of the testcases
werestill successfullyrecognized.Addition of morepoints
within the foveaper object increasedthe recognitionrate
until 100%accuracy wasachieved when25 foveal points
wereusedfor indexing into theSDM.

7 Discussionand Conclusions
Thispaperpresentsanew approachto theobjectindexing

problem:usingmultiscaleiconic featurevectorsascompo-
nentsof asparsedistributedmemory. Thiscombinationhas
a numberof salientfeatureswhich canbe summarizedas
follows:

� PCA-based Generalized Basis Functions: The
derivative-of-Gaussianbasisfunctionsusedin ourap-
proachariseasa resultof unsupervisedlearningin a
neuralnetworkperformingPCAonarbitraryimagesof
naturalscenes;they arethuswell-suitedfor indexingin
awidevarietyof domains.Thehigh-dimensionalityof
the responsevectorsderived from the basisfunctions
furtherimprovesrecognitionaccuracy.

� Rotation and ScaleInvariance: The steerabilityof
Gaussianderivative ®ltersallows anef®cientnormal-
izationprocedurefor rotationsabouttheviewing axis.
Theincorporationof ®lterresponsesatdifferentscales
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Figure6: RecognitionResults. (a) The20 objectsusedin the exper-
iment. (b) 9 of the 36 imagesof an object extractedat 10

�

rotational
incrementsin poseto representthe entireposespace. (c) For storagein
the SDM, responsevectorsfrom the pointsat the intersectionsof radial
lineswith concentriccirclescenteredon the approximateobjectcentroid
wereused.(d) summarizestheexperimentalparameters.(e) Recognition
rate(fractionof testimagescorrectlyrecognized)plottedasa functionof
numberof vectorsusedperobjectin agivenpose.

allows the useof simple interpolationstrategies for
achieving invariancein thepresenceof drasticchanges
in scale[18].

� Toleranceto Changesin Viewing Conditions: Mi-
norocclusions3 or modestperspectivechangesandin-
terferencecausedby varyingbackgroundlying in the
receptive ®eldsof thelargestscale®ltersaretolerated
becausea largenumberof measurementsareusedper
point; distortionsin a few componentsactasnoiseto
whichthehigh-dimensionalrepresentationremainsro-
bust. Illumination changesarehandledin two ways.
First,noneof the®ltersusedhaveaDC response.Sec-
ond, the useof normalizeddot productasa distance
metricadditionallymakesthematchingprocessrobust
to globalcontrastchanges.

� SparseDistributed Memory: An associative model
of visual memory basedon Kanerva's sparsedis-
tributedmemoryis usedfor storageand retrieval of
object identity. This form of memoryfacilitatesvi-
sual learningandallows interpolationbetweenviews
besidesoffering theadditionaladvantagesof constant
indexing time ( �

�

� �



�

�

1� where � is the num-
berof address/storagelocations)andthepossibilityof
greaterstoragecapacityoversequentialmemorydueto

3A moresophisticatedstrategyfor handlingpartial occlusionsis de-
scribedin [3].



the multiplexing inherentin theSDM combinedwith
theuseof morethanoneresponsevectorperobject.

� Real-TimeRecognition: Iconictechniquessuchasthe
oneproposedin thispaperhavebeengreetedwith con-
siderableskepticismin the pastsincethey have been
computation-intensive. However, therecentavailabil-
ity of pipelineimageprocessorssigni®cantlyamelio-
ratesthis drawback. In particular, theframe-ratecon-
volution capability of theseprocessorscanbe effec-
tively exploited to make iconic techniquespractical
andef®cientasdemonstratedin this paper.

A possiblecausefor concernis theuseof upto25vectorsper
object. A little re¯ection however revealsthat this choice
still resultsin considerablesavings over the alternative of
pixelwisestorageof images(25 � 45versus128 � 128).Our
view-basedapproachraisesthequestionof scalability:will
themethodfail whenextremelylargemodelbasesof objects
areusedwith arbitrary3� pose?It is however not hardto
seethattheuseof morethanonevectorperobjectpotentially
allowsanextremelylargenumberof objectsto behandled.
Kanerva[11] estimatesthecapacityof theSDM to beabout
5%of thenumberof storagelocations;thus,with only1000
storagelocations,thenumberof potentiallydistinguishable
objectsis still /

50
25

2 which is an extremely large number,
even after factoringout the numberof differentviews for
anobject.Theaccuracy of theabove naiveestimateclearly
dependson theextentto which responsevectorsareshared
betweendifferentobjects;while we have foundnoticeable
overlapin general,we believe thatthepossibleuseof self-
organizationwithin theaddressspacewill signi®cantlyhelp
in extendingthe capacityof the memoryby allowing the
storedresponsevectorsto essentiallyact as higher-level
basisfunctionsfor describingobjects.

Ongoing work includes motion-basedsegmentation,
saliency-basedselectionof object points, and augmenta-
tion of the featurevector with responsesfrom a variety
of color-opponentGaussiancenter-surround®ltersderived
from unsupervisedlearningalongtheRGBplanes.
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