Object Indexing using an Iconic SparseDistrib uted Memory

RajeshP.N. RaoandDanaH. Ballard
Departmenbf ComputerScienceUniversity of Rochester
RochesteNY 14627,USA
rao,dana@cs.rochestexdu

Abstract

Ageneanl-purposeobjectindexingtechniqueisdescribed
that combineghe virtuesof principal componenanalysis
with thefavorablematdiing propertiesof high-dimensional
spacedo achieve high precisionrecognition. An objectis
representedy a setof high-dimensionalonicfeatue vec-
tors comprisedof the response®sf derivativeof Gaussian
®ltersat a range of orientationsand scales. Sincethese
®lterscan be shownto form the eigervectorsof arbitrary
imagescontainingboth natural and man-madestructues,
they are well-suitedfor indexing in disparatedomains.The
indexing algorithmusesan activevisionsystemn conjunc-
tion with a modi®edorm of Kanervas sparsedistributed
memorywhich facilitatesinterpolationbetweernviews and
providesa corvenientplatformfor learningtheassociation
betweeranobject'sappeaanceanditsidentity Therobust-
nessof theindexing methodwasexperimentallycon®rmed
by subjectingthe methodto a rangeof viewing conditions
and the accuiacy was veri®edusing a well-knownmodel
databasecontaininga numberof complex 3D objectsunder
varyingpose

1 Intr oduction

The earliestmodelsof objectsfor computetvision em-
phasizedyeometricaldescriptionshasedon shape[20, 5].
Suchdescriptionsare attractve asthey areeasilyadapted
for themanipulatiorrequrement®of roboic assemblyasks.
However, they have provedvery dif®cultto extractfrom the
image owing to the fact that geometricand photometric
propertiesarerelatively uncorrelatedinsightsgainedfrom
work onactive/animatevision[1, 2, 4] seento suggesthat
simplericonic descriptionsof objectsbasedon their pho-
tometricpropertiesnay oftensuf®cefor mary visualtasks
[18].

This paperinvestigateghe useof aniconic description
comprisedf photometrideaturesatalocalimagepatchas
amediumfor ef®cientobjectindexing in actie vision sys-
tems. The photometricfeaturesare obtainedby takingthe
response®f nine derivative-of-Gaussia®Iltersat various
orientationseachat ®\e differentscales Thederiative-of-
Gaussia®lterscanbeshovn to ariseasaresultof unsuper
vised Hebbianlearningby a neuralnetworkthat performs
principalcomponenanalysison naturalimagepatcheslur-
ing aninitial 2@development®phase.An objectcanthenbe
representety a setof ®lterrespons&ectorsfrom different
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loci within the objectfor a smallnumberof views sampled
from theviewing sphere.

The procesof objectindexing itself is realizedwithin
the frameavork of anactive vision systemusedin conjunc-
tion with a modi®edform of Kanena's sparsedistributed
memory[10]; thememoryfacilitatesinterpolationbetween
differentviews of anobjectandprovidesa corvenientplat-
form for learningthe associatiorbetweenan object's ap-
pearancanditsidentity. Real-timeperformancés achiered
by implementingobothvisualpreprocessingnd associatie
memorywithin a pipelineimageprocessorand exploiting
its ability to performconvolutionsatframe-ratgSectionb).

Experimentakesultsaspresentedn Section6 indicate
thattheindexing schemes remarkablytolerantto moderate
changesn viewing conditionscauseddy occlusionsillu-
minationchangesscalechangesandrotationsin 3D. The
accurag of the indexing methodwasveri®edon the well-
known Columbiaobject databaseontaininga numberof
arbitrary3D objectswith comple appearanceharacteris-
tics; the methodwasableto attaina 100%recognitionrate
with a smallnumberof iconicindexesperobject.

2 UnsupervisedLearning of Spatial Filters

for Recognition

Typical naturalstimuli are highly redundantontaining
statisticalregularitiesthatcanbeexploitedfor thepurposes
of visual coding. For example,in mostimages,nearby
pixels tendto be highly correlateddue to the morpholog-
ical consisteng of objects. Thus, someform of recod-
ing into a moreef®cientrepresentatiols highly desirable.
An optimal linear methodfor reducingredundang is the
Karhunen-Lé&we transformor eigervector expansionvia
Principal ComponentAnalysis (PCA). Brie'y, PCA gen-
eratesa set of eigemvectorsor principal componentgor-
thogonalaxesof projections)f a setof inputimagesn the
orderof decreasingariance.Thus,by projectingnew input
only alongthedirectionggivenby thedominankigervectors
(i.e. thoseassociateavith the highestvariance) signi®cant
data-compressiotanbe achieved.

In recentyearstherehasbeenconsiderablanteresin the
useof PCA for both synthesisandanalysis. For example,
PCA hasrecentlybeenappliedquitesuccessfullyo synthe-
sizebasisfunctionsfor recognitionof faces[23] andarbi-
trary 3D objectq15]. Researchemnalyzingthe humarwvi-
sualpathwayhave foundPCAto bethecruciallink between
the pro®lesof cortical receptve ®eldsandthe statisticsof
naturalimages.Oja[16] ®rstnotedthata simpleone-layer
feedforwardneural-networlemployinga form of the Heb-
bianlearningrule actedasaprincipalcomponentinalyzer
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Figurel: (a) Twelveof the20imageghatwe usedfor trainingSangers
PCAnetwork. Thenetworkadaptedts weightsaccordingo a form of the
Hebbianearningrulein responséo 1200032 32imagepatche®btained
by scanningacrosshe images. (b) First nine dominanteigervectorsthat
the weightsof the networkcorvergedto, shavn herefor differentscales
() of the Gaussiarwindow (intensityis proportionalto magnitude).(c)
The Gaussiarderivative basisfunctionsof up to the third-orderusedin
ouriconic representationsThe ®rstfew dominanteigervectorsof natural
imagesshown in (b) closelyresembleheseanalyticallyderived function
pro®les.Note howeverthatwe do not usethe ®rsteigervectorto avoid il-
luminationdependencandadditionallyincorporatesomenon-orthogoal
basisfunctionsatthehigherordersin orderto achieverotationalinvariance
usingthe propertyof steerability This choicealsoobviatesusingmixed
derivatives(asin (b)) sincetheotheroriented®ltersyield acompletebasis.

Sangef21] extendedthis work to obtainthe ®rst princi-
pal componentandnotedthat wheniteratively appliedto
naturalimage patcheshis network corverged to approxi-
mationsof oriented®rst-and second-deviative operators.
Hancocketal. [9] usedSangers networkto extractthe ®rst
few principalcomponentsf anensembl®f naturalimages
windowed by a Gaussiarin orderto avoid the distortions
thatmayhave beencausedy theuseof squaravindowsin
Sangersswork. They obseredthattheeigervectorsthatthe
networkconvergedto werevery closeapproximationsf the
differentorientedderivative-of-Gaussianperatorghathave
beenshavn to provide the best®tto primatecorticalrecep-
tive ®eldpro®lesamongthe differentmathematicapro®les
suggestedn the literature[24]. We employedSangers
networkto ascertainvhetherthe resultsof Hancocket al.
remainedtrue for collectionsof imagescontainingequal
proportionsof naturalandman-madestimuli. Theresults,
partsof which are shavn in Figure 1 (b), con®rmedhat
regardlessof thescaleof analysis theweightvectorsof the
networkeventuallycornveigedto approximationof different
Gaussiarderivativeopeitors.
Theorientedderivative-of-Gaussianperatorganbere-
gardedasanidealsetof natural basisfunctionsfor general-
purposerecognition. Part of the rationalefor this belief
stemdrom thefactthattheseunctionsareobtainedasare-

sultof applyingtheprincipleof dimensionality-reductioto
arbitrarycollectionsof imagescontaininga plethoraof fea-
turesfrom naturalaswell asman-madstructuesratherthan
justtheimagesof particularobjectsor faces.By sacri®cing
specializatiorfor a particularclassof objects,we achiee
widerapplicabilityandby using®edbasisunctionswhich
were learnedduring an initial 2development®phase,we
avoid the high computationabverheadnvolvedin recom-
putingnew basisfunctionsupontheintroductionof new ob-
jectsasnecessitatetly previousmethodq15, 23]. Further
supporffor usingtheorientedderivative-of-Gaussianpera-
torscomedrom theobsenrationthatcorrelation®ltersgen-
eratedby principalcomponenexpansionmaximizesignal-
to-noiseratioandyield muchsharperorrelationpeakgshan
traditionalraw imagecross-correlatiotechniquegsee for
instance[13]). Finally, while it is relatively well-known
thattheclassof functionsthatsimultaneouslyninimizethe
productof thestandardleviation of the spatialpositionsen-
sitivity and spatialfrequeng sensitvity (as given by the
uncertaintyprinciplefrom Fouriertheory)arethecomple-
Gaborelementaryfunctions[8], a relatively lesserknown
factis thatthe classof real-valuedfunctionsthatminimize
theabove conjointlocalizationmetricarein factthe Gaus-
sianderivative functionsas®rstotedby Gaborhimself([8]
p. 441;seealso[22]).

3 The Multiscale Iconic Index

Our iconic representatioffior objectsis inspiredby the
existenceof 2naturalbasisfunctions®asoutlinedin thepre-
vioussection.Thecurrentimplementatiorusesnine Gaus-
sianderivative basis®ltersdenoteday:

123 0 1 1
e
where denotegheorderof the®Ilterand theorienta-
tion of the ®lter Figurel (c) shaws the basis®ltersfor a
particularscale.
Theresponsef animagepatch centeredcat ¢ ¢ to

a particularbasis®Iter canbe obtainedby convolving
theimagepatchwith the ®lter:

0 O 0 0 (2)

The iconic index for alocal imagepatchon an objectcan
thenbeformedby combininginto asinglehigh-dimensional
vectorthe responsesf eachof the nine basis®Itersat dif-
ferentscales:

123 1 1;
o
where denotegheresponsef a ®lterwith the index
denotingthe order of the ®ltey  denotingthe number
of ®ltersperorder and denotingthe numberof different
scales. In our experimentswe used®\e octave-separated
scales.

An attractve propertyof theindex is thatit canbe made
rotation-irvariantaboutthe viewing axiswhenscaleis un-
changed. This can be doneby exploiting the steeability
[7] of the basisfunctions. First, a canonicalorientation
(say horizontal)is assumed. Then, the orientationfor a
givenvectorof responses canbe computedrom the two
®rst-orderesponsesas

2 11 12 (4)
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Figure 2: Rotation Normalization. (a) A testimage; (b) The same
imagerotated38 counterclockwise(c) The responsevectorsfor corre-
spondingpointsnearthe elephants mouthin the two imagesbeforenor-
malization;(d) theresponseectorsafternormalizatior(Positve responses
arerepresentetly upwardbarsproportionato theresponsenagnitudeand
negatve onesby downwardbarswith the nine smallestscaleresponseat
thebeginningandthe ninelargestonesatthe end).

For normalization the entiresetof ®lterresponsesanbe
arotatedto thecanonicabrientationusinga setof interpo-
lation functionsasderivedby FreemarandAdelson[7]

(5)
1
where 123; 1 1; ,
and
1
1 > 2cos 1 2 12 (6)
1
2 3 1 2cos2 1 3 123
(7)
and
1
3 2 2co0s 1 4 2cos3 1 4
: _ (8
where 1 2 3 4. Figure? illustratestherotationnor-

malizationprocedure.lt is canbe seenthat the two previ-
ouslyuncorrelatedesponse&ectorsof thesamepoint have
beenrenderedilmostidenticalafternormalization.

4 SparseDistrib uted Memory

For objectindexing, the responsevectorsobtainedfrom
various objectsneedto be storedalong with their asso-
ciatedlabels. One way of accomplishingthis is to use
an associatie memory A model of associatie memory
thatis speci®callygearedowardsstorageandretrieval of
high-dimensionaklectorsis Kanena's SparseDistributed
Memory(SDM) [10].

SDM wasdevelopedby Kanenain anattemptto model
humanlong-termmemory Themodelis basedonthe cru-
cial obsenration thatif conceptsor objectsof interestare
representedby high-dimensionalectors,they canbene®t
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FigureS: Distribution of distancegcorrelationspetweerresponseec-
torsfor agivenpointand220268otherunrelategointsin aclutteredscene.

A vastmajority of thevectordie nearthemeandistance 0 037andare
thusrelatively uncorrelatedvith theresponseectorfor the givenpoint.

from the very favorablematchingpropertiescausedy the
inherentendenyg towardorthogonalityin high-dimensional
spaces.For example,considerthespace 0 1  for large
( 100). If Hammingdistances usedasthe distance
metric betweenpoints in this space,then the numberof
pointsthatarewithin adistanceof  bitsfrom anarbitrary
pointfollowsabinomialdistributionwhich,for large , can
be approximatedy thenormaldistributionwith mean 2

andstandarddeviation ~ 2. In otherwords,

2
F——2 ©)

whereF denoteghe standarchormaldistribution func-
tion with zeromeanandunit deviation. Then,

2 T2 21 F (10)

Theimportantobsenationis thatmostof the spacds or-
thogonal(or 2indif ferent®)to ary givenpoint. For example,
with 360,themeandistances 180with a standarale-
viationof 9 5. UsingF 4 099997 we seethatmostof
thespacg99 994%)is approximatelyat the meandistance
of 180from agivenpoint; lessthan0 00006thof thevector
spaceis closerto the point than 142 bits or further from
it than218 bits. Thus,an objectof interestcan be repre-
sentedya high-dimensionalectorthatcanbesubjectedo
consideable noisebefor it is confusedvith otherobjects
The sameargumentalsoappliesto high-dimensionalec-
tors whosecomponentsare non-binarysuchasthe iconic
featurevectors.Figure3 shavsthedistributionof distances
(computedasnormalizeddot-productr correlationshpe-
tweenthefeaturevectorfor agivenmodelpointand220268
otherunrelatedbointsin a clutteredscene.Thedistribution
of thedistancefiasamean 0 037with astandaralevi-
ation 0 263. It is clearmostof the spacds indifferent
(correlation 0 0) to the givenmodelpoint. Only 0 018%
of the points had a correlationgreaterthan 0 90, most of
thesepointsbeinglocatedcloseto the modelpoint.

4.1 Description of SDM
Simply put, SDM is a generalizedandom-accessiem-
ory whereinthe memoryaddressesind datawords come



from high-dimensionalectorspacesAs in a corventional
random-accesmiemory thereexists anarrayof storagdo-
cations,eachidenti®edby a number(the addressof the
location) with associatedlatabeing storedin theseloca-
tions. However, dueto the astronomicakizeof the vector
spacespannedy the addreswyectors,only a sparsesubset
of the addressspaceis usedfor identifyingdatalocations
and input addressesare not required to matd stored ad-
dresse®xactly but to only lie within a speci®edlistanceof
anaddressto activatethataddress

The basicoperationof SDM! as proposedby Kanena
canbe summarizedsfollows:

Initialization : The physicallocationsin SDM cor-
respondto the rows of an contentsmatrix
C (initially ®lledwith zeroes)in which datavectors

11 areto bestored(seeFigure4). Pick
unigueaddresse§ -elemenbinaryvectorsyatrandom
for eachof thesdocations.

Data Storage Givenan -elemenbinaryaddressec-
toraanda -elementdatavector for storageselect
all storagdocationsvhoseaddressele within aHam-
mingdistanceof froma. Addthedatavector tothe
previous contentsof eachof the selectedow vectors
of C. Note that this is differentfrom a corventional
memorywhereaddresseseedto exactly matchand
previouscontentsaareoverwrittenwith new data.

Data Retrieval: Givenan -elementbinary address
vectora, selectall storagelocationswhoseaddresses
lie within a Hammingdistanceof  from a. Add the
valuesof theseselectedocationdn parallel(i.e. vector
addition)to yield asumvectorscontaininghe sums.
Thresholdthese sumsat O to obtainthe datavector
d ie. 1if 0and 1 otherwise.

The statisticallyreconstructedatavectord shouldbethe
sameasthe original datavector provided the capacity of

the SDM [11] hashot beenexceeded.Theintuitivereason
for this is asfollows: Whenstoringa datavectord using
an -dimensionaladdressvector a, eachof the selected
locationsreceves one copy of the data. During retrieval

with anaddresgloseto a, saya , mostof thelocationsthat
were selectedwith a are alsoselectedwith a. Thus,the
sumvectorcontainsmostof the copiesof d, pluscopiesof

otherdifferentwords;however, dueto the orthogonalityof

the addresspacefor large , theseextraneouscopiesare
muchfewerthanthe numberof copiesof d. Thisbiaseghe

sumvectorin thedirectionof d andhenced is outputwith

high probability A morerigorousamgumentcanbe found

in [11].

4.2 Using SDM for Visual Recognition

The modelof SDM usedin our methoddiffersfrom the
oneproposedy Kanenain thefollowing ways:

The addressesre no longer binary but correspond
to multivaluedresponsevectorswhoserangeis de-
terminedby therangeof ®Iteroutputs.

1The SDM modelcanbe realizedas a three-layerffeedforwardneural
network. In fact, the organizationof SDM is strikingly similar to the
organizationof thehumancerebellum.In particular the cerebellamodel
proposedy thelateDavid Marr [14] (andalsothe CMAC of Jame®lbus)
arecloselyrelatedto generalizedormsof the SDM asdiscussedn [11].
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Figure4: The modi®edSparseDistributed Memory (SDM) modelfor
learningassociationbetweerobjectappearancandobjectidentity.

Thenormalizedlotproductis usedasthedistancamet-
ric insteadof the Hammingdistance.In otherwords,

the distancebetweenresponsesectors and s
computeds:

(11)

The setof responsevectorswill be clusteredn mary
correlatedgroupsdistributed over a large portion of
theresponsevectorspace.Thereforejf addresseare
pickedrandomlyalargenumberof locationswill never
be activatedwhile a numberof locationswill be se-
lectedso oftenthattheir contentswill resemblenoise.
The way out of this dilemmais to pick addressesc-
cordingtothedistributionofthedata[12]. In ourcase,
we simplyuseaninitial subsebdf thetrainingresponse
vectors.Whenall addres$ocationshave subsequently
been®lled, the addresspacecanbe allowedto self-
organizeusing the well-known competitve Hebbian
learningrule (or the Kohonenrule) as suggestedy
Keelerin [12].

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

matrix of magnitude-normalize(l.e. ) re-
sponseectordromtheobjects. Assumdhatwehavestored
responsevectorsfor  objects. Eachobjectis assignedan
identity vectorwhich canbe viewedastheresponsef the
systemto the visual stimulusprovided by the object; for
instancethe identity vectorcould specifya name,a motor
commandpr eventheresponse/ectoritself. For the cur
rentpurposesye associatehe identity vectorswith object
labels,eachobjectbeingde®nedy a ®xed-angeof values
giving an indication of the poseof the object Theidentity
vectorsareassumedo belongtotheset 1 1 , where
ischoserargeenougttoallow distinctlabelsfor thevarious
objectsin thedomain. Let representhe counter
(or objectidentity) matrix whoserows will hold summa-
tions of objectlabelsandwhoseentriesfall within the set

1 for somepositive integer . Figure4

illustratesthis organization.



4.2.1 Visual Learning of Object Identity

Duringthetrainingphasepbjectsarepresentetb theactive
vision systemwhich extractsthe responserectorsfrom the
imageregionlying within thefovea. Eachresponseectorr
extractedfrom anobjectwith alabell is storedin theSDM
asfollows. Let  denotethethresholdfor the th address
locationandlet  denotethe nonlinearthresholdfunction
de®nedn -elemenwectorsvhose thcomponenisgiven
by :

1 if

0 otherwise (12)
Notethat canin generabeanarbitraryradial basisfunc-
tion[17]. Theselectvector

— (13)

is thensimply the vectorcontainingonesin the locations
that have a correlationof atleast ~ with r.2 The object
identity label | is then storedin the countermatrix C by
simply addingit to therows of C thatwereselectedy s:

(14)

where representtheouterproductoperation.Thisin fact
correspond® ageneralizeddebbianlearningrule asnoted
in [12].

4.2.2 Retrieving Object Identity

Letr bearesponseectorobtainedfrom oneof the points
in the currentfoveal region. Thentheidentity labell cor
respondingto r is computedby summingall the vectors
selectedy sandthresholdinghe sumvectorthusobtained

ato:
Q (15)

whereQ x u where 1if 0 and 1
otherwise Whenmorethanonevectorisusedoerobject,the
outputlabelis obtainedby thresholdinghecumulatve sum
vectorover thedifferentobjectvectors.An alternatve here
is to useseparate&SDMs for the differentfoveal locations,
therebyyielding atopographicmemory[19].

5 Implementation

The algorithmsdescribedn the previous sectionhave
beenimplementedn anactive vision systemcomprisedf
a binocularheadwith two color CCD television cameras
that provide inputto a MV200
pipeline image-processingystem. The MV200 is a sin-
gle integrated6U VME circuit boardwith a wide range
of frame-ratémageanalysiscapabilities. Of particularin-
terestto our work is its ability to perform convolutionsat
frame-ratg30 .

Thereareclearlythreedistinct phasesn the algorithms
of the previous sectionduring either storageor retrieval :
(a) Figure-groundsegmentation,(b) Visual preprocessing
to extract®lterresponsesnd(c) Memoryaccess.

’Notethat s is a new representatioin an -dimensionalspaceand
correspondto thecodonrepresentatiomf inputin Marr'scerebellamodel
[14]. This transformationrfrom an -dimensionalto an -dimensional
space( ) addsfurther orthogonalityto the matchingprocessy
amplifying anydifference$etweerinputresponse&ectors.

5.1 Figure-Ground Segmentation

Theproblemof ®gure-groundggmentatioris muchsim-
pler than the generalsggmentationproblem and can be
solvedin a numberof differentways, mostnotablyby the
useof stereo.We have previously shavn [3] thatthe useof
an active binocularheadallows stereoto be usedfor seay-
mentingan occluderby using zeio disparity ®ltering[6].
The zero disparity ®lteris a simple non-linearimage®I-
terthatsuppressefeatureghathave non-zeradisparity;in
otherwords, it only passesmageenegy in the horopter
Sucha®lteris well-suitedto performa crude®gure-ground
segmentatiorof anobjectamidsta clutteredbackground.

5.2 Visual Preprocessing

Oncetheapproximatdoundaryfthefaceisdetermined,
thefoveacanbedirectedto the centroidof the object. The
MV200 executesninecorvolutionswith the different8 8
Gaussiamerivative kernelson alow-pass®ltered®e-level
pyramidof theinputimageand®Ilterresponseareextracted
for eachof the sparsenumberof pointsin thefovealregion.
For theexperimentsanobjectwasrepresentetly response
vectorsfrom the centoid and ead of the pointslying on
the intersectionsof radial lines with concentriccircles of
exponentiallyincreasingradii centeed on the centoid as
shawvn in Figure6 (c). Note that this correspondgo an
implicit representatiorby parts.

5.3 Memory Access

Our implementationoptimizes the traditionally time-
consumingstepof memoryaccesdy implementingmem-
ory directly within the MV200 imageprocessingystemit-
selfandusingcorvolutionsfor distancecomputationsThe
modi®edEDM describedn Sectiond.2canbeimplemented
by usingone(or more)of the memorybanksof theMV200
for storingthe matrix A asa 2memory surface. During
indexing, aninput responsevectoris loadedinto the8 8
convolution kernelandconvolvedwith the memorysurface
A; theclosestectorscanbeselectedby simplythresholding
theresultsof thecorvolution.

6 Experimental Results

We ®rstdescribethe resultsof varying viewing condi-
tionsontheiconic featurevectorsof arbiraryobjects.These
experimentsgive an indicationof the robustnesf thein-
dexing algorithmby shaving thattherespons&ectorsoften
changeonly slightly (correlationwith the modelvectorre-
mainsabove 0 8) whensubjectedo differentvariationsin
viewing condition. The SDM usesthresholdsn therange
0 80-095asmotivatedby Figure3 whereonly 0 26%o0f the
pointshave correlationggreaterthan0 8. Ambiguitiesleft
unresolhed by singlevectorsare counteredoy usingmore
thanonefeaturevectorperobjectasdescibedin Sectiorb.2.

For the®rstexperimentwe extractedtheresponse&ector
from a region nearthe centroidof aninitially unoccluded
modelobjectandplottedthedistancgcorrelation)between
the modelresponsevectorandthosefor the samepointin
scenariosvith increasingdegreesof occlusionasshavn in
Figure5 (a). Despitethedistortiorscausedby theoccluders,
the new iconic featurevectorsremaincorrelatedwith the
original vector

To testinsensitvity to modestchangesn view, we ex-
aminedthe effect of gradualclockwise5 changesn pose
on the responsevectorsfor a ®ed point for a simple 3D
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object. As shawvn in Figure5 (b), the correlationremains
above 0 8 for posechange®f upto40 .

The iconic objectrepresentationare tolerantto minor
scalevariations(  10%). This factis illustratedin Fig-
ure5 (c) which depictsthe experimentatesultsobtainedby
increasingscalein stepsof 2%. Largerchangesn scaleare
handledby ascaleinterpolationstratgy whichaccountgor
scalechangedy interpolatingwith responseacrossscales
asillustratedin Figure5 (d) (se€[18] for furtherdetails).

In the experimentshawn in Figure5 (e), we exposeda
modelobjectseparatelyto illumination from a 60  bulb
at aradial distanceof 2 feetfrom four differentdirections
(labeledO, 1, 2, and3). Thereis a noticeabledecreasén
correlationbetweerthe modelvectorandthe new vectors,
thoughit remainsrelatively high (0 8). Larger changes
in illumination canbe counteredby usingbrightnessnor-
malizationtechniquesn additionto possibleactive control
of cameraaperture.

Theexperimentin Figure5 (f) shavsthegracefuldegra-
dationcausedy incrementallyadding(1) anocclusion(2)
anilluminationchangdollowedby (3) aview variationand
®nally (4) a reductionin scale(brightnessnormalization
andscaleinterpolationstratgieswerenot usedfor this ex-
periment). Despitethe large distortionscausedby these
transformationsthe new iconic featurevectorsall have a
correlationof 0 5 or more,whichis still far from theindif-
ferencedistanceof 0 0 wherethe vastmajority of the other
vectorslie (Figure3).

Finally, the 3D recognitionperformancef theindexing
techniguewastestedon the Columbiaobjectdatabasé¢hat
was originally usedin [15] by Muraseand Nayar Fig-
ure 6 (a) shaws the sggmentedmagesof 20 3D objectsin
the databasdor a given pose. During the training phase,
36 imagesof eachobjectat 10 incrementdn posewere
usedto extractresponse&ectorsfor storagen theSDM. For
testingthe indexing schemewe randomlyselectedmages
of objectscorrespondingp poseghatlie exactlyin between
thetrainingposes As indicatedby Figure6 (e), evenwhen
only one point wasusedper object, 70% of the testcases
werestill successfullyecognized Addition of morepoints
within the fovea per objectincreasedhe recognitionrate
until 100% accurag was achiered when 25 foveal points
wereusedfor indexing into the SDM.

7 Discussionand Conclusions

Thispapempresentsnew approactio theobjectindexing
problem:usingmultiscaleiconic featurevectorsascompo-
nentsof asparselistributedmemory Thiscombinatiorhas
a numberof salientfeatureswhich canbe summarizecdas
follows:

PCA-based Generalized Basis Functions. The
derivative-of-Gaussiabasisfunctionsusedin our ap-
proachariseasa resultof unsupervisedearningin a
neuralnetworkperformingPCAonarbitraryimagesof
naturalscenesthey arethuswell-suitedfor indexingin
awidevarietyof domains.Thehigh-dimensionalityf
the responsevectorsderived from the basisfunctions
furtherimprovesrecognitionaccuray.

Rotation and Scalelnvariance: The steerabilityof
Gaussiarderivative ®ltersallows an ef®cientnormal-
izationprocedurdor rotationsaboutthe viewing axis.
Theincorporatiorof ®lterresponseatdifferentscales
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Number of

Model Objects 20

Recognition Rate

Number of 03
Poses per Object| 36

Total Number of
Training Images 720

Testing Set Size 720 1 s 17 25
Number of Points per Object
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Figure 6: RecognitionResults (a) The 20 objectsusedin the expek

iment. (b) 9 of the 36 imagesof an object extractedat 10 rotational
incrementsn poseto representhe entire posespace. (c) For storagein

the SDM, responsevectorsfrom the points at the intersectionof radial
lineswith concentriccirclescenteredn the approximateobjectcentroid
wereused.(d) summarizeshe experimentaparameters(e) Recognition
rate(fraction of testimagescorrectlyrecognizedplottedasa function of

numberof vectorsusedperobjectin agivenpose.

allows the use of simple interpolationstrategjies for
achieving invariancen thepresencef drasticchanges
in scale[18].

Toleranceto Changesin Viewing Conditions: Mi-
norocclusion$ or modesiperspectie changesndin-
terferencecausedy varying backgroundying in the
receptve ®eldsof thelargestscale®ltersaretolerated
becausa large numberof measurementsreusedper
point; distortionsin a few components&ctasnoiseto
whichthehigh-dimensionalepresentatioremaingo-
bust. lllumination changesare handledin two ways.
First,noneof the®ltersusedhare aDC responseSec-
ond, the useof normalizeddot productas a distance
metricadditionallymakeghematchingprocessobust
to globalcontrasichanges.

SparseDistributed Memory: An associatie model
of visual memory basedon Kanena's sparsedis-
tributed memoryis usedfor storageand retrieval of
objectidentity. This form of memoryfacilitatesvi-
suallearningandallows interpolationbetweenviews
besideoffering the additionaladvantage®f constant
indexing time ( 1 where isthenum-
berof address/storadecations)andthe possibility of
greatesstoragecapacityover sequentialmemorydueto

3A more sophisticatedstrategyfor handlingpartial occlusionsis de-
scribedin [3].



the multiplexing inherentin the SDM combinedwith
theuseof morethanoneresponseectorperobject.

Real-Time Recognitiont Iconictechniquesuchasthe
oneproposedn this papehave beengreeteavith con-
siderableskepticismin the pastsincethey have been
computation-intense. However, the recentavailabil-
ity of pipelineimageprocessorsigni®cantlyamelio-
ratesthis dravback. In particular the frame-ratecon-
volution capability of theseprocessorgan be effec-
tively exploited to make iconic techniquespractical
andef®cientasdemonstratedh this paper

A possiblecausdor concerris theuseof upto25vectorger
object. A little re ection however revealsthatthis choice
still resultsin considerablesavings over the alternatve of
pixelwisestorageofimageq25 45versusl28 128).0Our
view-basedpproachraiseghe questiorof scalability: will
themethodail whenextremelylargemodelbase®f objects
areusedwith arbitrary3 pose?It is however not hardto
sedhattheuseof morethanonevectorperobjectpatentially
allows anextremelylarge numberof objectsto be handled.
Kanena[11] estimateshecapacityof the SDM to beabout
5% of thenumberof storagdocationsthus,with only 1000
storagdocationsthe numberof potentiallydistinguishable
objectsis still 50 which is an extremely large number
even after factoring out the numberof differentviews for
anobject. Theaccurag of theaborve naive estimateclearly
depend®ntheextentto which responseectorsareshared
betweenrdifferentobjects;while we have found noticeable
overlapin generalwe believe thatthe possibleuseof self-
organizatiorwithin theaddresspacewill signi®canthhelp
in extendingthe capacityof the memoryby allowing the
storedresponsevectorsto essentiallyact as higherlevel
basisfunctionsfor describingobjects.

Ongoing work includes motion-basedsegmentation,
salieng-basedselectionof object points, and augmenta-
tion of the featurevector with responsedrom a variety
of color-opponenGaussiarcentersurround®ltersderived
from unsupervisedearningalongthe RGB planes.
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