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SUMMAR Y. This paperexaminesfour currenttheoreticabpproacheto therepresentatioand
recognitionof visualobjects:structuraldescriptionsgeometricconstraintsmultidimensionafeature
spacesandshape-spacapproximation.Thestrengthsandtheweaknessesf thetheoriesareconsidered,
with a specialfocusontheirapproactio catgorization— a computationallychallengingaskwhichis not
widely addresseth computewision (wherethe stresss ratheron thegeneralizatiorof recognitionacross
change®f viewpoint).
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The studyof visualobjectrecognitionhasseensuchrapid developmentately thatits comprehense
suney wouldnot t within the con nesof ajournalpaper In this shortreview (which,in placesjs little
morethananannotatedibliography),l concentrat®n someaspect®f whatMarr [1] termedthe
computationatheoryof objectrepresentatiorRecognitionalgorithmsstemmingirom the different
computationaformulationsof the problemof representatioarealsomentionedVery little spacds
devotedto implementationaissuesandnoneat all to the evaluationof varioustheoriesasmodelsof
humanperformancer asexplanationsof thefunctionalneurobiologyof objectrecognitionin primates(for
thesesee[2, 3, 4, 5], andtheforthcomingspecialissuesof Vision Reseath andCaognition).

In cognitive sciencedebatesoncerningheoriesof objectrepresentatiotraditionally centeron
computationaproblemsstemmingfrom the effect of viewpoint onthe appearancef objects

[6,7,8,9, 10, 11,12]. Theemegenceof powverful formal methodgor overcomingthe effect of viewpoint
(e.g.,[13, 7, 14)), andtherecentsuccessesf surprisinglysimpleempiricalapproacheto recognition(e.g.,
[15, 16]) arelikely to shift thefocusof theoreticaddiscussiorto othertopics.Indeed,my chiefaim hereis
to bringto theforegrounda classof computationaproblemghatdiffer from thoserelatedto viewpoint
dependencejet confrontary recognitionsystem.Theseproblemsarisefrom the needto cateyorize or
make senseof, novel objects.

Perception, recognition,and categorization

The spectrunof problemsarisingin connectiorwith objectrecognitionis bestunderstoodn termsof two
basicdistinctions.The rst of thesehasto do with the perceptionof the shapeof anobsered objecton the
onehand,andtherecaynition of objectson the basisof their shape®nthe otherhand.A classical
obseration of this distinctionwasmadeby Wittgenstein([17], Il, xi ), who discusse@tlengththe
differencebetweerseeinga shapeandseeingt assomethingUnlike “merely” perceving ashapga
problemnotaddresseih thepresenteview), recognizingt assomethingnvolvesmemory thatis,
representationsf shapeseenn the past. Theform of theserepresentationis constrainedy the various
factorssuchasorientationandillumination thataffect the appearancef objects.Becausef the effectsof
orientation for instance simply storinga particularsnapshobf anobjectfor futurereferencevould not
do: anothewiew of thesameobjectmayturn outto belesssimilar to the storedview thanto aview of a
differentobject,leadingto anerroneousecognition.As notedabove, contemporaryheoreticatreatments
of recognitionconcentrat@reciselyon this problem;stateof the artalgorithms[18] arecapableof
overcomingit, providedthatsereralviews perobjectareavailable,andthatcertainauxiliary problemssuch
ascorrespondence aresolved.

Thesealgorithms however, do not necessarilypbsere anotherdistinction: thatbetweerrecognitionand
cateyorization.In mosteverydayrecognitiontasks,memoryis involvedin a peculiarmanner.whereas
recognitionis (literally) rememberingthing onesav before, makingsenseof a novel object(aswhena
child realizeghatagiraffe, glimpsedatazoofor the rst time,is aquadrupednimal)is morelike
rememberin@ thing never seenbefore.Obviously, to be capableof catgorizationeitherthe systems
memorytracesor the processwherebythesearecomparedo the stimulus,or both, mustbe structured
appropriatelyno algorithmdesignednerelyto counterthe effectsof viewpoint would do.

Onemay notethatthedistinctionbetweerfamiliar andnovel shapeseednot be of ary consequencatthe
“front end” of avisualsystem— the processingtagewhosetaskis to form a descriptionof the current
stimulus.To wit, completelyunfamiliar objectscanbe,in principle,describedn termsof their constituent
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edgessurfacesandotherspatialfeatureswithout recourséo memory However, evena complete

speci cationof the shapeof anobjectdoesnot qualify asits cateyorization:thelatterhasto do with other
objectswhich the stimulusresembles;atherthanwith the detailsof the shapeof the stimulusitself. In
otherwords,faithful geometricallescriptionis no substitutefor recognitionor cateorization;computing
suchadescriptionconstitutesa separatgroblem,which mayhave little to do with the problemof
representingbjectsin aform suitablefor recognitionor cateyorization.
Amongthevariouscomputationabpproaches representatioproposedn the past,theoneintuitively
mostsuitablefor catgyorizationis the variantof structuraldecompositiorusuallyattributedto Marr and
Nishihara[19], andsubsequentlpopularizedasa psychologicatheoryby Biedermar8]. Until very
recently it seemedhatthis structuraltheorywasthe only oneoffering a principledtreatmenof novel
objects.For thisreasonit is the rst theoryl discusstheemeging alternatvesarepresentedhn later
sections.

Structural decomposition

In ary structuraldecompositiomodel,the shapeof anobjectis describedn termsof relatively few
genericcomponentgpoinedby spatialrelationshipghatarechoserfrom anequallysmall x edset(see
Box 1). Thestandardizationf the primitives(the componentsandtheir relationships)s crucialin thatit
allows representationf novel objects.Mathematicallycomparisorbetweerobjectsthenamountgo
labeled graph matching (adif cult combinatoriaproblem[20]), andcateyorization— to the attribution
of anobjectto anequivalenceclassof graphscorrespondingo shapeshatarestructurallyidentical,yet
may be geometricallydistinct.

RecognitionBy Components

A typical structuraltheory Biedermars [8] RecognitiorBy Component$RBC), postulates setof 30 or
soprimitive shapeggeons)claimedto be easilydetectedn imagesdueto their nonaccidental properties.
Thelatterare3D featureghatarealmostalways(thatis, barringanaccidentof viewpoint) presered by the
imaging(projection)procesg21].

Theuseof nonaccidentaleaturego infer the presenc®f geons andthe distributedcomputatiorof the
graphstructureof theinput objectarethe cornerstonesf theimplementatiorof RBC describedn [22].
Thiswork demonstratethe ability of a carefullyengineerednultilayerneuralnetwork to derie structural
representationfsom labeledine dravings. In mary respectshowever, it alsosenedto highlightthe
shortcoming®f RBC, threeof which arediscussedbelon (seeFigurel).

Computational problems

The needfor metric information. AlthoughRBCis, in principle,capableof representingnovel shapes
(via their structuraldecomposition)this ability comesat the expenseof ignoring ne (metric,or
guantitatve, asopposedo structuralor qualitative) distinctionsamongshapesThis shortcomingvas
recognizecandamendedy Stankievicz andHummel[23], who augmentedRBC by quantitatve
variablesgencodingfor instancethelengthsof thevariouspartsof anobject,in additionto their qualitatve
characteristicsuchascorvexity or cross-sectioshape.



Figurel: Computationaproblemswith structuralrepresentationsA. Structuraldescriptiongnustbe ac-
companiedy metricinformation,to representlifferencesamongcommonlyencounteredateories. The
inclusionof metricdetailsreduceghe ability of structuraimethodgo dealwith novel objects.B. A picture
of a New York City street-cornehot dog cart, and a stylized object, which, as Biederman[8] suggests,
may be describedas suchfollowing a structuraldecompositiorin the visual system. At presentthereis
no reliablemethodfor mappinga gray-lesel imageinto a collectionof (labeled)primitives(lines, corners,
etc.) from which RBC's geonsareconstructed.Thus,althougha carefully engineeredystemsuchasthat
describedn [22] canform a structuraldescriptiorof theline drawing of acart-like object,thegoalof deriv-
ing sucha descriptiondirectly from animageremainselusive. C. Evenin simplertasks(e.g.,in character
recognitionwherethe gure is readilyseparablérom theground),thederiationof a structuraldescription
is problematic.Thedif culty herestemdrom thepossibilityto assignmultiple structuraldescriptiongo the
sameimage. D. In sometasks,comingup evenwith onestructuraldescriptionis problematic;how does
onerepresenashoein termsof RBC'sgeong7]?



Dif culties with the recovery of parts. A moresevereproblemfacedby the structuralapproachess the
needfor reliabledetectionof partsin images.Oneaspecbf the detectionproblem— inferring 3D
structurefrom a 2D projection— is essentiallysolved by the useof nonaccidentafeaturesNevertheless,
thedif culty of nding in theimagelinesandjunctionswhosenonaccidentalelationshipsareto be usedto
infer the presencef geonshassofar precludedRBC from beingappliedto the recognitionof objectsin
gray-lesel images.Themodeldescribedn [22] worked from hand-labeledine dravings;attemptso apply
RecognitiorBy Componentso imagesof realobjectsinvariably involve highly simpli ed shapes
consistingof 2-3 clearly distinguishablgarts,andarelikely to userangedatainsteadof photometric
images.

Instability of descriptionin terms of parts. Evenif theinputto a structuraldecompositiorsystemis
givenin theform of a collectionof labeledlines, its interpretatiorin all but themostarti cial exampless
problematicbecaus®f aninherentinstability thataffectsall structuralapproachesTheinstability stems
from the possibilityto decomposary shapen anumberof ways,dependingn the primitivesthatare
assumedo exist. For example,a handprintedetter A canbe decomposethto eitherthreeorinto ve
approximatelystraightlines, dependingon whetherthe sidesof the A arerepresentedssinglelong linesor
concatenationef two shortersgmentseach.It shouldberealizedthatthe sameproblemarisesin ary
combinatoriallystructureddomain.For example the problemof basis pursuit in signalprocessing24]
consistf choosinga subsebf basisfunctions,whoseweightedsumbestapproximates givensignal.
Thedif culty herestemsirom the possibilityof decomposinghe signalin mary differentways,depending
onthechoiceof basisfunctionsandon the optimizationcriterion. Likewise, in latent-variable analysis in
statistic§25] oneis facedwith the problemof selecting(or rather postulatingthe setof variablesandof
estimatingtheir contributionsto the obserables.

It hasbeensuggestethattheinstability problemmaybe alleviatedby imposinga prior expectation(in the
Bayesiarsensepn eachpossiblesolution,at a numberof levels of a structuralhierarchyasin pixel —edge
element- cune [26, 27]. Thiscompositionabpproachattemptgo combatinstability by regularization of
the solution,andby usingtop-davn expectationsiescendindgrom the higherlevels of the hierarchyto help
disambiguateheinterpretationstthelowerlevels.

Becausestructuralinterpretatiorguidedby theseprincipleshasnot beenattemptedor unconstrained
objectclasse®r for “raw” gray-level imagesit is dif cult to estimatethe effectivenesof the
compositionabpproachn overcomingtheinstability problem,or the sheercombinatoricof representing
moderatelycomplex objectsasstructuralhierarchiegcf. [28, 29]). Experiencewith large-scalerojects
thatadoptedhis approactasnotbeenencouragingA vintageexample,the MIT Vision Machineprogram
[30], which exploredbottom-upstructuredsolutionsto low-level visualtaskssuchasedgedetection,
confrontedcomputationadif culties andraninto arepresentationaleadend.Onthe onehandi,its
recovery of shaperom variouslow-level cuesprovedto beunreliable.On the otherhand,nobodyseemed
to have ary usefor therecoreredshapeavenwhenthelow-level computationglid work. Theabandonment
of thisandsimilar projectsin the early 19905 suggestshatthe currentattemptsat reviving the structural
interpretatiommethodd26, 27] areaboutto faceseveredif culties, bothcomputationahindconceptual.

Geometric constraints

Whereasstructuralmethodsggnoremuchof the quantitatve informationinherentin theimagelocationsof
objectfeaturesgeometricnethodssuchasalignmen{7] usethis informationto identify the objectandto



computeits posewith respecto the obserer (Box 2). Thesemethodgely on thefollowing viewpoint
consistency constraint [31]: theestablishmendf correspondendeetweerocalizedfeaturesof the object
andof theimageconstraingherelative placemenbf the objectfeaturesand,thereforethe objects
geometry

Varieties of alignment

Givenalibrary of objectmodels,eachaccompaniethy a setof ducial geometric features, anda
correspondingetof featuredn theimagesonecancomputethe hypotheticalviewing positionof each
candidateobject,andverify the hypothesif its presencén theimageby transforminghe model(aligning
it to theimage)andevaluatingthe goodnes®f theresultingmatch.Ullman [7] provedthatthelocationsof
asfew asthreefeaturedn theimagesufce, undercertainconditions for uniquealignment(therobustness
of themethodcanbeimproved by usingmorefeaturespr anchorpoints,thanstrictly necessary)Soon
afterwards,Ullman andBastri[14] realizedthatstoringa few views perobject(with full correspondence)
ohviatesthe needfor maintaining3D modelsof objects.Thiswork promptedthe developmentof avariety
of algebraionethoddor view-basedecognition all basedn the obserationthatviews (i.e., vectorsof
imagecoordinate®f asetof ducial points)of arigid objectresidein alow-dimensionallinear if the
projectionis orthographicsubspacef views of all possibleobjects.

Computational problems

Needfor feature correspondence. Becausdheestablishmendf correspondencis anabsolute
prerequisitdor all theabore methodspoorperformancef thefeatureextractionandcorrespondence
stagecancompletelydisruptsubsequentecognition.Giventhedif culty of detectingfeatureqeither
points[13, 7] or regions[32]) reliably in a bottom-upfashion jt seemghatalignmentwill remainpractical
only in the context of industrialobjectidenti cation.

Lack of abstraction of categoryinformation. A moreseriousproblemwith alignment-like methodss
theirtoo literal treatmenbf objectgeometry Alignmentattemptgo accountfor the obseredlocationof
every featureof the object;in comparisongcateyorizationof novel objectsrequiresabstractiorof
geometricabletail. This seemso call for a conceptuaframenork thatis inherentlystatistical(cf. [33, 34]).
Meretoleranceo certainvariationin modelparametersloesnot seemto sufce, asindicatedby the
relatively disappointingperformancef a versionof alignmentthatadoptedhis approact35].

Lack of an explicit representationof object statistics. Froma statisticalstandpointalignmentis

de cient becausét is gearedo treatingtwo objectsatatime, insteadof capturingseveraldimensionof
variationwithin anensembleA steptowardscombiningalignmentwith statisticshasbeenmadeby Basri
[36], who developedanalgorithmfor representingbjectclassedy their prototypeqde ned asstatistical
averageof exemplars).However, becausehis methodassigngheinputto the closesknown category (an
approactknown in patternrecognitionasthe nearest-neighbatecision),it is essentiallffimited to the
processingf objectsthatresembleoneof the prototypesnuchmorecloselythanary of the others.



Multidimensional feature spaces

Thelimitation imposedby the useof the nearest-neighbatecisionprocedurecanbe remored by
reformulatingthe problemsof recognitionandcateyorizationasclusteringin multidimensionafeature
spaceg[37]; seeBox 3). Importantly this framewvork facilitatesthe representationf a novel objectby its
membershipn anumberof clustergcategories)simultaneouslyTheideaof usingmultiple reference
classesnaybeillustratedby thinking of a giraffe: onemayimaginethatits ancientRomanname,
camelopadalis, re ects the obseration of its similarity to acamel (in its shape)andto aleopard (in its
visualtexture);cf. Figure2.

Figure2: A novel object(camelopadalis), representedby two kinds of features:thosehaving to do with
shapeg(which male it a neighborof camel), andthoserelatedto visual texture (accordingto whichit is a
neighborof leopard).

Multidimensional histograms

A judiciouschoiceof featuredn this classicalpattern-recognitiompproactto vision abolisheghe needfor
precisecorrespondencendcanleadto considerablénvariancewith respecto objecttransformations.
This hasbeendemonstratefly the succes®f systemghatrepresenbbjectsby histogramgcomputedover
the entireinputimage)of multidimensionalectorsof measurement®latedto color[38, 16] andto local
distributionsof intensity[16, 15].

Proponentsf theoriesof representatiobasedn encodinggualitative structureor metricdetailsof objects
may nd it dif cult to accepthepossibilityof representinghapesvithoutexplicitly specifyingtheir
geometry(e.g.,by tallying thefrequeng of variousmeasurements)t seemgo methatthis dif culty
stemsfrom a confusionbetweerthe phenomenaf perceptionseeinga shapeandof representation
(seeingt assomethingrcf. Wittgensteins pointraisedin theintroduction).Whereaghe structuredelivered
by a perceptuasystemshouldbetterbe geometricallyfaithful to its object,thereis noa priori
computationafeasorto assumehatthis structureis to beretainedn the memorytracelaid down by the
representationalysteminto which perceptiorfeeds.In fact,the computationabpproachediscussedhere
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andbelowv postulatehatrepresentationarenot geometricallyor structurallyanalogougo percepts;
whetheror notthe humanvisual systemmaintainsstructurallyor geometricallyfaithful representationsf
objectsis anempiricalquestiorthatis notaddressetiere.

Computational problems

Combining diagnosticity with invariance. Themainproblemof feature-spaceethodds nding
featureghatafford reliablediscriminationamongsimilar objects,alongwith invarianceacrossobject
transformationgthis correspondso theissueof stability vs. sensitvity of featuresmentionedoy Marr

[1]). Simplegeometricabigumentd39, 37] canbe usedto shav thatthesearecon icting requirements,
which canbe metjointly only asaresultof acompromisegr following a specialtraining[40]. Thatis,
unlesgthefeaturesarebothabsolutelydiagnosticandinherentlyinvariantto the transformationn question,
asin thecasesay of thebarcodesusedto labelgoodsin stores.

Dif culty of learning from examplesin multidimensional spaces. Becausestatisticalrepresentations
suchasthoseinvolving featurehistogramsnustbelearnedtheissueof dimensionalityassumes central
rolein determininghe viability of any givenschemelLearningfrom examplesn a high-dimensionaspace
is computationallyproblematic.The problem known asthe curse of dimensionality [41], liesin the
exponentialdependencef therequirednumberof exampleson the numberof dimensionsf the
representatiospace Dimensionalityreductionthusbecome®f primaryimportancg42]. Thechallenge,
then,is to reducedimensionalitywhile preservingheability of therepresentationaystemto dealwith
novel objects without having to comeup with novel features.

Approximation in feature spaces

An effective way to increasehelikelihoodthatmostpossibledifferencesetweertwo objectswould be
captureduy (thatis, would have a non-vanishingprojectiononto) atleastsomeof the dimension®f the
featurespacds, somavhatparadoxicallyto increasethe numberof featureqi.e., distinctmeasurements
performedby the systemon theimage). The dimensionalityof the resultingpowerful yetunwieldy
representatiospacenustbereduced.The rst stagen thisprocessanbebasedntheobserationthatan
objectundegoing atransformatior{e.g.,rotation)is mappednto alow-dimensionamanifold in the
featurespacd43, 44], providedthatthe measuredeaturesaresmoothlyrelatedto the transformation
parameter¢Box 4).

Givenafew pointsknown to belongto the propermanifold(i.e., afew views of the objectin question)jt is
possibleto recognizeary otherview of theobjectby interpolation.Notethatthe nominaldimensionalityof
this representatiois equalto thenumberof views usedto interpolatets view spacethetrue
dimensionalitycanbe muchlower, andis determinedy the numberof degreesof freedomof the object
(equalto threefor objectsthatareonly allowedto rotatein space)Althoughthis methodseemsgo be
irrelevantto therepresentatioof novel objects(for which no exampleviews areavailablein adwance by
de nition), it canin factbe extendedto encompasbothrecognitionandcateyorization.

Representationby similarities to prototypes

Themainrequiremenfor suchanextensionis thatthe mechanisnusedfor interpolatingtheview-space
manifoldsof familiar objects(“prototypes”)respondo unfamiliar objectsaswell [45]. Underthis scheme,



novel objectsarerepresentedly their similaritiesto the prototypicalor referenceshapegcf. Figure3),
which, in turn, arerepresentefly storedchosernviews. The nominaldimensionalityof theresultingshape
space is determinedy the numberof referenceshapesAn implementatiorof this schemedescribedn
[46] containslO reference-shapaetectiormodules gachof which computegshe similarity of its preferred
shapeo theinput. Thevectorof similaritiesis thensubjectedo furtherprocessinde.g.,comparedo
storedvectorsto determinecateyory membership)This systemwastestedon tensof gray-level shaded
imagesof eachof 50 novel objects(man-madendnatural),achieving satisactoryresultsbothin
recognitionandin cateyorization.

Themostprominentfeatureof this approach{andthe sourceof a potentiallyseriousshortcomingas
discussedbelaw) is its focuson similaritiesamongshapeslUndercertainconditions,jts representationf
similaritiesis formally veridical— a propertythatholdsa greatphilosophicabppealfor someof the
mathematic®ehindthis, see[47, 48]). However, the geometryof individual shapess not madeexplicit;
the presentmethodshareshis characteristiavith all otherapproachebasedn abstracfeaturespaces.

Figure3: Representin@iedermars [8] “hot dogcart”in termsof spatialrelationsamongabstracor generic
parts(left), andby similaritiesto a numberof concreteentireobjects(right).

Computational problems

Potential proliferation of prototypes. Representatiohy similaritiesto prototypeshasbeenonly
implementedsofar on aratherlimited scale.lt is not clear therefore how well will this approactscaleup
with thenumberof possibleinput objects.Althoughit is easyto programa systemo acquirenew
prototypesat need therateof suchacquisitionmustdecreaséo zero,andthe numberof prototypesnust
asymptoteat somesmallfraction of the total numberof objects,if the systenis to beviable. Another
aspecnf this problemis relatedto theinstability of interpretatiorthatoccursin the structuraimethodsif
toomary prototypesarefoundnearlyequallysimilarto theinput, it maybedif cult to choosehebest
subsewhile attemptingto lower the dimensionalityof therepresentation.

Lack of representationof structure. A furtherchallengdor this approachs posedby the needto make
explicit thedimension®f similarity. Returningto theexampleof Figure?2, it seemseasonabléo require
of arepresentationaystermot only to notetheresemblancef a giraffe to the camelandto theleopard,
but alsoto realizethattheformerhasto do with certaindimensionf the giraffe's shapeandthelatter—to
its color andvisualtexture. The structuralunderpinning®f similarity needalsoberepresenteaxplicitly.
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Consideitwo objects:a sphereattachedo thetop of acube,andacubeontop of asphere By all accounts,
boththeseobjectsareequallysimilarto a spherepneexpectsthattheir structuraldifferencebe represented
aswell. It hasbeenclaimedthatthis canbe doneby associatingsimilarity with certainlocationsin the
image,andby maintainingpointersto therelevantlocationsalongwith the similarity values[49]; this
approachs yetto betestedn practice.

Conclusions

This papermresented critical review of four theoreticabpproacheso objectrepresentationstructural
descriptionsgeometricamodels high-dimensionaleaturespacesanda low-dimensionalepresentation
basedon similarity of the objectto several prototypes Whenjudgedby the criteriaof computational
plausibility andfunctionaladequatenessr the purpose®f recognitionandcateyorization,all the
approachewerefoundto bede cient, althoughthe natureandthe severity of the problemsthatwere
identi ed variedfrom onetheoryto another

On purelycomputationagiroundsthe bestchoiceavailableto a designeof avisualsystemis probablya
library of geometrianodelsof objectsaccompaniedy analignmentmechanism— but only if therangeof
tasksis restrictedto theidenti cation of oneof thestoredmodelsatatime. If the systemis to carryout
categorizationin additionto identi cation, a structuralapproachmayberesortedo. Unfortunatelythe
extractionof ducial featuresandtheestablishmenof featurecorrespondenceequiredfor alignmentare
notalwayssufciently reliable,while the structuraldecompositiorandthe matchingalgorithmsneededor
recognitionby componentsendto suffer from instability andfrom combinatoriaproblems.These

dif culties, which area matterof computationaprincipleratherthanimplementationatletail, limit the
appeabf thesetwo theoriegespeciallyasfar ascateyorizationis concerned)This, in turn, castsa certain
doubt(which may or may not prove to bewell-foundedby anempiricalinvestigation)on their validity as
modelsof objectrepresentatiom biological systems.

The othertwo theoriesdiscusse@bore take a completelydifferentrouteto representatioryy adoptingthe
featurespaceparadigm.Theearlywork in patternrecognitionabstractedway theissuessurroundinghe
choiceof featuresandtheir behaior underobjecttransformationsln contrastcontemporaryapproaches
rely onfeaturespaceslerivedfrom studiesof low-level vision, andusemathematicatonceptsand
techniqueghatonly recentlybecameknown outsidetheir narrav elds of study(e.g.,shapespace
approximationdimensionalityreduction).Thesefoundationamay be partly responsibldor theimpressie
performancef somerecentlyimplementedeature-basedystemsn tasksthathave confoundeccomputer
visionresearcherfor decades.

Themostintriguing outstandingyuestionin this contect is whetherthefeature-basedepresentationthat
hold promisefor identi cation andcateyorizationcanalsobe madeto supporttasksthatrequireanexplicit
manipulationof objectstructureor referto the objects parts.A potentiallyfruitful approactheremaybeto
labelfeatureddy their approximateorigin in theimage[49]. For example,two instance®f an“eye” in
conjunctionwith a“nose” anda “mouth” (all properlypositionedn theimage)qualify asarepresentation
of aface[50]. Therearesimilaritieshereto the part-basedtructuralapproachbut therearealsoimportant
differencesFirst, thefeaturesanbe concreteshapesasin therepresentatioby similaritiesto prototypes.
This allows for ef cient recognitionof structurescircumwentingthe problematicneedfor composition
from genericprimitives. Secondthefeaturesnay spanseverallevels of a hierarchyof partsandwholes,
facilitating conciserepresentationsptimizedfor individual tasks.Third, therequiredstructural
relationshipsholdin the2D image,notin the 3D object-centeredpaceandcanbe determinedy aneasily
implementablattention-likk mechanismit is interestingo notethatthesemodi cationsto feature-based
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representationsorresponaloselyto Grenandes [51] distinctionbetweerpatternrecognition(a process
wherebypatternsaswholesareattributedto variousclassesandpatterntheory— a computational
framavork thataimsto accountfor the structureof eachpatternandfor the processethatmayhave
generatedt, andnot merelyclassifyit [52]. Furtherdevelopmentsn this directionmayleadto amore
comprehense yet computationallyplausiblecomputationatheoryof recognitionandcateyorization.
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1. STRUCTURAL DECOMPOSITION

Summary: anobijectis representedsa collectionof parts(choserfrom asmall
alphabetommonto all objects)alongwith their spatialrelationships.

Main mathematicaltools usedin representatioandrecognition:.combinatorial
optimizationtheory

Examples: recognitionby component$22], minimum descriptionlengthinter-
pretation[27].

Strengths: (1) conceptuaparsimony — a handfulof primitivescanallow a very
large number of object classesto be concisely represented;(2) invarianceto
changesn viewing conditions,aslong asthe partsandtheir relationshipsanbe
identi ed; (3) goodsupportfor categorization,stemmingfrom the possibility to
represenhovel objectsin termsof the sameprimitivesasthe familiar ones.

Weaknesses: (1) no reliable methodfor the extraction of structuralprimitives
from raw imagesexists at present;(2) choosingthe right structuralinterpretation
amongthe mary possiblein a givensituationis likely to be problematic.

2. GEOMETRIC CONSTRAINTS

Summary: anobjectis representedby the relative coordinatef a small setof
its features.

Main mathematicaltools: algebraandtensorcalculus.

Examples: interpretatiortrees[53], varietiesof alignment13, 7], linearcombi-
nationof views [14], trilinear tensor{54].

Strengths: (1) amenabilityto rigorousmathematicalalgebraic)treatment;(2)
invarianceto changesn viewing conditions,aslong ascorrespondindeaturesin
theinputandin the storedrepresentationanbeidenti ed; (3) demonstrableffec-
tivenessn practicalsituationsnvolving industrialobjects.

Weaknesses: (1) featuredetections unreliablefor naturalobjects;(2) thereis at
presento clearextensionfrom identi cation of individual shapeso cateorization
of shapeclasses(3) featurecorrespondencmustbe establishegbrior to recogni-
tion.
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3. MULTIDIMENSION AL FEATURE SPACES

Summary: anobjectis representetly avectorof featurevaluesihefeaturesan
begeometricphotometricor ary others.

Main mathematicaltools: multivariatestatistics.

Examples: eigenfcesandrelatedmethodg55, 56, 57], histogram®f localmea-
surement$l6, 15].

Strengths: (1) the featuresendto be very easyto detect;(2) the statisticalap-
proachprovidesa commonframework for recognitionandcateyorization.

Weaknesses: (1) structureis representednplicitly ratherthanexplicitly; (2) de-
cisionspacegendto be high-dimensionalwith the associatedomputationadif -
culties.

4. APPROXIMA TION IN FEATURE SPACES

Summary: anobjectis representeds a low-dimensional‘surface” (manifold)
de ned by prescribegointsin afeaturespace.

Main mathematical tools: approximationtheory morphometrics(theory of
shapespaces).

Examples: view spaceapproximatiori43]; representatioby similaritiesto pro-
totypeg[45, 49].

Strengths: (1) thefeaturesendto be easyto detect;(2) the statisticalapproach
providesa commonframevork for recognitionandcateyorization;(3) approxima-
tion by smoothfunctionsalleviatesthe problemsstemmingrom dimensionality

Weaknesses: (1) structurds represente@nplicitly.

17




OUTSTANDING QUESTIONS

1. How canthe alignmentapproachbe madeto representjualitatve structure
andnotonly quantitatve (metric)details?

2. How canthe structuralapproachwork be madeto work in practice,onreal
images?

3. How canthefeaturespaceapproachebe madeto represenstructureexplic-
itly?
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GLOSSARY

Basispursuit:  in signalprocessingchoosingthe optimal “alphabet”of featuredor the descrip-
tion of a dataset(e.g.,basisfunctionsin functionapproximation)and,simultaneouslyestimating
the optimal contrilution (e.g.,weight) of eachfeatureto the obsered data.

Correspondence: amappingthatassignghe samelabelto differentprojectionsof the samefea-
ture(e.g.,apointonanobjects surface),asseenn two imagesakenfrom differentvantagepoints.

Curse of dimensionality: the exponentialdependencef the numberof examplesrequiredfor
learninga taskon the numberof dimensionf the representatiospacg41]. Supposehat lling
aregion in a 1-dimensionafeaturespacewith representate examplesrequires10 datapoints; a
comparableoverageof a 3-dimensionafeaturespacewould thenrequire1000exampleg58].

Fiducial geometricfeatures: featureghatareassociateavith x edlocationsontheobjects sur
faceandthereforecanbe trustedto convey informationaboutits geometryandorientation.A sur
facemarkingor a cornerformedby two surfacesmeetingat ananglearegoodgeometricfeatures;
asmoothbendin a surfaceis not.

Instability of structural interpretation: thepossibilityof assigningnultiple structuralinterpre-
tationsto a givenimage,typically exacerbatedy a sensitvity of theinterpretatiornprocesgo ne
detailsof the data(which aremostproneto corruptionby noise).

Labeled graph matching: theestablishmendf a mappingbetweerthe verticesandthe edgesof
two graphsin suchamannetthatthelabelscarriedby the elementf onegraphmatchthoseof the
otherone.

Latent varible analysis: in statisticsgxplainingthevariationobseredin a datasetin termsof a
few postulatedhidden” variableswhich give riseto the datathroughthe procesf obseration or
measurementThe aim of the analysisis to specifyboththe variablesandthe obseration process,
to obtainanoptimal t to thedata.

Manifold: intuitively, a smoothcurve or suriaceembeddedn a higherdimensionalspace.Per
forming, say athousandimultaneousneasurementsn theimageof an objecteffectively mapsit
to apointin a 1000-dimensionahbstracspace.If the objectis thenmadeto rotatearounda x ed
axis,thecurwe ascribedy thatpointasthevaluesof thevariousmeasurementhangewith rotation
is a 1-dimensionamanifoldembeddedh the 1000dimensions.
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GLOSSARY (cont.)

Nonaccidental properties: 2D image featuresthat can be usedto male inferencesabout3D

objectstructurebecausef thelow likelihoodof theformerto ariseby chancd21]. A representate

exampleof sucha featureis a pair of parallellines; becausea chanceimagealignmentof two

sg@mentsthatarein factnot parallelin 3D is unlikely, two parallellinesin theimagearea good
indicatorof the presencef a 3D geonsuchasa cylinder “out there”in the scene.For a Bayesian
treatmenbf relatedissuesseg[59].

Regularization: a commonmathematicatechniqueappliedto problemsthat are formally ill-
posed.By extendingthe de nition borroved from the theoryof differentialequationsa problem
is consideredll-posedif its solution doesnot dependcontinuouslyon the data, or if morethan
onesolutionexists, asin the caseof structuralinterpretation. Regularizationattemptsto reduce
the solutionspacepy imposingadditionalconstraintspver andabove thosecontainedn the data.
Reference$o themathematicaliteratureon regularizationanda discussiorof its relevanceto low-
level visualtaskscanbefoundin [60].

Shapespace: anabstractionjntroducedby D. G. Kendall[33, 61] to allow a rigorousstatistical
treatmenbf problemshaving to dowith variationof shapen asampleof objects.Objectsaretreated
aspointsin ametricspacewheresimilarshapesorrespondo nearbylocations.Cateyorizationthus
becomesa matterof determiningthe locationof the stimulusrelative to otherpointsin the shape
space.

Viewpoint consistencyconstraint: themathematicatelationshipbetweerthe projected2D) co-
ordinatef ducial featuresimposedby their arrangemenin the 3D space For arigid object,the
projectedocationof someinitially detectedeaturesconstrainghe possiblerangeof its orientation
andpredictsthe locationof otherfeatures.If this predictionis veri ed (asin the secondstageof
recognitionby alignment[7]), the initial hypothesisof the presencef the objectin the imageis
con rmed.
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