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SUMMAR Y. Thispaperexaminesfour currenttheoreticalapproachesto therepresentationand
recognitionof visualobjects:structuraldescriptions,geometricconstraints,multidimensionalfeature
spaces,andshape-spaceapproximation.Thestrengthsandtheweaknessesof thetheoriesareconsidered,
with aspecialfocuson their approachto categorization— acomputationallychallengingtaskwhich is not
widely addressedin computervision (wherethestressis ratheron thegeneralizationof recognitionacross
changesof viewpoint).

Keywords: shaperepresentation,categorization,structuraldescriptions,featurespaces,geometric
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Thestudyof visualobjectrecognitionhasseensuchrapiddevelopmentlately thatits comprehensive
survey wouldnot �t within thecon�nesof a journalpaper. In thisshortreview (which, in places,is little
morethananannotatedbibliography),I concentrateon someaspectsof whatMarr [1] termedthe
computationaltheoryof objectrepresentation.Recognitionalgorithmsstemmingfrom thedifferent
computationalformulationsof theproblemof representationarealsomentioned.Very little spaceis
devotedto implementationalissues,andnoneat all to theevaluationof varioustheoriesasmodelsof
humanperformanceor asexplanationsof thefunctionalneurobiologyof objectrecognitionin primates(for
these,see[2, 3, 4, 5], andtheforthcomingspecialissuesof VisionResearch andCognition).
In cognitive science,debatesconcerningtheoriesof objectrepresentationtraditionallycenteron
computationalproblemsstemmingfrom theeffectof viewpoint on theappearanceof objects
[6, 7, 8, 9, 10, 11,12]. Theemergenceof powerful formalmethodsfor overcomingtheeffectof viewpoint
(e.g.,[13, 7, 14]), andtherecentsuccessesof surprisinglysimpleempiricalapproachesto recognition(e.g.,
[15, 16]) arelikely to shift thefocusof theoreticaldiscussionto othertopics.Indeed,my chiefaimhereis
to bring to theforegroundaclassof computationalproblemsthatdiffer from thoserelatedto viewpoint
dependence,yet confrontany recognitionsystem.Theseproblemsarisefrom theneedto categorize, or
make senseof, novel objects.

Perception, recognition,and categorization

Thespectrumof problemsarisingin connectionwith objectrecognitionis bestunderstoodin termsof two
basicdistinctions.The�rst of thesehasto dowith theperceptionof theshapeof anobservedobjecton the
onehand,andtherecognition of objectson thebasisof their shapeson theotherhand.A classical
observationof thisdistinctionwasmadeby Wittgenstein([17], II, xi ), who discussedat lengththe
differencebetweenseeingashapeandseeingit assomething.Unlike “merely” perceiving ashape(a
problemnotaddressedin thepresentreview), recognizingit assomethinginvolvesmemory, thatis,
representationsof shapesseenin thepast.Theform of theserepresentationsis constrainedby thevarious
factorssuchasorientationandillumination thataffect theappearanceof objects.Becauseof theeffectsof
orientation,for instance,simplystoringaparticularsnapshotof anobjectfor futurereferencewouldnot
do: anotherview of thesameobjectmayturnout to belesssimilar to thestoredview thanto aview of a
differentobject,leadingto anerroneousrecognition.As notedabove,contemporarytheoreticaltreatments
of recognitionconcentratepreciselyon thisproblem;stateof theartalgorithms[18] arecapableof
overcomingit, providedthatseveralviews perobjectareavailable,andthatcertainauxiliaryproblemssuch
ascorrespondence

�

aresolved.
Thesealgorithms,however, do notnecessarilyobserve anotherdistinction:thatbetweenrecognitionand
categorization.In mosteverydayrecognitiontasks,memoryis involvedin apeculiarmanner:whereas
recognitionis (literally) rememberinga thingonesaw before,makingsenseof anovel object(aswhena
child realizesthatagiraffe, glimpsedatazoofor the�rst time, is aquadrupedanimal)is morelike
rememberinga thingnever seenbefore.Obviously, to becapableof categorizationeitherthesystem's
memorytraces,or theprocesswherebythesearecomparedto thestimulus,or both,mustbestructured
appropriately;no algorithmdesignedmerelyto countertheeffectsof viewpoint woulddo.
Onemaynotethatthedistinctionbetweenfamiliar andnovel shapesneednotbeof any consequenceat the
“front end”of avisualsystem— theprocessingstagewhosetaskis to form adescriptionof thecurrent
stimulus.To wit, completelyunfamiliar objectscanbe,in principle,describedin termsof their constituent
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edges,surfacesandotherspatialfeatures,without recourseto memory. However, evenacomplete
speci�cationof theshapeof anobjectdoesnotqualify asits categorization:thelatterhasto do with other
objectswhich thestimulusresembles,ratherthanwith thedetailsof theshapeof thestimulusitself. In
otherwords,faithful geometricaldescriptionis no substitutefor recognitionor categorization;computing
suchadescriptionconstitutesaseparateproblem,whichmayhave little to do with theproblemof
representingobjectsin a form suitablefor recognitionor categorization.
Amongthevariouscomputationalapproachesto representationproposedin thepast,theoneintuitively
mostsuitablefor categorizationis thevariantof structuraldecompositionusuallyattributedto Marr and
Nishihara[19], andsubsequentlypopularizedasapsychologicaltheoryby Biederman[8]. Until very
recently, it seemedthatthisstructuraltheorywastheonly oneofferingaprincipledtreatmentof novel
objects.For this reason,it is the�rst theoryI discuss;theemerging alternativesarepresentedin later
sections.

Structural decomposition

In any structuraldecompositionmodel,theshapeof anobjectis describedin termsof relatively few
genericcomponents,joinedby spatialrelationshipsthatarechosenfrom anequallysmall�x edset(see
Box 1). Thestandardizationof theprimitives(thecomponentsandtheir relationships)is crucialin thatit
allows representationof novel objects.Mathematically, comparisonbetweenobjectsthenamountsto
labeled graph matching (adif�cult combinatorialproblem[20]), andcategorization— to theattribution
of anobjectto anequivalenceclassof graphscorrespondingto shapesthatarestructurallyidentical,yet
maybegeometricallydistinct.

RecognitionBy Components

A typical structuraltheory, Biederman's [8] RecognitionBy Components(RBC),postulatesasetof 30or
soprimitive shapes(geons),claimedto beeasilydetectedin imagesdueto theirnonaccidental properties.
Thelatterare3D featuresthatarealmostalways(thatis, barringanaccidentof viewpoint)preservedby the
imaging(projection)process[21].
Theuseof nonaccidentalfeaturesto infer thepresenceof geons,andthedistributedcomputationof the
graphstructureof theinputobjectarethecornerstonesof theimplementationof RBCdescribedin [22].
This work demonstratedtheability of acarefullyengineeredmultilayerneuralnetwork to derive structural
representationsfrom labeledline drawings. In many respects,however, it alsoservedto highlight the
shortcomingsof RBC, threeof whicharediscussedbelow (seeFigure1).

Computational problems

The needfor metric information. AlthoughRBC is, in principle,capableof representingnovel shapes
(via their structuraldecomposition),thisability comesat theexpenseof ignoring�ne (metric,or
quantitative, asopposedto structural,or qualitative) distinctionsamongshapes.Thisshortcomingwas
recognizedandamendedby Stankiewicz andHummel[23], whoaugmentedRBC by quantitative
variables,encoding,for instance,thelengthsof thevariouspartsof anobject,in additionto theirqualitative
characteristicssuchasconvexity or cross-sectionshape.
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Figure1: Computationalproblemswith structuralrepresentations.A. Structuraldescriptionsmustbeac-
companiedby metric information,to representdifferencesamongcommonlyencounteredcategories.The
inclusionof metricdetailsreducestheability of structuralmethodsto dealwith novel objects.B. A picture
of a New York City street-cornerhot dog cart, anda stylizedobject,which, asBiederman[8] suggests,
may be describedassuchfollowing a structuraldecompositionin the visual system.At present,thereis
no reliablemethodfor mappinga gray-level imageinto a collectionof (labeled)primitives(lines,corners,
etc.) from which RBC's geonsareconstructed.Thus,althougha carefullyengineeredsystemsuchasthat
describedin [22] canform astructuraldescriptionof theline drawing of acart-like object,thegoalof deriv-
ing sucha descriptiondirectly from animageremainselusive. C. Evenin simplertasks(e.g.,in character
recognition,wherethe�gure is readilyseparablefrom theground),thederivationof astructuraldescription
is problematic.Thedif�culty herestemsfrom thepossibilityto assignmultiplestructuraldescriptionsto the
sameimage. D. In sometasks,comingup even with onestructuraldescriptionis problematic;how does
onerepresentashoein termsof RBC'sgeons[7]?

5



Dif�culties with the recovery of parts. A moresevereproblemfacedby thestructuralapproachesis the
needfor reliabledetectionof partsin images.Oneaspectof thedetectionproblem— inferring3D
structurefrom a2D projection— is essentiallysolvedby theuseof nonaccidentalfeatures.Nevertheless,
thedif�culty of �nding in theimagelinesandjunctionswhosenonaccidentalrelationshipsareto beusedto
infer thepresenceof geonshassofar precludedRBCfrom beingappliedto therecognitionof objectsin
gray-level images.Themodeldescribedin [22] workedfrom hand-labeledline drawings;attemptsto apply
RecognitionBy Componentsto imagesof realobjectsinvariablyinvolve highly simpli�ed shapes
consistingof 2-3clearlydistinguishableparts,andarelikely to userangedatainsteadof photometric
images.

Instability of description in terms of parts. Evenif theinput to a structuraldecompositionsystemis
givenin theform of acollectionof labeledlines,its interpretationin all but themostarti�cial examplesis
problematic,becauseof aninherentinstability thataffectsall structuralapproaches.Theinstability stems
from thepossibilityto decomposeany shapein anumberof ways,dependingon theprimitivesthatare
assumedto exist. For example,ahandprintedletterA canbedecomposedinto eitherthreeor into � ve
approximatelystraightlines,dependingonwhetherthesidesof theA arerepresentedassinglelong linesor
concatenationsof two shortersegmentseach.It shouldberealizedthatthesameproblemarisesin any
combinatoriallystructureddomain.For example,theproblemof basis pursuit in signalprocessing[24]
consistsof choosingasubsetof basisfunctions,whoseweightedsumbestapproximatesagivensignal.
Thedif�culty herestemsfrom thepossibilityof decomposingthesignalin many differentways,depending
on thechoiceof basisfunctionsandon theoptimizationcriterion.Likewise,in latent-variable analysis in
statistics[25] oneis facedwith theproblemof selecting(or rather, postulating)thesetof variables,andof
estimatingtheir contributionsto theobservables.
It hasbeensuggestedthattheinstabilityproblemmaybealleviatedby imposingaprior expectation(in the
Bayesiansense)on eachpossiblesolution,at anumberof levelsof astructuralhierarchy, asin pixel – edge
element– curve [26, 27]. Thiscompositionalapproachattemptsto combatinstabilityby regularization of
thesolution,andby usingtop-down expectationsdescendingfrom thehigherlevelsof thehierarchyto help
disambiguatetheinterpretationsat thelower levels.
Becausestructuralinterpretationguidedby theseprincipleshasnotbeenattemptedfor unconstrained
objectclassesor for “raw” gray-level images,it is dif�cult to estimatetheeffectivenessof the
compositionalapproachin overcomingtheinstabilityproblem,or thesheercombinatoricsof representing
moderatelycomplex objectsasstructuralhierarchies(cf. [28, 29]). Experiencewith large-scaleprojects
thatadoptedthisapproachhasnotbeenencouraging.A vintageexample,theMIT VisionMachineprogram
[30], whichexploredbottom-upstructuredsolutionsto low-level visualtaskssuchasedgedetection,
confrontedcomputationaldif�culties andraninto a representationaldeadend.On theonehand,its
recovery of shapefrom variouslow-level cuesprovedto beunreliable.On theotherhand,nobodyseemed
to have any usefor therecoveredshapeevenwhenthelow-level computationsdid work. Theabandonment
of thisandsimilarprojectsin theearly1990's suggeststhatthecurrentattemptsat reviving thestructural
interpretationmethods[26, 27] areaboutto faceseveredif�culties, bothcomputationalandconceptual.

Geometricconstraints

Whereasstructuralmethodsignoremuchof thequantitative informationinherentin theimagelocationsof
objectfeatures,geometricmethodssuchasalignment[7] usethis informationto identify theobjectandto
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computeits posewith respectto theobserver (Box 2). Thesemethodsrely on thefollowing viewpoint
consistency constraint [31]: theestablishmentof correspondencebetweenlocalizedfeaturesof theobject
andof theimageconstrainstherelative placementof theobjectfeatures,and,therefore,theobject's
geometry.

Varietiesof alignment

Givena library of objectmodels,eachaccompaniedby a setof �ducial geometric features, anda
correspondingsetof featuresin theimages,onecancomputethehypotheticalviewing positionof each
candidateobject,andverify thehypothesisof its presencein theimageby transformingthemodel(aligning
it to theimage)andevaluatingthegoodnessof theresultingmatch.Ullman [7] provedthatthelocationsof
asfew asthreefeaturesin theimagesuf�ce, undercertainconditions,for uniquealignment(therobustness
of themethodcanbeimprovedby usingmorefeatures,or anchorpoints,thanstrictly necessary).Soon
afterwards,UllmanandBasri[14] realizedthatstoringa few views perobject(with full correspondence)
obviatestheneedfor maintaining3D modelsof objects.Thiswork promptedthedevelopmentof avariety
of algebraicmethodsfor view-basedrecognition,all basedon theobservationthatviews (i.e.,vectorsof
imagecoordinatesof a setof �ducial points)of a rigid objectresidein a low-dimensional(linear, if the
projectionis orthographic)subspaceof views of all possibleobjects.

Computational problems

Needfor feature correspondence. Becausetheestablishmentof correspondenceis anabsolute
prerequisitefor all theabove methods,poorperformanceof thefeatureextractionandcorrespondence
stagecancompletelydisruptsubsequentrecognition.Giventhedif�culty of detectingfeatures(either
points[13, 7] or regions[32]) reliably in abottom-upfashion,it seemsthatalignmentwill remainpractical
only in thecontext of industrialobjectidenti�cation.

Lack of abstraction of categoryinformation. A moreseriousproblemwith alignment-like methodsis
their too literal treatmentof objectgeometry. Alignmentattemptsto accountfor theobservedlocationof
every featureof theobject;in comparison,categorizationof novel objectsrequiresabstractionof
geometricaldetail.Thisseemsto call for aconceptualframework thatis inherentlystatistical(cf. [33, 34]).
Meretoleranceto certainvariationin modelparametersdoesnotseemto suf�ce, asindicatedby the
relatively disappointingperformanceof aversionof alignmentthatadoptedthisapproach[35].

Lack of an explicit representationof object statistics. Fromastatisticalstandpoint,alignmentis
de�cient becauseit is gearedto treatingtwo objectsata time, insteadof capturingseveraldimensionsof
variationwithin anensemble.A steptowardscombiningalignmentwith statisticshasbeenmadeby Basri
[36], whodevelopedanalgorithmfor representingobjectclassesby theirprototypes(de�ned asstatistical
averagesof exemplars).However, becausethismethodassignstheinput to theclosestknown category (an
approachknown in patternrecognitionasthenearest-neighbordecision),it is essentiallylimited to the
processingof objectsthatresembleoneof theprototypesmuchmorecloselythanany of theothers.
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Multidimensional featurespaces

Thelimitation imposedby theuseof thenearest-neighbordecisionprocedurecanberemovedby
reformulatingtheproblemsof recognitionandcategorizationasclusteringin multidimensionalfeature
spaces([37]; seeBox 3). Importantly, this framework facilitatestherepresentationof anovel objectby its
membershipin anumberof clusters(categories)simultaneously. Theideaof usingmultiple reference
classesmaybeillustratedby thinkingof agiraffe: onemayimaginethatits ancientRomanname,
camelopardalis, re�ects theobservationof its similarity to acamel (in its shape),andto a leopard (in its
visualtexture);cf. Figure2.

Figure2: A novel object(camelopardalis), representedby two kindsof features:thosehaving to do with
shape(which make it a neighborof camel), andthoserelatedto visual texture (accordingto which it is a
neighborof leopard).

Multidimensional histograms

A judiciouschoiceof featuresin thisclassicalpattern-recognitionapproachto visionabolishestheneedfor
precisecorrespondence,andcanleadto considerableinvariancewith respectto objecttransformations.
This hasbeendemonstratedby thesuccessof systemsthatrepresentobjectsby histograms(computedover
theentireinput image)of multidimensionalvectorsof measurementsrelatedto color [38, 16] andto local
distributionsof intensity[16, 15].
Proponentsof theoriesof representationbasedon encodingqualitative structureor metricdetailsof objects
may�nd it dif�cult to acceptthepossibilityof representingshapeswithoutexplicitly specifyingtheir
geometry(e.g.,by tallying thefrequency of variousmeasurements).It seemsto methatthisdif�culty
stemsfrom aconfusionbetweenthephenomenaof perception(seeingashape)andof representation
(seeingit assomething;cf. Wittgenstein's point raisedin theintroduction).Whereasthestructuredelivered
by aperceptualsystemshouldbetterbegeometricallyfaithful to its object,thereis noa priori
computationalreasonto assumethatthisstructureis to beretainedin thememorytracelaid down by the
representationalsysteminto whichperceptionfeeds.In fact,thecomputationalapproachesdiscussedhere

8



andbelow postulatethatrepresentationsarenotgeometricallyor structurallyanalogousto percepts;
whetheror not thehumanvisualsystemmaintainsstructurallyor geometricallyfaithful representationsof
objectsis anempiricalquestionthatis notaddressedhere.

Computational problems

Combining diagnosticity with invariance. Themainproblemof feature-spacemethodsis �nding
featuresthatafford reliablediscriminationamongsimilarobjects,alongwith invarianceacrossobject
transformations(thiscorrespondsto theissueof stability vs.sensitivity of features,mentionedby Marr
[1]). Simplegeometricalarguments[39, 37] canbeusedto show thatthesearecon�icting requirements,
whichcanbemetjointly only asa resultof acompromise,or following a specialtraining[40]. Thatis,
unlessthefeaturesarebothabsolutelydiagnosticandinherentlyinvariantto thetransformationin question,
asin thecase,say, of thebarcodesusedto labelgoodsin stores.

Dif�culty of learning from examplesin multidimensional spaces. Becausestatisticalrepresentations
suchasthoseinvolving featurehistogramsmustbelearned,theissueof dimensionalityassumesacentral
role in determiningtheviability of any givenscheme.Learningfrom examplesin ahigh-dimensionalspace
is computationallyproblematic.Theproblem,known asthecurse of dimensionality [41], lies in the
exponentialdependenceof therequirednumberof exampleson thenumberof dimensionsof the
representationspace.Dimensionalityreductionthusbecomesof primaryimportance[42]. Thechallenge,
then,is to reducedimensionalitywhile preservingtheability of therepresentationalsystemto dealwith
novel objects,withouthaving to comeup with novel features.

Approximation in featurespaces

An effective way to increasethelikelihoodthatmostpossibledifferencesbetweentwo objectswouldbe
capturedby (thatis, wouldhave anon-vanishingprojectiononto)at leastsomeof thedimensionsof the
featurespaceis, somewhatparadoxically, to increasethenumberof features(i.e.,distinctmeasurements
performedby thesystemon theimage).Thedimensionalityof theresultingpowerful yetunwieldy
representationspacemustbereduced.The�rst stagein thisprocesscanbebasedontheobservationthatan
objectundergoinga transformation(e.g.,rotation)is mappedinto a low-dimensionalmanifold in the
featurespace[43, 44], providedthatthemeasuredfeaturesaresmoothlyrelatedto thetransformation
parameters(Box 4).
Givena few pointsknown to belongto thepropermanifold(i.e.,a few views of theobjectin question),it is
possibleto recognizeany otherview of theobjectby interpolation.Notethatthenominaldimensionalityof
this representationis equalto thenumberof views usedto interpolateits view space;thetrue
dimensionalitycanbemuchlower, andis determinedby thenumberof degreesof freedomof theobject
(equalto threefor objectsthatareonly allowedto rotatein space).Althoughthis methodseemsto be
irrelevant to therepresentationof novel objects(for whichno exampleviews areavailablein advance,by
de�nition), it canin factbeextendedto encompassbothrecognitionandcategorization.

Representationby similarities to prototypes

Themainrequirementfor suchanextensionis thatthemechanismusedfor interpolatingtheview-space
manifoldsof familiar objects(“prototypes”)respondto unfamiliar objectsaswell [45]. Underthisscheme,
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novel objectsarerepresentedby their similaritiesto theprototypicalor referenceshapes(cf. Figure3),
which, in turn,arerepresentedby storedchosenviews. Thenominaldimensionalityof theresultingshape
space is determinedby thenumberof referenceshapes.An implementationof thisschemedescribedin
[46] contains10 reference-shapedetectionmodules,eachof whichcomputesthesimilarity of its preferred
shapeto theinput. Thevectorof similaritiesis thensubjectedto furtherprocessing(e.g.,comparedto
storedvectorsto determinecategory membership).Thissystemwastestedon tensof gray-level shaded
imagesof eachof 50novel objects(man-madeandnatural),achieving satisfactoryresultsbothin
recognitionandin categorization.
Themostprominentfeatureof thisapproach(andthesourceof a potentiallyseriousshortcoming,as
discussedbelow) is its focuson similaritiesamongshapes.Undercertainconditions,its representationof
similaritiesis formally veridical— apropertythatholdsagreatphilosophicalappeal(for someof the
mathematicsbehindthis,see[47, 48]). However, thegeometryof individual shapesis notmadeexplicit;
thepresentmethodsharesthischaracteristicwith all otherapproachesbasedon abstractfeaturespaces.

Figure3: RepresentingBiederman's [8] “hot dogcart” in termsof spatialrelationsamongabstractor generic
parts(left), andby similaritiesto anumberof concreteentireobjects(right).

Computational problems

Potential proliferation of prototypes. Representationby similaritiesto prototypeshasbeenonly
implementedsofar on a ratherlimited scale.It is not clear, therefore,how well will this approachscaleup
with thenumberof possibleinputobjects.Althoughit is easyto programa systemto acquirenew
prototypesatneed,therateof suchacquisitionmustdecreaseto zero,andthenumberof prototypesmust
asymptoteatsomesmallfractionof thetotal numberof objects,if thesystemis to beviable.Another
aspectof thisproblemis relatedto theinstabilityof interpretationthatoccursin thestructuralmethods:if
toomany prototypesarefoundnearlyequallysimilar to theinput, it maybedif�cult to choosethebest
subsetwhile attemptingto lower thedimensionalityof therepresentation.

Lack of representationof structure. A furtherchallengefor thisapproachis posedby theneedto make
explicit thedimensionsof similarity. Returningto theexampleof Figure2, it seemsreasonableto require
of a representationalsystemnotonly to notetheresemblanceof agiraffe to thecamelandto theleopard,
but alsoto realizethattheformerhasto do with certaindimensionsof thegiraffe's shapeandthelatter– to
its colorandvisualtexture.Thestructuralunderpinningsof similarity needalsoberepresentedexplicitly.
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Considertwo objects:asphereattachedto thetopof acube,andacubeon topof asphere.By all accounts,
boththeseobjectsareequallysimilar to asphere;oneexpectsthattheir structuraldifferenceberepresented
aswell. It hasbeenclaimedthatthiscanbedoneby associatingsimilarity with certainlocationsin the
image,andby maintainingpointersto therelevantlocationsalongwith thesimilarity values[49]; this
approachis yet to betestedin practice.

Conclusions

This paperpresentedacritical review of four theoreticalapproachesto objectrepresentation:structural
descriptions,geometricalmodels,high-dimensionalfeaturespaces,anda low-dimensionalrepresentation
basedon similarity of theobjectto severalprototypes.Whenjudgedby thecriteriaof computational
plausibilityandfunctionaladequatenessfor thepurposesof recognitionandcategorization,all the
approacheswerefoundto bede�cient, althoughthenatureandtheseverity of theproblemsthatwere
identi�ed variedfrom onetheoryto another.
Onpurelycomputationalgrounds,thebestchoiceavailableto adesignerof avisualsystemis probablya
library of geometricmodelsof objectsaccompaniedby analignmentmechanism— but only if therangeof
tasksis restrictedto theidenti�cation of oneof thestoredmodelsata time. If thesystemis to carryout
categorizationin additionto identi�cation, astructuralapproachmayberesortedto. Unfortunately, the
extractionof �ducial featuresandtheestablishmentof featurecorrespondencerequiredfor alignmentare
notalwayssuf�ciently reliable,while thestructuraldecompositionandthematchingalgorithmsneededfor
recognitionby componentstendto suffer from instabilityandfrom combinatorialproblems.These
dif�culties, whichareamatterof computationalprincipleratherthanimplementationaldetail,limit the
appealof thesetwo theories(especiallyasfar ascategorizationis concerned).This, in turn,castsacertain
doubt(whichmayor maynotprove to bewell-foundedby anempiricalinvestigation)on their validity as
modelsof objectrepresentationin biologicalsystems.
Theothertwo theoriesdiscussedabove take acompletelydifferentrouteto representation,by adoptingthe
featurespaceparadigm.Theearlywork in patternrecognitionabstractedaway theissuessurroundingthe
choiceof featuresandtheir behavior underobjecttransformations.In contrast,contemporaryapproaches
rely on featurespacesderivedfrom studiesof low-level vision,andusemathematicalconceptsand
techniquesthatonly recentlybecameknown outsidetheir narrow �elds of study(e.g.,shapespace
approximation,dimensionalityreduction).Thesefoundationsmaybepartly responsiblefor theimpressive
performanceof somerecentlyimplementedfeature-basedsystemsin tasksthathave confoundedcomputer
vision researchersfor decades.
Themostintriguingoutstandingquestionin thiscontext is whetherthefeature-basedrepresentationsthat
hold promisefor identi�cation andcategorizationcanalsobemadeto supporttasksthatrequireanexplicit
manipulationof objectstructureor referto theobject's parts.A potentiallyfruitful approachheremaybeto
labelfeaturesby theirapproximateorigin in theimage[49]. For example,two instancesof an“eye” in
conjunctionwith a “nose”anda “mouth” (all properlypositionedin theimage)qualify asa representation
of a face[50]. Therearesimilaritieshereto thepart-basedstructuralapproach,but therearealsoimportant
differences.First, thefeaturescanbeconcreteshapes,asin therepresentationby similaritiesto prototypes.
This allows for ef�cient recognitionof structures,circumventingtheproblematicneedfor composition
from genericprimitives.Second,thefeaturesmayspanseveral levelsof ahierarchyof partsandwholes,
facilitatingconciserepresentationsoptimizedfor individual tasks.Third, therequiredstructural
relationshipshold in the2D image,not in the3D object-centeredspace,andcanbedeterminedby aneasily
implementableattention-like mechanism.It is interestingto notethatthesemodi�cationsto feature-based
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representationscorrespondcloselyto Grenander's [51] distinctionbetweenpatternrecognition(a process
wherebypatternsaswholesareattributedto variousclasses)andpatterntheory— acomputational
framework thataimsto accountfor thestructureof eachpatternandfor theprocessesthatmayhave
generatedit, andnotmerelyclassifyit [52]. Furtherdevelopmentsin this directionmayleadto amore
comprehensive yet computationallyplausiblecomputationaltheoryof recognitionandcategorization.
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[53] W. E. L. GrimsonandT. Lozano-Ṕerez.Localizingoverlappingpartsby searchingtheinterpretation
tree. IEEETransactionsonPatternAnalysisandMachineIntelligence, 9:469–482,1987.

[54] A. Shashua.Algebraicfunctionsfor recognition.IEEETransactionson PatternAnalysisand
MachineIntelligence, 17:779–789,1995.

[55] M. Kirby andL. Sirovich. Applicationof theKarhunen-Lo�eve procedurefor characterizationof
humanfaces.IEEETransactionsonPatternAnalysisandMachineIntelligence, 12(1):103–108,1990.

[56] M. Turk andA. Pentland.Eigenfacesfor recognition.J. of CognitiveNeuroscience, 3:71–86,1991.

[57] H. MuraseandS.Nayar. Visuallearningandrecognitionof 3D objectsfrom appearance.Intl. J.
ComputerVision, 14:5–24,1995.

[58] C. J.Stone.Optimalglobalratesof convergencefor nonparametricregression.Annalsof statistics,
10:1040–1053,1982.

[59] W. Richards,A. Jepson,andJ.Feldman.Priors,preferencesandcategoricalpercepts.In D. Knill and
W. Richards,editors,PerceptionasBayesianInference, pages93–122.CambridgeUniversityPress,
1996.

[60] T. Poggio,V. Torre,andC. Koch. Computationalvisionandregularizationtheory. Nature,
317:314–319,1985.

[61] D. G. Kendall.A survey of thestatisticaltheoryof shape.StatisticalScience, 4:87–120,1989.

15



1. STRUCTURAL DECOMPOSITION

Summary: anobjectis representedasa collectionof parts(chosenfrom a small
alphabetcommonto all objects),alongwith their spatialrelationships.

Main mathematical tools usedin representationandrecognition:combinatorial
optimizationtheory.

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

Strengths: (1) conceptualparsimony – a handfulof primitivescanallow a very
large number of object classesto be concisely represented;(2) invarianceto
changesin viewing conditions,aslong asthepartsandtheir relationshipscanbe
identi�ed; (3) goodsupportfor categorization,stemmingfrom the possibility to
representnovel objectsin termsof thesameprimitivesasthefamiliar ones.

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

2. GEOMETRIC CONSTRAINTS

Summary: anobjectis representedby therelative coordinatesof a small setof
its features.

Main mathematical tools: algebraandtensorcalculus.

Examples: interpretationtrees[53], varietiesof alignment[13, 7], linearcombi-
nationof views [14], trilinear tensor[54].

Strengths: (1) amenabilityto rigorousmathematical(algebraic)treatment;(2)
invarianceto changesin viewing conditions,aslong ascorrespondingfeaturesin
theinputandin thestoredrepresentationcanbeidenti�ed; (3) demonstrableeffec-
tivenessin practicalsituationsinvolving industrialobjects.

Weaknesses: (1) featuredetectionis unreliablefor naturalobjects;(2) thereis at
presentnoclearextensionfrom identi�cation of individualshapesto categorization
of shapeclasses;(3) featurecorrespondencemustbeestablishedprior to recogni-
tion.
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3. MUL TIDIMENSION AL FEATURE SPACES

Summary: anobjectis representedby avectorof featurevalues;thefeaturescan
begeometric,photometric,or any others.

Main mathematical tools: multivariatestatistics.

Examples: eigenfacesandrelatedmethods[55, 56, 57], histogramsof localmea-
surements[16, 15].

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

Weaknesses: (1) structureis representedimplicitly ratherthanexplicitly; (2) de-
cisionspacestendto behigh-dimensional,with theassociatedcomputationaldif�-
culties.

4. APPROXIMA TION IN FEATURE SPACES

Summary: an object is representedasa low-dimensional“surface” (manifold)
de�ned by prescribedpointsin a featurespace.

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

Examples: view spaceapproximation[43]; representationby similaritiesto pro-
totypes[45, 48].

Strengths: (1) thefeaturestendto beeasyto detect;(2) thestatisticalapproach
providesa commonframework for recognitionandcategorization;(3) approxima-
tion by smoothfunctionsalleviatestheproblemsstemmingfrom dimensionality.

Weaknesses: (1) structureis representedimplicitly.
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OUTSTANDING QUESTIONS

1. How canthealignmentapproachbe madeto representqualitative structure
andnotonly quantitative (metric)details?

2. How canthestructuralapproachwork bemadeto work in practice,on real
images?

3. How canthefeaturespaceapproachesbemadeto representstructureexplic-
itly?
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GLOSSARY

Basispursuit: in signalprocessing,choosingtheoptimal “alphabet”of featuresfor thedescrip-
tion of a dataset(e.g.,basisfunctionsin functionapproximation),and,simultaneously, estimating
theoptimalcontribution (e.g.,weight)of eachfeatureto theobserveddata.

Correspondence: a mappingthatassignsthesamelabelto differentprojectionsof thesamefea-
ture(e.g.,apointonanobject's surface),asseenin two imagestakenfrom differentvantagepoints.

Curse of dimensionality: the exponentialdependenceof the numberof examplesrequiredfor
learninga taskon thenumberof dimensionsof therepresentationspace[41]. Supposethat �lling
a region in a 1-dimensionalfeaturespacewith representative examplesrequires10 datapoints;a
comparablecoverageof a3-dimensionalfeaturespacewould thenrequire1000examples[58].

Fiducial geometricfeatures: featuresthatareassociatedwith �x edlocationson theobject's sur-
faceandthereforecanbetrustedto convey informationaboutits geometryandorientation.A sur-
facemarkingor a cornerformedby two surfacesmeetingat ananglearegoodgeometricfeatures;
asmoothbendin asurfaceis not.

Instability of structural interpretation: thepossibilityof assigningmultiplestructuralinterpre-
tationsto a given image,typically exacerbatedby a sensitivity of the interpretationprocessto �ne
detailsof thedata(which aremostproneto corruptionby noise).

Labeledgraph matching: theestablishmentof a mappingbetweentheverticesandtheedgesof
two graphsin suchamannerthatthelabelscarriedby theelementsof onegraphmatchthoseof the
otherone.

Latent varible analysis: in statistics,explainingthevariationobservedin adatasetin termsof a
few postulated“hidden” variables,whichgive riseto thedatathroughtheprocessof observationor
measurement.Theaim of theanalysisis to specifyboththevariablesandtheobservationprocess,
to obtainanoptimal�t to thedata.

Manif old: intuitively, a smoothcurve or surfaceembeddedin a higher-dimensionalspace.Per-
forming,say, a thousandsimultaneousmeasurementson theimageof anobjecteffectively mapsit
to a point in a 1000-dimensionalabstractspace.If theobjectis thenmadeto rotatearounda �x ed
axis,thecurveascribedby thatpointasthevaluesof thevariousmeasurementschangewith rotation
is a1-dimensionalmanifoldembeddedin the1000dimensions.
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GLOSSARY (cont.)

Nonaccidental properties: 2D imagefeaturesthat can be usedto make inferencesabout3D
objectstructurebecauseof thelow likelihoodof theformerto ariseby chance[21]. A representative
exampleof sucha featureis a pair of parallel lines; becausea chanceimagealignmentof two
segmentsthat arein fact not parallelin 3D is unlikely, two parallel lines in the imagearea good
indicatorof thepresenceof a 3D geonsuchasa cylinder “out there” in thescene.For a Bayesian
treatmentof relatedissues,see[59].

Regularization: a commonmathematicaltechniqueappliedto problemsthat are formally ill-
posed.By extendingthede�nition borrowed from the theoryof differentialequations,a problem
is consideredill-posed if its solutiondoesnot dependcontinuouslyon the data,or if more than
onesolutionexists, as in the caseof structuralinterpretation.Regularizationattemptsto reduce
thesolutionspace,by imposingadditionalconstraints,over andabove thosecontainedin thedata.
Referencesto themathematicalliteratureonregularizationandadiscussionof its relevanceto low-
level visualtaskscanbefoundin [60].

Shapespace: anabstraction,introducedby D. G. Kendall[33, 61] to allow a rigorousstatistical
treatmentof problemshaving todowith variationof shapein asampleof objects.Objectsaretreated
aspointsin ametricspace,wheresimilarshapescorrespondtonearbylocations.Categorizationthus
becomesa matterof determiningthe locationof the stimulusrelative to otherpointsin the shape
space.

Viewpoint consistencyconstraint: themathematicalrelationshipbetweentheprojected(2D) co-
ordinatesof �ducial features,imposedby their arrangementin the3D space.For a rigid object,the
projectedlocationof someinitially detectedfeaturesconstrainsthepossiblerangeof its orientation
andpredictsthe locationof otherfeatures.If this predictionis veri�ed (asin the secondstageof
recognitionby alignment[7]), the initial hypothesisof the presenceof the object in the imageis
con�rmed.
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