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Abstract. This paperdescribesa view-basedmethodfor recognizing3D objectsfrom 2D
images.We employ anaspect-graphstructure,wheretheaspectsarenot basedon thesingu-
laritiesof visualmappingbut areinsteadformedusinga notionof similarity betweenviews.
Speci�cally, the viewing sphereis endowed with a metric of dis-similarity for eachpair of
views and the problemof aspectgenerationis viewed as a ”segmentation”of the viewing
sphereinto homogeneousregions.Theviewing sphereis sampledat regular(5 degree)inter-
vals andan iterative procedureis usedto combineviews usingthe metric into aspectswith
a prototyperepresentingeachaspect,in a ”region-growing” regimewhich standsin contrast
to theusual”edgedetection”stylesto computingtheaspectgraph.Theaspectgrowth is con-
strainedsuchthat two aspectsof anobjectremaindistinctunderthegiven similarity metric.
Oncethe databaseof 3D objectsis organizedas a set of aspectsand prototypesfor these
aspectsfor eachobject,unknown views of databaseobjectsarecomparedwith theprototypes
andtheresultsareorderedby similarity. We usetwo similarity metricsfor shape,onebased
on curve matchingandthe otherbasedon matchingshockgraphs,which for a databaseof
64 objectsandunknown views of objectsfor the databasegive (90.3%,74.2%,59.7%)and
(95.2%,69.0%,57.5%),respectively, for the top threematches;identi�cation basedon the
top threematchesis 98% and100%,respectively. The resultof indexing unknown views of
objectsnot in the databasealso produceintuitive matches.We also develop a hierarchical
indexing schemethegoal of which is to pruneunlikely objectsat an early stageto improve
theef�ciency of indexing, resultingin savingsof 35%at thetop level andof 55%at thenext
level, cumulatively.

1. Intr oduction

3D object recognitionis the taskof identifying a three-dimensionalobject
amonga setof known modelsor categoriesfrom someform of input data
(e.g., images,rangedata).This is a dif�cult taskdueto the large numberof
dimensionsof variability thatarisesfrom objectarticulation,occlusion,view
point variation,illumination changes,etc. BeslandJain[6] motivatetheuse
of an intermediate-level representationto reducethe dimensionalityof the
task,wheremodel-dataand input-datacan be transformedinto with equal
success.The type of representationusedis critical in the selectionandper-
formanceof optimalobjectrecognitionstrategies.While thereis a greatdeal
of variety in the intermediaterepresentationsusedin existing objectrecog-
nition approaches,mostcanbeviewedaseitherfocusingon attributesof the
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object's3D geometry, or attributesof its 2D projection,classicallyreferredto
asdistinctionbetweenobject-centeredversusview-centeredrepresentations.
Webrie�y discussthesebelow asthey arerelevantto thedevelopmentof our
approach,but withoutemphasizingtheassociatedmatchingstrategies,which
arecoveredin severalsurveys [6, 8].

1.1. REPRESENTATIONS RELYING ON 3D GEOMETRY

In this approach,the 3D geometryof the object is explicitly storedin a
database,either by specifyingit completelyor by describingaspectsof it
in theform of capturingcertainfeatures,invariants,parts,ridges,andsurface
patches.For example,the3D objectshapehasbeenreducedto a setof fea-
turesin the form of critical points,corners,line segments,etc.[11, 50, 9, 4,
20, 32, 22]. While no geometricinvariantsexist in generalto relate3D and
2D models,a restrictionof theclassof modelseitherby enforcinga generic
attributesuchassymmetryor by selectingparticularmodelshasbeenshown
to leadto geometricinvariants[49, 48, 10].

The part structurehasalsobeenmadeexplicit in the 3D representation,
e.g., in the GEON-basedrepresentationof Biederman[7]. Ridgeson the
surfacehave alsobeenusedasa critical featureset[19]. Partial surfacede-
scriptorshave beenusedby Fanet al. [16], Wonget al. [51], andFlynn and
Jain[17], wheresegmentationof a surfaceinto patchesis representedby a
graph.Objectsurfaceshave beenfully representedin parametricform, e.g.,
byusingsuperquadrics[3], by implicit polynomials[23], or byskeletons[29].

Drawbacksof thevolumetricrepresentationincludelimitations in gener-
atingmodelsautomatically, thedif�culty in recoveringthe3D geometryfrom
singleviews,thereliability of theresultingrepresentation,andthecomplexity
of thematchingprocess.

1.2. V IEW-BASED OBJECT RECOGNITION

Thegoalof view-basedapproachesis to representa 3D objectwith a setof
2D views,resultingin asigni�cant reductionin dimensionalityby comparing
2D imagesratherthancomparing3D objects.Ef�ciency mandatesthat the
completesetof views,whichareredundantto somedegree,mustbesomehow
reducedto aminimalset.Appearance-basedmethodsfocusonchangesin the
intensitydistribution in eachview anduseprincipal componentanalysisto
capturethemaindirectionsof variationsasbrie�y describedbelow. In con-
trast,aspect-graphmethodsfocuson changesin theprojectedgeometryand
groupviews boundedby transitionsof the geometryon the viewing sphere
into aspects,asdescribedin detailin Section1.3.
Appearance-basedMethods: Appearance-basedmethodsrely on thesimi-
larity of theprojectedintensityimageamongneighboringviews.Thesemeth-
ods typically usea form of Principal ComponentAnalysis (PCA) on the
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image,which is consideredasa high-dimensionalvector, to determinethe
principal directionof variationsso that only a subsetof informationcanbe
retainedas advocatedby the eigenmodels[46, 24]. Nayaret al. [30] used
PrincipalComponentAnalysis(PCA) on input color imagesof known ob-
jects,usingonly color andtexture information.Speci�cally, they construct
a vectorfor eachnormalizedcolor channel(red,green,andblue)of images
generatedof known modelsat 7.5-degreeincrements.They performPCA on
thesevectorsto determinetheprincipalcomponentsandprojecteachvector
into the“eigenspace”,which is of signi�cantly lowerdimension.Eachobject
thusformsits own manifoldin theeigenspaceandthis is donefor eachobject
in a collectionof known objects.To performrecognition,PCA is performed
on thethreecolor channelsof theimageof anunknown objectandtheresult
is projectedinto theeigenspaceof known objects.Theobjectis recognizedif
all of its threevectorsarecloseto themanifoldformedby anobject.

Appearance-basedmethodscan be sensitive to changesnot embedded
in the trainingsetincluding lighting changes,objectrotation,deformations,
viewing changes,andocclusion.Shokonfandehet al. [41] built somerobust-
nessto thesevariationsby includinga multi-scalestructureusinga wavelet
transform.In addition,thedatabasein appearance-basedmethodscannotbe
updateddynamicallyasincrementalchangesrequirea recomputationof the
principaldimension.

1.3. THE ASPECT-GRAPH REPRESENTATION

Theaspect-graphrepresentationisaviewer-centeredrepresentationof athree-
dimensionalobject.The underlyingtheory was introducedby Koenderink
and van Doorn [26, 27], who observed that while for most views a small
changein the vantagepoint of an object resultsin a small changein the
shapeof theprojectionof thatobject,for certainviewsthechangein projected
objectshapeis dramatic.These“un-stable”views representa singularityin
thevisualmapping,or a transition. They suggestedthata derivationof such
transitionboundariesis agoodrepresentationof theobject.Thestableviews,
alsocalledgeneral views, arewhatde�ne anaspect.Theaspect-graphrepre-
sentationof anobjectis astructuredgraphof thesetof aspectsof thatobject,
wherethe edgesof the graphare the transitionsbetweentwo neighboring
stableviews andachangebetweenaspectsis calledavisualevent.

Thecomputationof anaspect-graphin applicationswasmadepossibleby
assumingtheobjectsbelongto a limited classof shapes,for examplealgo-
rithmsweredevelopedfor generatingtheaspect-graphsof polyhedra[43, 40],
solidsof revolution [14, 28], piece-wisesmoothobjects[42] andalgebraic
surfaces[31]. A survey of earlyresultscanbefoundin BowyerandDyer [8].
Previous work on generatingthe aspect-graphof an objecthasfocusedon
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two majorissues:(i) howto derivetransitionsandformallyde�neaspectsfor
a large classof shapes,and(ii) how to handletheproblemof scale.
Enlarging the classof shapes:Methodsfor generatingtheaspect-graphof
polyhedraweredevelopedin [43, 40]. SripradisvarakulandJain[42] devel-
opeda methodologyto build anaspect-graphrepresentationof CAD models
for curvedopaqueobjectsthatareat least

���

smooth.To build their aspect-
graph,they computethe aspectsandstableviews by usingtheir knowledge
of the potentialvisual eventsthat canbe generatedfrom a smooth,curved
object.By computingthe boundaryviewpointsfrom shapedescriptorsthey
partitiontheviewpointspaceandform theirgraph.KriegmanandPonce[28]
alsodiscussthe approachof computingthe aspect-graphof solidsof revo-
lution generatedfrom an algebraiccurve. The singularitieswhich give rise
to visual events can then be determinedby a systemof equations,using
an orthographicprojectionon transparentobjects.The boundarycurveson
the viewing spherewhich give rise to the visual eventsare computedand
viewsaregroupedinto aspectsusingcylindrical algebraicdecompositionand
marchingtechniques.Ray tracing is usedto remove hiddenbranchesfrom
the graph,and to merge neighboringaspectswith equivalent views. These
stepsaredirectly equivalent to �nding the rootsof a systemof polynomial
equations,which aresolvedwith thenumericalmethodsof continuationand
symbolicelimination theory. Petitjeanet al. [31] also developeda method
of creatinganaspect-graphof algebraicsurfacesby usingsingularitytheory
andthecatalogof visualevents.This algorithmwasimplementedandtested
on varioussmoothobjects,andresultedin intuitive aspects,with eachobject
giving roughly10-25aspectsperobject,dependingon thecomplexity of its
shape.

Despitethesegeneralizationsto fairly interestingclassesof shapes,the
problemof generatingtheaspect-graphof free-formshapesof arbitrarycom-
plexity remainsunsolved.
Handling scale:A secondproblemin thecomputationof aspect-graphsis the
large numberof aspectsarisingfrom complex shapes,e.g., with nodecom-
plexity �����	��
 and �����
��
 for an � -facedpolyhedron[28, 43, 18]; while for
asmoothalgebraicsurfaceof degree� it is ����������
 and ����������
 underorthog-
onalandperspective projection,respectively. For apiecewisesmoothsurface
consistingof � algebraicpatchesthat is homeomorphicto a polyhedronit
is �����

�
������
 underorthogonaltransformation[40]. While theseestimates

areupperbounds,practicalexperiencesuggeststhat indeedthe numberof
aspectsis large.This is partiallybecausesmall-scalechangesthatmaynever
be visually signi�cant createadditionalnodesor modify existing nodesin
the aspect-graph;observe how a bumpy surface patchmay createnumer-
ousaspectswhich might never be observable whenviewed by a �nite-size
aperture[15, 40]. Eggertet al. [15] addressedthis issueby introducingthe
notionof scalein their aspect-graphrepresentation.By relaxingthemeasure
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usedto groupviews into anaspect,they reducethenumberof viewsrequired
to representanobjectto a computationallyfeasiblenumber. Speci�cally, by
using a samplingrate parameterspecifyingsingularviews, the numberof
aspectscanbebalancedbetweeninef�ciently largeandoverly simple.Using
this measure,featurescan be merged reducingthe set of features,which
determinesingularviews. Shimshoniand Ponce[40] presentan algorithm
for computingthe �nite resolutionaspectsof a polyhedron.They partition
the view spaceinto non-critical regions boundedby the transitioncurves
usingaplane-sweepalgorithmsuchthatadjacentregionswith identical�nite
resolutionviews aremerged.

Bellaire[5] presentsamethodof building ahierarchicalrepresentationof
anaspect-graphusingedge-facerelationshipsandcombiningaspectsjudged
to be similar. Two views belongto the sameaspectif the sameverticesare
visiblein bothandthesameedgesarevisiblein both,partiallyoccludededges
canbelocatedin both,andT-junctionsdivide thesameedgesin bothviews.
If thesecriteria are met, the views are judgedsimilar and merged. There
may be aspects,which are redundantdue to objectsymmetry. In addition,
incorporatinga moreintelligentorderingof aspects,suchasanorderedtree
furtherreducesthesizeof thedataneededto fully representa3D object.
Characteristic Views: Ikeuchi andKanade[22] describean object recog-
nition systemsimilar to the aspect-graphby grouping“views” which have
similar features.Thefeaturesthey useto decideon similarity is basedon ac-
quiredphotometricstereoimages,suchasfacemovement,facerelationships,
faceshape,edgerelationships,anextendedGaussianimage(a histogramof
surfaceorientations),andsurfacecharacteristicdistribution (suchasplanar,
cylindrical, elliptic, or hyperbolic).They usethesefeaturesto groupsimilar
dataandform aninterpretationtreefor usein recognition.Theinterpretation
tree is formulatedin two parts,one on classifyingthe unknown view into
thecorrectaspect,thenthesecondpartdeterminestheactualpositionof the
unknown view in thataspect.Thesuccessof thisapproach,likeotherfeature-
basedsystems,dominatedby theperformanceof choosingfeatures.Unstable
featureschosenbetweenviews cancausesigni�cant problems.

Severalotherapproachesarerelevant.BurnsandRisemanrepresentpoly-
hedralmodelsby anetwork of 2D descriptionsfor expectedviews.Dickinson
etal. [13] useaprobabilisticmodelto relatecharacteristicviews of volumet-
ric primitivesdescribingpartsof objects.WeinshallandWerman[47] provide
a formal analysisof view likelihoodandview stability which canbeusedto
determinecharacteristicviews.

SealesandDyer [34] usethe featuresextractedfrom the occludingcon-
tours of polyhedralobjectsto determineviewpoint. The featuresthey use
arecontourT-junctionsandthearrangementsof thesectionsof thecontour.
Thesefeaturesgive rise to regionswherethe viewpoint of the objectgives
rise to the sameoccludingfeatures(the T-junctions).This is analogousto
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theaspect-graphrepresentationin that thereareregionsof views which are
judgedequalusingsomemeasure,in this casethe setof featuresbetween
views.

1.4. PSYCHOLOGICAL FOUNDATION

Therehasbeena fair amountof psychologicalresearchperformedon the
role aspectsplay (or moregenerallya singleview representingthatplays)in
objectrecognitionsinceKoenderinkandvanDoorn[26] �rst presentedthem.
BajcsyandSolina[2] discussRosch's hypothesis[33] regardingtheprocess
of storingan object in memory, which statesthat objectsareformedinto a
setof categories,wherebasiccategorieshave thehighestlevel of abstraction,
i.e., ageneralizedoutlineform.As anexample,furnitureis moregeneralthen
a chairwhich is moregeneralthanan arm chair. Objectsarerecognizedby
comparingthe unknown object to theselevels of categorieswith an allow-
ableamountof deformation.This hypothesisis similar to the aspect-graph
representationof shape,in that eachshapeis representedby a prototypical
shape(or view). Bajcsydescribesan objectrecognitionprocedurewhich is
built aroundRosch's hypothesis.Theunknown modelis recognizedby com-
paring it againstthe known objects' basiccategories(prototypes),and the
prototypewhich requirestheleastdeformations,is chosenastherecognized
object.Stone[44] exploredwhetherpeoplerecognizeobjectsusingcertain
views(view-speci�city hypothesis)or by aseriesof rotationalviews(motion-
speci�city hypothesis).By conductingexperimentsonwhethersubjectscould
recognizeobjectassuccessfullyusingforwardrotationasbackwardrotation,
it wasfoundthat informationfrom motionplaysa part in objectrecognition
aswell asview-speci�city recognition,suchasprototypicalview storage.

Tarr andKriegman [45] performedresearchon the de�nition of a view
in thecontext of humanperception.They performed� ve experimentsusing
objectswith known aspectgraphsandtestedthe recognitioncapabilitiesof
peopleusingtheseobjects.They foundthatpeoplearemostsensitive to the
viewpoint changesof the objectsat the transitionspredictedby the aspect
graphstructure.This lendscredenceto thetheoryof usingtheseviews asthe
basisfor objectrecognition.

1.5. OVERVIEW OF OUR APPROACH

Thegoalof theaspect-graphrepresentationis to partitiontheviewing space
into aminimal setof views thatcanbedistinguishedasa groupto determine
view transitions,correspondingto visualevents,e.g., asanew partcomesinto
view. Sincetraditionalmethodsbasedon thesingularitiesof visualmapping
arenotcurrentlyapplicableto complex free-formobjectsandalsooftenresult
in numerousaspectsin practice,we adoptan approachbasedon grouping
views into aspectsusinganotionof similarity betweenviews.Theprocessof
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Figure 1. This databaseof 64 objectsis constructedfor 3D objectrecognitionexperiments.
Imageswith the black backgroundare 3D VRML modelswhoseviews are generatedby
projection.Imageswith theredbackgroundarerealobjects(toys)whoseviews aregenerated
usinga turntableanddigital camera.Thedatabasefeaturesbothbiological shapes(animals)
aswell asmanmadeobjects.Viewsweretakenat15 degreeincrements.



8

constructinganaspectgraphcanbeviewedasasegmentationof theviewing
sphere.Onecanthenabstractlyview thesingularity-basedaspectgeneration
approachasperforming“edgedetection”on the viewing sphereby analyz-
ing differencesbetweenprojectionsof the3D object.In contrast,theaspect
generationmethodof usingsimilarity of adjacentviews canbe viewed asa
“region-growing” segmentationapproach,whichhastwo distinctadvantages.
First, thesalienceof asingularityin thevisualmappingis relatednotonly to
its own signi�cance but also to the lack of sucheventsin its neighboring
views. Second,thegroupingof similar views canbedoneexclusively in the
domainof 2D imageswithout requiringor restricting3D representationsof
shape.

Thepaperis organizedasfollows.Section2 discussesthenotations,how
aspectsandcharacteristicviews for eachare generatedbasedon the simi-
larity metric in a mannerthat keepseachaspectdistinct underthis metric.
Section3 de�nes theconceptof anaspect-separablegroupingin a database,
which ensuresthat recognitionby rank-orderedsimilarity-basedindexing in
thecollectionof characteristicviews correctlyidenti�es theobject.Section4
recognizestheneedfor earlypruningof distantcharacteristicviews by hier-
archicallydiscardingaspectsin severalscales.Section5 describestheresults
of experimentswith a databaseof 64 syntheticandreal 3D objects,with a
discussionon theeffect of usingdifferentmetrics.This work waspreviously
introducedin aconferencepaper[12].

Figure 2. Projectionsaretaken of the objectat regular intervals andthis setof 2D views is
usedto representtheobject.
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Figure3. Two objects(“kangaroo”and“bull”) from thedatabasearedepictedon theleft. On
theright we show a rangeof views from thegroundplanein � ve degreeincrements.Circled
views representprototypicalviews.Aspectboundariesarevertical linesin green.

2. Similarity-based Aspect-Graph

2.1. NOTATIONS AND DEFINITIONS

The processof generatingviews, aspects,characteristicviews, and shape
changesbetweenviews is illustratedin several �gures beforethe notation
is formally described.Figures2, 3, and4 highlight thegenerationof views,
show anexampleof aspectsandcharacteristicviews for eachaspectfor two
objects,anddepicthow theshapechangesastheangleat which it is viewed
is changed,respectively. Theshapegenerallyholdsa level of consistency and
gradualchangeuntil a signi�cant changetakesplace,e.g., asa leg becomes
unoccluded.Bymeasuringthissimilarity betweenadjacentviewsaspectscan
begenerated.Formally, werequire that theviewing sphere beendowedwith
a metric � indicating“distance” betweentwo viewswhich measuresthedis-
similarity betweenthe projectedviews of the object.We shall usetwo such
metricsin this paper, onebasedon curvematching and the other basedon
shock matching; however, othermetricscanalsobeused.
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Figure4. An exampleof how theprojectedshapeof a3D objectchangesastheviewing angle
changes,andhow signi�cant shapechangescanbeusedto determinebordersof aspects.The
resultsof our approachis shown in thebottomwhereeachaspectis coveredby a distinctbar
andwherethecharacteristicview for thataspectis circled.

Individual Views
Object is Represented by

Views Grouped into Aspects
Object is Represented by

Figure5. Theaspect-graphrepresentationof a 3D objectby 2D views.Theobjectbeingcon-
sidered(rhino modelin this case)is representedinitially by all views alongtheground-view,
but oncethe aspect-graphof the modelis derived,views judgedsimilar by somemetric are
groupedandrepresentedby aprototypicalview. Eachsmallcirclerepresentsaview, andviews
in the sameaspectareshowing the samecolor, with the characteristicviews of eachaspect
�lled in.
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11

characteristicview representingoneor more neighboringviews which have
beengrouped.Thus,insteadof representingeach object ��� with thefull setof
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 , which is thedis-
tancebetweenthe � ��� view of object � and the � ��� view of object � . The
dis-similaritymeasuredis requiredto bea metric,in our casea curve-based
or a shock-basedsegmentedshapedis-similaritymetric.Themetriccanalso
includenon-shapeproperties,but the propertiesof a metric cannotbe vio-
lated in incorporating additional featuresas thesepropertiesare crucial to
theapproach.

2.2. GENERATION OF ASPECTS AND CHARACTERISTIC V IEWS

Weimposeseveral criteria which arerequiredin order to maintainsuccessful
objectrecognitionwhile formingaspectsrepresentedbycharacteristicviews.
First, werequire views to monotonicallychange within each aspectstarting
fromtheaspect's characteristicview.

CRITERION1. (LocalMonotonicity)For eachcharacteristicview
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existsaninteger ������� suchthat
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(1)

This criterion is a natural oneto expect: the dis-similarity of two views in-
creasesas their relativeviewing angleincreases,at leastfor somerange of
angles.The criterion relies on a suf�cient samplingrate, i.e., that for the
views betweentwo samplesviews the monotonicityconditionstill holds.In
absenceof a view “sampling theorem” westatean assumption:

ASSUMPTION1. (Samplingsuf�ciency): The view-samplingrateis suf�-
ciently high that unsampledviews betweensampledviews also satisfy the
monotonicitycriterion.

Given that we havesampledour views every �ve degrees,we havenot
notedtheappearanceof “surprise” views.A violationof thisassumptionmay
leadto recognition errors. A further formalizationof a “sampling theorem”
clearlydependson theshapeof theobjectsandis a challengingtask.

Observethat as the differencebetweenthe viewing directionsincreases,
the dis-similarity is eventuallyreduced,thus limiting the sizeof an aspect.
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Figure6. Criterion2 constrainstheupperlimits of theboundaryviews
�


 and
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� of anaspect
for eachview;
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 and
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� aretheaspectradii, i.e. views mostdistantfrom thecharacteristic
view candidatewhich are below the value of the global minimum outsidethe monotonic
region. Typically several valuesare possible,e.g.,

�


 and
�

� , but only the set satisfying
criterion1 is used.Theabove graphis generatedfrom theapemodel.

An effectivedis-similaritymetric is onewith a large basinof monotonically
distantviews. While the monotonicityconditionlimits the sizeof an aspect
centeredarounda candidatecharacteristicview, themetricof dis-similarity
shouldbeableto differentiatebetweenviewsthatshouldbeconsideredin the
sameaspectandotherviews.Theglobal minimumdis-similarityoutsidethe
local monotonicregionplacesa secondconstraint on thesizeof each aspect.
Thisvalueis usedto restrictthelargestaspectto bethelocal areasatisfying,
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That is, thedistanceof eachview
�

�

� in anaspect�

�

� andthecharacteristic
view of thataspect

�

�

� is smallerthanthedistancebetweenany non-aspect
view

�

�

�
andthecharacteristicview

�

�

� , Figure6.

Thisconstraint leadsto a few possiblevaluesfor aspectboundaries.These
valuesaredependenton thecharacteristicview in relationto all otherviews.
Togetherwith themonotonicitycriterion,wederivea pair of unique“upper”
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Table I. Table of curve-baseddistancebetweeneachview, at
�����

increments,of the �sh object.
For eachrow, costsin bold specifyviews thatarelocatedwithin theaspectboundariesof theview
representedin that row. In our experimentswe include a thresholdof noiseof 5% of the cost,
which operatesby discountingincreasesor decreasesin costby lessthan5%.Thus,eachcandidate
characteristicview hasa pair of upperlimits for thesizeof aspectit canrepresent.

0 15 30 45 60 75 90 105 120 135 150 165 180 195 210 225 240 255 270 285 300 315 330 345

0 0.00 0.38 0.34 0.48 0.81 0.83 0.71 0.59 0.51 0.46 0.24 0.19 0.39 0.29 0.45 0.65 0.65 0.54 0.59 0.54 0.47 0.42 0.30 0.24

15 0.38 0.00 0.25 0.30 0.43 0.47 0.44 0.37 0.34 0.33 0.34 0.41 0.24 0.27 0.29 0.60 0.62 0.70 0.70 0.70 0.50 0.43 0.26 0.54

30 0.34 0.25 0.00 0.16 0.29 0.28 0.33 0.25 0.18 0.17 0.32 0.41 0.38 0.42 0.26 0.33 0.58 0.54 0.61 0.61 0.39 0.38 0.49 0.48

45 0.48 0.30 0.16 0.00 0.19 0.22 0.19 0.15 0.12 0.24 0.42 0.51 0.47 0.50 0.32 0.43 0.37 0.24 0.52 0.27 0.40 0.41 0.35 0.53

60 0.81 0.43 0.29 0.19 0.00 0.11 0.11 0.14 0.18 0.32 0.51 0.53 0.57 0.51 0.51 0.33 0.28 0.23 0.15 0.18 0.39 0.40 0.45 0.59

75 0.83 0.47 0.28 0.22 0.11 0.00 0.09 0.17 0.20 0.38 0.62 0.57 0.62 0.49 0.46 0.30 0.23 0.17 0.20 0.23 0.32 0.29 0.47 0.57

90 0.71 0.44 0.33 0.19 0.11 0.09 0.00 0.18 0.22 0.47 0.48 0.61 0.68 0.51 0.42 0.31 0.18 0.15 0.45 0.24 0.45 0.36 0.49 0.56

105 0.59 0.37 0.25 0.15 0.14 0.17 0.18 0.00 0.13 0.37 0.52 0.53 0.68 0.49 0.45 0.26 0.37 0.27 0.40 0.43 0.42 0.33 0.52 0.59

120 0.51 0.34 0.18 0.12 0.18 0.20 0.22 0.13 0.00 0.17 0.41 0.44 0.47 0.31 0.30 0.19 0.58 0.65 0.61 0.29 0.61 0.35 0.48 0.51

135 0.46 0.33 0.17 0.24 0.32 0.38 0.47 0.37 0.17 0.00 0.29 0.38 0.43 0.24 0.28 0.48 0.58 0.57 0.65 0.58 0.41 0.39 0.26 0.29

150 0.24 0.34 0.32 0.42 0.51 0.62 0.48 0.52 0.41 0.29 0.00 0.33 0.32 0.20 0.30 0.61 0.67 0.73 0.68 0.74 0.35 0.32 0.34 0.40

165 0.19 0.41 0.41 0.51 0.53 0.57 0.61 0.53 0.44 0.38 0.33 0.00 0.17 0.23 0.36 0.68 0.73 0.94 1.00 1.00 0.50 0.41 0.40 0.16

180 0.39 0.24 0.38 0.47 0.57 0.62 0.68 0.68 0.47 0.43 0.32 0.17 0.00 0.17 0.36 0.42 0.50 0.59 0.58 0.51 0.56 0.36 0.27 0.22

195 0.29 0.27 0.42 0.50 0.51 0.49 0.51 0.49 0.31 0.24 0.20 0.23 0.17 0.00 0.20 0.34 0.45 0.50 0.54 0.56 0.40 0.32 0.41 0.31

210 0.45 0.29 0.26 0.32 0.51 0.46 0.42 0.45 0.30 0.28 0.30 0.36 0.36 0.20 0.00 0.25 0.35 0.49 0.37 0.31 0.26 0.22 0.34 0.37

225 0.65 0.60 0.33 0.43 0.33 0.30 0.31 0.26 0.19 0.48 0.61 0.68 0.42 0.34 0.25 0.00 0.21 0.21 0.19 0.21 0.20 0.26 0.43 0.37

240 0.65 0.62 0.58 0.37 0.28 0.23 0.18 0.37 0.58 0.58 0.67 0.73 0.50 0.45 0.35 0.21 0.00 0.15 0.17 0.16 0.17 0.20 0.43 0.48

255 0.54 0.70 0.54 0.24 0.23 0.17 0.15 0.27 0.65 0.57 0.73 0.94 0.59 0.50 0.49 0.21 0.15 0.00 0.11 0.16 0.17 0.22 0.48 0.59

270 0.59 0.70 0.61 0.52 0.15 0.20 0.45 0.40 0.61 0.65 0.68 1.00 0.58 0.54 0.37 0.19 0.17 0.11 0.00 0.12 0.20 0.30 0.56 0.57

285 0.54 0.70 0.61 0.27 0.18 0.23 0.24 0.43 0.29 0.58 0.74 1.00 0.51 0.56 0.31 0.21 0.14 0.14 0.12 0.00 0.20 0.33 0.53 0.55

300 0.47 0.50 0.39 0.40 0.39 0.32 0.45 0.42 0.61 0.41 0.35 0.50 0.56 0.40 0.26 0.20 0.17 0.17 0.20 0.20 0.00 0.14 0.46 0.43

315 0.42 0.43 0.38 0.41 0.40 0.29 0.36 0.33 0.35 0.39 0.32 0.41 0.36 0.32 0.22 0.26 0.20 0.22 0.30 0.33 0.14 0.00 0.42 0.35

330 0.30 0.26 0.49 0.35 0.45 0.47 0.49 0.52 0.48 0.26 0.34 0.40 0.27 0.41 0.34 0.43 0.43 0.48 0.56 0.53 0.46 0.42 0.00 0.42

345 0.24 0.54 0.48 0.53 0.59 0.57 0.56 0.59 0.51 0.29 0.40 0.16 0.22 0.31 0.37 0.37 0.48 0.59 0.57 0.55 0.43 0.35 0.42 0.00

aspectboundaries.TablesI and II showexamplesof pairwisedistancebe-
tweenviews,with boldfacenumbers indicating the computedboundariesof
an aspectof an object in each row with the central view beingthe charac-
teristicview, usingcurvematchingandshock matching, respectively, Section
5.1.

With these“upper bounds” for thepossibleaspectsof each view, weuse
an iterative scheme, much like the “seededregion-growing” methodused
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Table II. Tableof shock-baseddistancebetweeneachview, at
� � �

increments,of the �sh object.
Costsin bold specify views that are locatedwithin the aspectboundaries.In our experimentswe
includea thresholdof noiseof 5% of thecost,which operatesby discountingincreasesor decreases
in costby lessthan5%.Notethatcomparedto curve-baseddistanceresultstheupperlimits of aspect
sizearelarger.

0 15 30 45 60 75 90 105 120 135 150 165 180 195 210 225 240 255 270 285 300 315 330 345

0 0.00 0.55 0.83 0.81 0.89 0.89 0.94 0.93 0.87 0.81 0.46 0.37 0.38 0.59 0.77 0.96 1.00 1.00 0.89 0.93 0.79 0.69 0.49 0.35

15 0.55 0.00 0.51 0.75 0.86 0.84 0.85 0.82 0.80 0.65 0.56 0.52 0.50 0.50 0.74 0.84 0.92 0.93 0.84 0.84 0.91 0.52 0.54 0.57

30 0.83 0.51 0.00 0.60 0.70 0.71 0.72 0.69 0.59 0.53 0.71 0.76 0.70 0.63 0.78 0.72 0.82 0.87 0.72 0.80 0.86 0.72 0.72 0.71

45 0.81 0.75 0.60 0.00 0.45 0.50 0.53 0.60 0.54 0.53 0.74 0.81 0.81 0.78 0.77 0.68 0.80 0.90 0.78 0.81 0.89 0.77 0.76 0.78

60 0.89 0.86 0.70 0.45 0.00 0.47 0.44 0.49 0.55 0.68 0.82 0.85 0.82 0.86 0.80 0.78 0.82 0.87 0.89 0.82 0.91 0.79 0.89 0.84

75 0.89 0.84 0.71 0.50 0.47 0.00 0.42 0.45 0.58 0.71 0.72 0.81 0.79 0.84 0.74 0.77 0.83 0.90 0.80 0.81 0.88 0.78 0.90 0.79

90 0.94 0.85 0.72 0.53 0.44 0.42 0.00 0.45 0.55 0.67 0.80 0.85 0.87 0.85 0.70 0.75 0.81 0.82 0.80 0.76 0.90 0.80 0.92 0.84

105 0.93 0.82 0.69 0.60 0.49 0.45 0.45 0.00 0.56 0.67 0.75 0.84 0.87 0.81 0.73 0.80 0.87 0.86 0.85 0.85 0.93 0.86 0.91 0.87

120 0.87 0.80 0.59 0.54 0.55 0.58 0.55 0.56 0.00 0.50 0.71 0.83 0.82 0.84 0.76 0.74 0.79 0.84 0.82 0.78 0.81 0.75 0.94 0.83

135 0.81 0.65 0.53 0.53 0.68 0.71 0.67 0.67 0.50 0.00 0.55 0.74 0.75 0.74 0.73 0.74 0.83 0.90 0.83 0.84 0.84 0.68 0.78 0.75

150 0.46 0.56 0.71 0.74 0.82 0.72 0.80 0.75 0.71 0.55 0.00 0.36 0.42 0.57 0.73 0.85 0.87 0.89 0.77 0.86 0.80 0.65 0.46 0.43

165 0.37 0.52 0.76 0.81 0.85 0.81 0.85 0.84 0.83 0.74 0.36 0.00 0.35 0.53 0.83 0.90 0.94 0.95 0.87 0.91 0.90 0.72 0.49 0.42

180 0.38 0.50 0.70 0.81 0.82 0.79 0.87 0.87 0.82 0.75 0.42 0.35 0.00 0.47 0.77 0.92 0.96 0.97 0.85 0.88 0.84 0.63 0.43 0.41

195 0.59 0.50 0.63 0.78 0.86 0.84 0.85 0.81 0.84 0.74 0.57 0.53 0.47 0.00 0.65 0.71 0.80 0.79 0.74 0.70 0.78 0.66 0.62 0.52

210 0.77 0.74 0.78 0.77 0.80 0.74 0.70 0.73 0.76 0.73 0.73 0.83 0.77 0.65 0.00 0.48 0.65 0.64 0.76 0.65 0.82 0.60 0.78 0.81

225 0.96 0.84 0.72 0.68 0.78 0.77 0.75 0.80 0.74 0.74 0.85 0.90 0.92 0.71 0.48 0.00 0.51 0.52 0.57 0.57 0.61 0.65 0.83 0.84

240 1.00 0.92 0.82 0.80 0.82 0.83 0.81 0.87 0.79 0.83 0.87 0.94 0.96 0.80 0.65 0.51 0.00 0.46 0.52 0.53 0.57 0.68 0.91 0.94

255 1.00 0.93 0.87 0.90 0.87 0.90 0.82 0.86 0.84 0.90 0.89 0.95 0.97 0.79 0.64 0.52 0.46 0.00 0.49 0.39 0.53 0.71 0.96 0.93

270 0.89 0.84 0.72 0.78 0.89 0.80 0.80 0.85 0.82 0.83 0.77 0.87 0.85 0.74 0.76 0.57 0.52 0.49 0.00 0.36 0.50 0.64 0.88 0.82

285 0.93 0.84 0.80 0.81 0.82 0.81 0.76 0.85 0.78 0.84 0.86 0.91 0.88 0.70 0.65 0.57 0.53 0.39 0.36 0.00 0.44 0.62 0.88 0.89

300 0.79 0.91 0.86 0.89 0.91 0.88 0.90 0.93 0.81 0.84 0.80 0.90 0.84 0.78 0.82 0.61 0.57 0.53 0.50 0.44 0.00 0.40 0.83 0.81

315 0.69 0.52 0.72 0.77 0.79 0.78 0.80 0.86 0.75 0.68 0.65 0.72 0.63 0.66 0.60 0.65 0.68 0.71 0.64 0.62 0.40 0.00 0.64 0.68

330 0.49 0.54 0.72 0.76 0.89 0.90 0.92 0.91 0.94 0.78 0.46 0.49 0.43 0.62 0.78 0.83 0.91 0.96 0.88 0.88 0.83 0.64 0.00 0.40

345 0.35 0.57 0.71 0.78 0.84 0.79 0.84 0.87 0.83 0.75 0.43 0.42 0.41 0.52 0.81 0.84 0.94 0.93 0.82 0.89 0.81 0.68 0.40 0.00

for segmentatingimagesto group views into aspects.Each view is initially
considereda distinctaspectcharacteristicview. Next, weselectthetwochar-
acteristic views with the lowest global distanceare chosenas the initial
candidatesto be merged. In general, two aspectscan be merged as long as
the upperboundsare not violated for each view in the merged aspects.In
each iterationthetwomostsimilar aspectswhich canbemergedaregrouped
together. Thecharacteristicview for thenew aspectis theview which mini-
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mizesthedistanceto all otherviewsin theaspect.Thesimilarity betweentwo
aspectsis de�ned as the similarity of their respectivecharacteristic views.
It is possiblethat for a givenobject there maybe several non-neighboring
view classeswith similar characteristicviews. This will restrict the degree
of groupingthat canbeperformedwith theseview classes.However, this is
only likely to occurfor highly regular “featureless”shapesandwill not bea
problemin databasescontainingcomplex free-formshapes.

TableIII. Theaspect-combinationalgorithmusedto merge theviewsof an objectinto aspects.

1. Considerevery view to be an aspectand its own characteristicview. An objectwith
�

viewswill initially contain
�

aspectscomposedof 1 view.

2. Computethedistancebetweeneach neighboringcharacteristicview.

3. Selectthepair of characteristicviewswith theminimaldistance:

a) If they are within each others groupableboundaries,combinethetwo aspectsinto a
singleaspect.

b) Theview with theminimal distanceto other view in the new group/aspectbecomes
thenew characteristicview for thataspect

4. Recomputethedistancesbetweentheneighboringcharacteristicviews.

5. Repeatsteps3 and4 with thenew characteristicviewsof theformedaspects.

6. Theprocessendswhenthere are no aspectviews that canbe groupedwithout violating
theaspectboundaries.

Thisprocessis repeatediteratively until all views which canbegrouped
withoutcrossing“upper boundaries”are merged.Theendresultis a setof
aspectsandassociatedcharacteristicviewsfor each aspect,with thenumber
of aspectdependingon thecomplexity of theobjectaswell asthesensitivity
of the shapedis-similaritymetric.Theresultsof the groupingis not unique
to theorder by which theclassesare processedsinceeach objectis handled
in an independentmannerand the order of merging is determinedby the
shapedistances.Figure 7 showsthe characteristicviews of variousobjects
in the database, locatedby using two shapemetrics,curve matching and
shock matching. The differencesthat are due to the different metricssuch
as thenumberof characteristicviews per object,will be discussedin detail
in Section5.1. Thesecharacteristic views are thenusedin the recognition
frameworkdescribedin Section3.

The traditional aspectgraph createsa full graph structure with stable
viewsasnodeswith edgesrepresentingthetransitionsbetweenstableviews.
Currently, in our approach nodesrepresentsviewswejudgestable. However,
the edgesare not usedin the recognition phase, only in the merging phase
(describedin Section4). We feel that theseedgesand transitionswill be of
usewhentheprocessis movedto thefull viewing sphere.
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Model Curve-BasedCharacteristicViews Shock-BasedCharacteristicViews
            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Figure 7. An exampleof prototypicalviews chosenusingcurve matching(left) andshock
matching(right) on variousmodelsincludedin our database.Observe that the shock-based
metric consistentlyproducesfewer characteristicviews thancurve matching.Fewer charac-
teristicviewswith thesamerecognitioncapabilityimpliesthatshockmatchingprovidesmore
ef�cient characteristicview generationfor usein recognition.
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Object 1

Object 2

Object 3

Object 4

Object 1

Object 2

Object 3

Object 4

Figure 8. An illustration of the constructionof our database.To constructthe databaseof
objects,theprototypicalviews(shown asthesolidcircles)of eachobjectareusedto represent
theobject.

3. 3D Recognitionby Matching 2D Characteristic Views

Thedatabaseof objectviews usedin recognition is thenthecombinedpool
of characteristic views resultingfrom the aspect-graph generation phase1,
Figure 8. Theconstraint that “upper bounds” for each aspectare not vio-
lated in the aspectgeneration ensures that the distancebetweeneach view
in an aspectand its characteristic view is guaranteedto be lessthan the
distancebetweenthis view and any other aspect's characteristicview. This
is a vital elementwhich for an aspect-separabledatabaseleadsto successful
recognition.

1 Sincethe focusof this researchis on the performanceof an aspect-basedrecognition
scheme,we assumethaterrorsdueto segmentationandacquisitionarenotpresent.
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DEFINITION 1. (AspectRadius): The radiusof an aspect�

�

� is themax-
imum distanceof the views in the aspectfrom its characteristicview

�

�

� ,
i.e.,
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DEFINITION 2. (Aspect-Separable): Consideradatabaseof � objects
�

�

� ���������

� 	 �

projectingviews
���

�

�

�������

�

	

�

� with associatedaspects�

�

� andcharacteristic
views

���

�

�

� satisfyingcriteria 1 and2. The groupingof objectviews into
aspectsis aspect-separable if for any pair of distinctcharacteristicviews

�

�

�

and
�
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� we have
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(3)

for all pairsof distinctaspects�

�

� and �

�

� .

THEOREM1. Givenanunknown view
�

�

� , selectedfromanaspect-separable
groupingof adatabase,theobjectidentity � andaspect� is correctlyidenti�ed
by thecharacteristicview which hastheminimumshapemetricvalueto the
unknown view, i.e.,
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Proof 1 Without lossof generality, let
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 . For all characteristicviews
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� , by thetriangle inequalityandmonotonicity
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Since, by hypothesis
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wehaveby summingInequalities(4) and(5) andsubtracting � �
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Object 2

Object 4Object 3

Object 1

Figure 9. In anaspect-separable grouping,recognitionwill besuccessfulif thedistancebe-
tweenan unknown view (red square,object 1) and the characteristicview of the aspectit
belongsto (matchrepresentedby blueline) is lessthenthedistanceto all othercharacteristic
views (all otherlines).

It is obviousthat thesuccessof recognition is dependenton thedistinct-
nessof theviewsproducedfromtheobjectsin thedatabasewhich allowsfor
aspect-separable grouping. This is the casein all recognition systems,i.e.,
that if the set of objectsare very similar in nature,the recognitionperfor-
manceof a view-basedapproachwill suffer. Figure9 illustratestheprocess
of recognition,i.e., that the characteristicviews of eachobjectareusedto
recognizea novel view andthat thesuccessof matchingis contingentupon
theunknown view having thelowestcostbetweenitself andthecharacteristic
view of it aspect.

While theprocesswe have describedhereis relegatedto theground-level
of theviewing sphere,it is conceptuallynot dif�cult to extendthis to views
from the entire sphere.Insteadof a right and left boundaryat eachview,
therewould be a closed2D boundary-curve surroundingeachviewpoint.
Again a region-growing approachwould be usedto iteratively merge the
views with thelowestdis-similaritywithin eachother's boundaries,themain
differencebeingthat this would bea true2D region growing algorithm.We
haveperformedsomepreliminaryexperimentswith veryencouragingresults.
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4. Hierarchical Recognition

The taskof matchingeachunknown view to all characteristicviews canbe
time consumingrelative to the on-line natureof matchingthe query. Sim-
ilarly, the task of matchingeachpair of views for an object can be time
consumingrelative to the off-line natureof databaseconstruction.The fact
thatwehaveusedametricin therecognitionapproachalsoallows for signif-
icant pruningof unlikely optionsusingthe triangleinequality. This is done
by re-posingthecurrenttaskof �nding the � nearestcharacteristicviews to
theunknown view to thetaskof pruningunlikely aspectsin apre-processing
step.

This pre-processingis basedon two ideas.First, the notionsof aspect
boundaryfor eachcharacteristicview in De�nition 1 andaspectseparability
ensurethatif for someview

���

� andsomecharacteristicview
�

�

� wehave

� �

� �

�

�

�

�

�


	�

�

�

�

�

(6)

it is certainthat
� �

� is not aview in thataspect.Moreover if this holdsfor all
prototypicalviews

�

�

� of anobject � , theobject � canberuledoutaltogether.
Second,we now extend the processof merging aspects,that was per-

formedduringthedatabaseconstructionphase,to continuebeyondthepoint
whereit hadstopped.This processhadbeenstoppedvia Theorem1 to guar-
anteetheresultof the“nearestneighbormatch”.Sincethetaskhasnow been
changedto “pruneunlikely matches”,thegroupingprocesscancontinueby
disregardingtheupperboundaries,de�ned by Criterion2, in orderto obtain
aspectsof coarsergranularity. The groupingcontinuesuntil the numberof
aspectsof eachobjectreachesa �x ednumber2.

Thiscoarse-scalerepresentationof aspectswith anassociatedcharacteris-
tic view andradiusfor each,allows theunlikely aspectsto beprunedquickly
without evaluatinga distanceto all characteristicviews.Speci�cally, theun-
known view

�
�

� is only comparedto the characteristicviews in the coarse-
scalerepresentation.If Equation6 is satis�ed, that aspect,andthusthe as-
sociated�ner-scaleaspects,areall removedfrom furtherconsideration.This
canbedonehierarchicallyfor compoundedsavings.

5. Experimental Results

To testthesuccessof theobjectrecognitionprocessdescribedherewegener-
atedunknown views of objectsin our databaseby takingbothprojectionsof
thesyntheticdataandpicturesof therealdataat randomviewing angles.We
constructedtwo databasesof prototypes,oneusingcurve matchingandone

2 Alternatively, groupingcancontinueuntil theradiusreachesa pre-determinednumber.
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Curve-BasedResults Shock-BasedResults

Unknown

Cost:

Cost:

Cost:

Cost:

Cost:

Cost:

Cost:

Cost:

Cost:

Cost:

Match1 Match2 Match3

0.202 0.316 0.335

0.258 0.479 0.711

0.355 0.378 0.413

0.197 0.199 0.418

0.339 0.385 0.394

0.187 0.213 0.353

0.109 0.253 0.283

0.098 0.163 0.217

0.159 0.570 0.614

0.221 0.245 0.347

Match1 Match2 Match3

0.207 0.215 0.225

0.073 0.153 0.185

0.075 0.189 0.202

0.221 0.358 0.410

0.180 0.247 0.250

0.342 0.351 0.411

0.153 0.261 0.265

0.153 0.199 0.205

0.267 0.377 0.413

0.093 0.099 0.101

Figure 10. The resultof matchingusing the shock-basedmetric (left) and the curve-based
metric(right). Unknown viewsof unknown objectsarematchedagainststoredprototypesand
orderedby increasingdistance.Thetop threematchesareshown. Notethatwhile theabsolute
valuesof costsin the two kinds of metricscannotbe directly compared,shock-matchingis
shown to be more effective in rank-orderingthe results.This might seemcounterintuitive
at a �rst glancesincethe top threematchesof the curve-basedresultsgenerallyappearto
correspondbetterto thequery. However, this is mainly dueto thegreatercapabilityof shock
matchingto representa larger aspectwith a singleprototype.For example,for the buffalo
(�rst example)the top threematchesof curve-basedmatchingareall incorporatedinto the
�rst matchin theshock-basedresults.
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TableV. Cumulative savingsdueto hierarchicalpruningof prototypes.

Numberof Prototypes AverageCumulativeSavings MaximumCumulativeSavings Minimum CumulativeSavings

4
���

% ��� % ��� %

8
���

% ��� % 	

�

%

with shockmatching.Thecurve matchingmetric is obtainedby �nding the
leastactionpathin deformingonecurve to another[37, ?], while theshock
matchmetric is computedby �nding the leastactionpathin deformingthe
shaperepresentedby its skeleton,or shockgraph[38]. Both aretruemetrics
which is crucial for the presentwork. The useandcomparisonof multiple
metricsrevealsdifferencesin the underlyingsensitivity of the shapemetric
as the shapemetric de�nes the boundariesusedin grouping,so a different
shapemetric might provide differentprototypes.Figure10 shows example
resultsof matchingunknown views againsttheshock-basedandcurve-based
databases.

Table IV. Results of matching unknowns using curve-based and shock-based
dis-similarity metrics. Notice that using the top three matchesresults in correct
identi�cation almostalways.

ObjectCorrectlyDetected BestMatch1 BestMatch2 BestMatch3 In Top2 Matches In Top 3 Matches

Curve-basedSimilarity 90.3% 74.2% 59.7% 96.7% 98.3%

Shock-basedSimilarity 95.2% 69.0% 57.5% 97.6% 100.0%

TableIV shows the resultsof matchinga setof unknown views against
our databaseusingcurve-basedandshock-baseddis-similarity metrics.Us-
ing curve-basedmatching,thetop threematchesleadto correctidenti�cation
ratesof (90%,74%,59%)while shock-basedmatchingleadsto (95%,69%,
57%). The cumulative recognitionrate, i.e., the fraction indicating correct
identi�cation from oneof thetoptwo andthreematchesleadto (96.7%,98%)
for curve-basedmatchingand(97.6%,100%)for shock-basedmatching,re-
spectively.

Therecognitionratefor aninitial databaseof 18objects,presentedin [12]
wasnot reducedwhenit wasextendedto thecurrentdatabaseof 64 objects,
despitethe fact that generallyas the sizeof the databasegrows substantial
therecognitionratesareexpectedto drop.We planto constructmuchlarger
databasesandinvestigaterecognitionratesasthesizeof thedatabasegrows.
We expect that the differencesin the curve-basedand shock-basedmetric
would becomemore signi�cant with larger databasesdue to the superior
discriminationcapabilityof shock-basedmatching[36, 39].
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TableV summarizesthe savings in termsof numberof objectsremoved
from furtherprocessingfor a two stagehierarchicalprocessthat groupsas-
pectsuntil eachobjecthas�rst eightandthenfour prototypes.Indexing into
the coarsest(4 aspects)representationremovesabouta third of the aspects
from furtherconsideration.Indexing into themediumlevel representation(8
aspects)removesanothertwentypercentof theoriginal total.

5.1. CURVE MATCHING VS. SHOCK MATCHING IN THE CONTEXT OF

ASPECT-GRAPH CONSTRUCTION

Wehaveusedtwometricson[?, 38, 35,25, 37] to makecomparisonsbetween
shapesto determinedis-similarity, onebasedoncurvematchingandtheother
basedonshockmatching.Theframework of theaspect-graphgenerationand
theprocessof recognitionis independentof theshapemetricused,sothis is
anopportunityto comparethesetwo differentmetrics.Themeasuresusedfor
shockmatchingandcurve matchingaremetricsby constructionsincethey
arisefrom theoptimalpathsof deformation.

A key differencethat arisesfrom using the two metricsis in the result-
ing selectionof prototypesdescribedin Section2. This is dueto the nature
of eachmetric and the relative weighting of shapedifferences.The curve
matchingmetricis moresensitive to achangein its outlinelayoutof ashape,
even thoughthestructureof theshapedoesnot change,this is illustratedin
Figure 4 wherethe leg in the middle of the projectionsunderthe red bar
“moves” from theleft to theright astheview changes.This presentsa fairly
large changein the curve becausenumerouspointson the curvesarebeing
altered,thereforethe costwill maintaina fairly high value.In contrast,the
comparisonof the sameseriesof views using the shockmatchingmetric
producesa lower level of cost sincethe underlyingstructureof the shape
doesnot changeacrosstheviews.Thesedifferencescauseanincreasein the
numberof prototypesgeneratedusingcurve matchingasthe upper-bounds
on aspectboundariesdescribedabove arenot aslargeasthosegeneratedby
shockmatching.Figure11 shows anexampleof thedifferencesin theaspect
boundariesformedby thetwo metrics.Thedifferencein costsis alsoevident
in Table I andTableII wherethe views within the boundariesare in bold.
Theselargerandmorestableboundariesallow a greaternumberof views to
begroupedthanthecurve matching,asis evidentfrom Figure7.

6. Conclusions

We have presenteda methodto generatean aspect-graphrepresentationof
complex shapesusingthedis-similarity betweenneighboringviews to gen-
erateaspectsandto selectprototypesfor each.Thesetof prototypicalviews
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(a) (b)
Figure 11. An illustration in the differencesin the aspectboundariesgeneratedusing
curve-basedmatching(a) andshock-basedmatching(b). Thegraphin eachcaseis theshape
distancefrom acentralview to otherviews,plottedagainstrelativeviewing angle.Theresult-
ing aspectboundariesaretheredandbluelines.Theaspectboundariesusingtheshockmetric
form larger regions,asevidencedby the last threegraphs,wherethe left andright boundary
holdsit positionacrossseveral viewpoints,on theaspectupperboundarieslocatedusingthe
curve matchingmetricaresmalleranddonotholdpositionsacrossasmany view points.This
leadsto abetterclusteringof shock-basedviewsandareductionin thenumberof shock-based
prototypes.

obtainedfrom each3D object is thencastin hierarchyandconstitutesour
database.In thecourseof recognitiontheunknown view is comparedagainst
the set of prototypeshierarchically. At the coarselevels thoseprototypes
whosedistanceto queryis larger thantheradiusassociatedwith eachproto-
typearepruned.At the�nest scale,thecomparisonusesrank-orderingamong
remainingprototypes.The result is that the top threechoicesin our experi-
ment herealways picked the correctobject prototypesfrom our database,
whoseidentitycanthenbefurtherveri�ed beexaminingspeci�c viewswithin
theselectedaspect.Thereis anissueof samplinginherentin any methodthat
operatesby partitioning the viewing sphere.Speci�cally, the frequency of
view acquisition(5 degreesin this paper)will bea parameterwhich in con-
junction to the shapecomplexity of databaseobjectsdeterminesthe overall
recognitionaccuracy. Wehave chosen5 degreesasoursamplerateasamin-
imal incrementwhichallows for timely experiments.Thetime to createeach
object'ssetof aspectsbasedon5-degreeincrementis listedin TableVI. More
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TableVI. Theperformanceinformationrelatedthe to tasksperformed
in object recognition.Improvementsin shock-matchingspeedssince
theseexperimentswere �rst ran indicate two orders of magnitude
improvements[39].

Action CurveMatching ShockMatching

DatabaseConstruction 6 hours 11hours

Recognition 20minutes 45minutes

PostEstimation 3 minutes 5 minutes

examplesareavailableonlineat“http://www.lems.brown.edu/vision/researchAreas/3DRecog/overview.html”
for examination.

Acknowledgments:BenjaminKimia acknowledgesthesupportof NSFgrantIRI-
9700497.
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