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Abstract. This paperdescribesa view-basedmethodfor recognizing3D objectsfrom 2D

imagesWe emplog/ anaspect-graplstructure wherethe aspectsarenot basedon the singu-
larities of visualmappingbut areinsteadformedusinga notion of similarity betweernviews.

Speci cally, the viewing sphereis endaved with a metric of dis-similarity for eachpair of

views andthe problemof aspectgenerationis viewed as a "segmentation”of the viewing

spheranto homogeneoueegions. Theviewing spherds sampledat regular (5 degree)inter-

vals and an iterative procedurds usedto combineviews usingthe metric into aspectswith

a prototyperepresentingeachaspectjn a "region-graving” regime which standsin contrast
to the usual’edgedetection”stylesto computingthe aspecgraph.The aspecgrowth is con-

strainedsuchthattwo aspectof an objectremaindistinctunderthe given similarity metric.

Oncethe databaseof 3D objectsis organizedas a set of aspectsand prototypesfor these
aspectdor eachobject,unknavn views of databas@bjectsarecomparedvith the prototypes
andtheresultsareorderedby similarity. We usetwo similarity metricsfor shapepnebased
on curve matchingandthe otherbasedon matchingshockgraphs,which for a databasef

64 objectsandunknavn views of objectsfor the databaseive (90.3%,74.2%,59.7%)and
(95.2%,69.0%,57.5%), respectiely, for the top threematchesjdenti cation basedon the

top threematchess 98% and 100%, respectiely. The resultof indexing unknawn views of

objectsnot in the databaselso produceintuitive matchesWe also develop a hierarchical
indexing schemethe goal of which is to pruneunlikely objectsat an early stageto improve

theef ciency of indexing, resultingin savings of 35%at thetop level andof 55% at the next

level, cumulatively.

1. Intr oduction

3D objectrecognitionis the task of identifying a three-dimensionabbject
amonga setof knovn modelsor catgjoriesfrom someform of input data
(e.g., imagesyrangedata).Thisis a dif cult taskdueto thelarge numberof

dimension®f variability thatarisesfrom objectarticulation,occlusion view

pointvariation,illumination changesetc BeslandJain[6] motivatethe use
of anintermediate-heel representationio reducethe dimensionalityof the
task, wheremodel-dataand input-datacan be transformednto with equal
successThe type of representatiomisedis critical in the selectionand per

formanceof optimal objectrecognitionstratgies.While thereis a greatdeal
of variety in the intermediaterepresentationasedin existing objectrecog-
nition approachesnostcanbe viewedaseitherfocusingon attributesof the
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objects 3D geometryor attributesof its 2D projection classicallyreferredto
asdistinctionbetweerobject-centereglersusview-centeredepresentations.
We brie y discusghesebelow asthey arerelevantto the developmentof our
approachbut withoutemphasizinghe associatednatchingstrateies,which
arecoveredin severalsuneys [6, 8].

1.1. REPRESENTATIONS RELYING ON 3D GEOMETRY

In this approach.the 3D geometryof the objectis explicitly storedin a
databaseeither by specifyingit completelyor by describingaspectsof it
in theform of capturingcertainfeaturesjnvariants parts,ridges,andsurface
patchesFor example,the 3D objectshapehasbeenreducedo a setof fea-
turesin the form of critical points,cornersJine sggmentsetc.[11, 50, 9, 4,
20, 32, 22]. While no geometricinvariantsexist in generatlto relate3D and
2D models,a restrictionof the classof modelseitherby enforcinga generic
attribute suchassymmetryor by selectingparticularmodelshasbeenshovn
to leadto geometridnvariants[49, 48, 10].

The part structurehasalsobeenmadeexplicit in the 3D representation,
e.g., in the GEON-basedepresentatiorof Biederman[7]. Ridgeson the
surfacehave alsobeenusedasa critical featureset[19]. Partial surfacede-
scriptorshave beenusedby Fanetal. [16], Wongetal. [51], andFlynnand
Jain[17], wheresggmentationof a surfaceinto patchess representedby a
graph.Objectsurfaceshave beenfully representeih parametridorm, e.g.,
by usingsuperquadricE3], by implicit polynomialg23], or by skeletong29].

Drawbacksof the volumetricrepresentatiomcludelimitationsin gener
atingmodelsautomaticallythedif culty in recoreringthe3D geometryfrom
singleviews,thereliability of theresultingrepresentatiorgndthecompleity
of thematchingprocess.

1.2. VIEW-BASED OBJECT RECOGNITION

The goal of view-basedapproachess to represent 3D objectwith a setof
2D views, resultingin asigni cant reductionin dimensionalityby comparing
2D imagesratherthan comparing3D objects.Ef ciency mandateghat the
completesetof views, whichareredundanto somedegree mustbesomehw
reducedo aminimal set.Appearance-basedethodfocusonchangesn the
intensity distrikution in eachview and useprincipal componentanalysisto
capturethe main directionsof variationsasbrie y describedoelow. In con-
trast,aspect-grapimethodsocuson changesn the projectedgeometryand
groupviews boundedby transitionsof the geometryon the viewing sphere
into aspectsasdescribedn detailin Sectionl.3.
Appearance-basedMethods: Appearance-basadethodsrely on the simi-
larity of theprojectedntensityimageamongneighboringviews. Thesameth-
ods typically usea form of Principal ComponentAnalysis (PCA) on the
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image,which is consideredas a high-dimensionalector to determinethe
principal direction of variationsso thatonly a subsetf informationcanbe
retainedas adwocatedby the eigenmodelg46, 24]. Nayaret al. [30] used
Principal ComponentAnalysis (PCA) on input color imagesof knowvn ob-
jects, usingonly color and texture information. Speci cally, they construct
avectorfor eachnormalizedcolor channel(red, green,andblue) of images
generate@f knovn modelsat 7.5-dgreeincrementsThey performPCA on
thesevectorsto determinethe principal componentsndprojecteachvector
into the“eigenspace”whichis of signi cantly lower dimension Eachobject
thusformsits own manifoldin theeigenspacandthisis donefor eachobject
in a collectionof known objects.To performrecognition,PCA s performed
onthethreecolor channel®f theimageof anunknavn objectandtheresult
is projectednto the eigenspacef knowvn objects.The objectis recognizedf
all of its threevectorsarecloseto the manifoldformedby anobject.

Appearance-baseghethodscan be sensitve to changesnot embedded
in the training setincluding lighting changespbjectrotation,deformations,
viewing changesandocclusion.Sholonfandehetal. [41] built somerobust-
nessto thesevariationsby including a multi-scalestructureusinga wavelet
transform.In addition,the databasén appearance-basadethodscannotbe
updateddynamicallyasincrementachangesequirea recomputatiorof the
principaldimension.

1.3. THE ASPECT-GRAPH REPRESENTATION

Theaspect-graphepresentatiors aviewer-centeredepresentatioof athree-
dimensionalobject. The underlyingtheory was introducedby Koenderink
andvan Doorn [26, 27], who obsered that while for mostviews a small
changein the vantagepoint of an objectresultsin a small changein the
shapeof theprojectionof thatobject, for certainviewsthechangen projected
objectshapes dramatic.These“un-stable”views represent singularityin
thevisualmapping,or atransition They suggestedhata derivation of such
transitionboundariess agoodrepresentationf the object. Thestableviews,
alsocalledgenerl views, arewhatde ne anaspectTheaspect-graphepre-
sentatiorof anobjectis astructuredgraphof thesetof aspect®f thatobject,
wherethe edgesof the graphare the transitionsbetweentwo neighboring
stableviews anda changebetweeraspectss calledavisualevent.
Thecomputatiorof anaspect-grapm applicationsvasmadepossibleby
assuminghe objectsbelongto a limited classof shapesfor examplealgo-
rithmsweredevelopedor generatingheaspect-graphsf polyhedrd43, 40],
solids of revolution [14, 28], piece-wisesmoothobjects[42] andalgebraic
surfaceq31]. A sunwey of earlyresultscanbefoundin BowyerandDyer[8].
Previous work on generatinghe aspect-graplof an objecthasfocusedon
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two majorissues(i) howto derivetransitionsandformally de ne aspectgor
a large classof shapesand (ii) how to handlethe problemof scale.
Enlarging the classof shapes:Methodsfor generatinghe aspect-graplof
polyhedraweredevelopedin [43, 40]. SripradisarakulandJain[42] devel-
opeda methodologyto build anaspect-graphepresentatioof CAD models
for curved opaqueobjectsthatareatleast  smooth.To build their aspect-
graph,they computethe aspectsaindstableviews by usingtheir knovledge
of the potentialvisual eventsthat can be generatedrom a smooth,curved
object.By computingthe boundaryviewpointsfrom shapedescriptorghey
partitiontheviewpoint spaceandform their graph.KriegmanandPonceg 28]
alsodiscussthe approachof computingthe aspect-graplof solids of revo-
lution generatedrom an algebraiccurve. The singularitieswhich give rise
to visual events can then be determinedby a systemof equations,using
an orthographicprojectionon transparenbbjects.The boundarycurves on
the viewing spherewhich give rise to the visual eventsare computedand
views aregroupednto aspectaisingcylindrical algebraicdecompositiorand
marchingtechniquesRay tracing is usedto remove hiddenbranchedrom
the graph,andto meige neighboringaspectswith equvalentviews. These
stepsaredirectly equivalentto nding the rootsof a systemof polynomial
equationsyhich aresolvedwith the numericalmethodsof continuationand
symbolic elimination theory Petitjeanet al. [31] also developeda method
of creatingan aspect-graplof algebraicsurfacesby usingsingularitytheory
andthe catalogof visual events.This algorithmwasimplementedandtested
on varioussmoothobjects,andresultedn intuitive aspectswith eachobject
giving roughly 10-25aspectgerobject,dependingon the compleity of its
shape.

Despitethesegeneralizationgo fairly interestingclassesof shapesthe
problemof generatinghe aspect-grapbf free-formshape®f arbitrarycom-
plexity remainsunsolhed.

Handling scale:A secondroblemin thecomputatiorof aspect-graphis the
large numberof aspectsarisingfrom complex shapese.g., with nodecom-
plexity and foran -facedpolyhedron28, 43, 18]; while for
asmoothalgebraicsurfaceof degree it is and underorthog-
onalandperspectie projection,respectiiely. For a piecevise smoothsurface
consistingof  algebraicpatcheghatis homeomorphido a polyhedronit
is underorthogonaltransformation[40]. While theseestimates
are upperbounds,practical experiencesuggestghat indeedthe numberof
aspectss large. Thisis partially becausesmall-scalechangeshatmay never
be visually signi cant createadditionalnodesor modify existing nodesin
the aspect-graphpbsere how a bumpy suriace patchmay createnumer
ous aspectsvhich might never be obserable whenviewed by a nite-size
aperture[15, 40]. Eggertet al. [15] addressedhis issueby introducingthe
notionof scalein their aspect-graphepresentatiorBy relaxingthe measure
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usedto groupviews into anaspectthey reducethe numberof views required
to representn objectto a computationallyfeasiblenumber Speci cally, by
using a samplingrate parameteispecifyingsingularviews, the numberof
aspectganbebalancedetweerinef ciently largeandoverly simple.Using
this measure featurescan be meiged reducingthe set of features,which
determinesingularviews. Shimshoniand Ponce[40] presentan algorithm
for computingthe nite resolutionaspectf a polyhedron.They partition
the view spaceinto non-critical regions boundedby the transition curves
usingaplane-sweeplgorithmsuchthatadjacentegionswith identical nite
resolutionviews aremeiged.

Bellaire[5] presents methodof building a hierarchicarepresentatioof
anaspect-graplisingedge-acerelationshipsandcombiningaspectgudged
to be similar. Two views belongto the sameaspecif the sameverticesare
visiblein bothandthesamesdgesarevisiblein both,partiallyoccludededges
canbelocatedin both,and T-junctionsdivide the sameedgesn bothviews.
If thesecriteria are met, the views are judgedsimilar and meiged. There
may be aspectswhich are redundanidue to objectsymmetry In addition,
incorporatinga moreintelligentorderingof aspectssuchasan orderedtree
furtherreduceghesizeof thedataneededo fully represen& 3D object.
Characteristic Views: Ikeuchiand Kanade[22] describean objectrecog-
nition systemsimilar to the aspect-graplioy grouping“views” which have
similarfeaturesThefeatureshey useto decideon similarity is basedon ac-
quiredphotometricstereamagessuchasfacemovementfacerelationships,
faceshapegdgerelationshipsan extendedGaussianmage(a histogramof
surfaceorientations) and surface characteristidistribution (suchasplanar
cylindrical, elliptic, or hyperbolic).They usethesefeatureso groupsimilar
dataandform aninterpretationtreefor usein recognition.Theinterpretation
treeis formulatedin two parts,one on classifyingthe unknavn view into
the correctaspectthenthe secondoartdetermineghe actualpositionof the
unknavn view in thataspectThesuccessf thisapproachlike otherfeature-
basedsystemsgdominatedy the performancef choosingeaturesnstable
featurehoserbetweernviews cancausesigni cant problems.

Severalotherapproachearerelevant.BurnsandRisemarrepresenpoly-
hedralmodelsby anetwork of 2D descriptiongor expectedviews. Dickinson
etal. [13] usea probabilisticmodelto relatecharacteristiwiews of volumet-
ric primitivesdescribingpartsof objects WeinshallandWerman47] provide
aformal analysisof view likelihoodandview stability which canbe usedto
determinecharacteristiviews.

Sealesand Dyer [34] usethe featuresextractedfrom the occludingcon-
tours of polyhedralobjectsto determineviewpoint. The featuresthey use
arecontourT-junctionsandthe arrangementsf the sectionsof the contour
Thesefeaturesgive rise to regionswherethe viewpoint of the objectgives
rise to the sameoccludingfeatures(the T-junctions).This is analogougo
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the aspect-graphepresentatioin thatthereareregionsof views which are
judgedequalusing somemeasurejn this casethe set of featuresbetween
views.

1.4. PSYCHOLOGICAL FOUNDATION

Therehasbeena fair amountof psychologicalresearchperformedon the
role aspectplay (or moregenerallya singleview representinghatplays)in
objectrecognitionsinceKoenderinkandvanDoorn[26] rst presentedhem.
Bajcsyand Solina[2] discussRoschs hypothesig33] regardingthe process
of storingan objectin memory which statesthat objectsareformedinto a
setof catgories, wherebasiccatgyorieshave the highestievel of abstraction,
i.e., ageneralizeautlineform. As anexample furnitureis moregenerathen
a chairwhich is moregeneralthanan arm chair Objectsarerecognizedoy
comparingthe unknavn objectto theselevels of cateyorieswith an allow-
ableamountof deformation.This hypothesids similar to the aspect-graph
representatioof shapeijn thateachshapeis representedby a prototypical
shape(or view). Bajcsydescribesan objectrecognitionprocedurewhich is
built aroundRoschs hypothesisThe unknavn modelis recognizedy com-
paringit againstthe knovn objects' basiccatgories (prototypes),andthe
prototypewhich requiresthe leastdeformationsis choserastherecognized
object. Stone[44] exploredwhetherpeoplerecognizeobjectsusing certain
views (view-speci city hypothesispr by aseriesof rotationalviews (motion-
speci city hypothesis)By conductingexperimentonwhethersubjectsould
recognizeobjectassuccessfullyusingforwardrotationasbackwardrotation,
it wasfoundthatinformationfrom motion playsa partin objectrecognition
aswell asview-speci city recognition suchasprototypicalview storage.

Tarr andKriegman [45] performedresearcton the de nition of a view
in the context of humanperceptionThey performed ve experimentsusing
objectswith known aspectgraphsandtestedthe recognitioncapabilitiesof
peopleusingtheseobjects.They found that peopleare mostsensitve to the
viewpoint changesf the objectsat the transitionspredictedby the aspect
graphstructure This lendscredenceo thetheoryof usingtheseviews asthe
basisfor objectrecognition.

1.5. OVERVIEW OF OUR APPROACH

The goal of the aspect-graphepresentatiors to partitionthe viewing space
into aminimal setof views thatcanbe distinguishedasa groupto determine
view transitionscorrespondingp visualevents,e.g., asanew partcomesnto

view. Sincetraditionalmethodshasedon the singularitiesof visual mapping
arenotcurrentlyapplicableo comple free-formobjectsandalsooftenresult
in numerousaspectsn practice,we adoptan approachbasedon grouping
views into aspectsisinga notionof similarity betweernviews. Theprocesf



Figure 1. This databasef 64 objectsis constructedor 3D objectrecognitionexperiments.
Imageswith the black backgroundare 3D VRML modelswhoseviews are generatecby
projection.Imageswith theredbackgroundarereal objects(toys) whoseviews aregenerated
usinga turntableanddigital cameraThe databasdeatureshoth biological shapeganimals)
aswell asmanmadeobjects.Views weretakenat 15 degreeincrements.
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constructinganaspecgraphcanbeviewed asa sgmentatiorof theviewing
sphereOnecanthenabstractlyiew the singularity-base@specgeneration
approachas performing“edge detection”on the viewing sphereby analyz-
ing differencesetweenprojectionsof the 3D object.In contrastthe aspect
generatiomrmethodof usingsimilarity of adjacentviews canbe viewed asa
“region-graving” segmentatiorapproachwhich hastwo distinctadvantages.
First,thesalienceof a singularityin the visualmappingis relatednot only to
its own signi cance but alsoto the lack of sucheventsin its neighboring
views. Secondthe groupingof similar views canbe doneexclusiely in the
domainof 2D imageswithout requiringor restricting3D representationef
shape.

The paperis organizedasfollows. Section2 discussesghe notations how
aspectsand characteristiosziews for eachare generateasedon the simi-
larity metric in a mannerthat keepseachaspectistinct underthis metric.
Section3 de nesthe conceptof anaspect-separabfiroupingin a database,
which ensureghatrecognitionby rank-orderedsimilarity-basedndexing in
thecollectionof characteristiwiews correctlyidenti es the object.Sectiond
recognizeshe needfor early pruningof distantcharacteristizviews by hier
archicallydiscardingaspects$n severalscalesSection5 describesheresults
of experimentswith a databasef 64 syntheticandreal 3D objects,with a
discussioron the effect of usingdifferentmetrics.This work waspreviously
introducedn a conferencegaperf12].

Figure 2. Projectionsaretaken of the objectat regular intervals andthis setof 2D views is
usedto representheobject.
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Figure 3. Two objects(“kangaroo”and“bull”) from the databasaredepictedon theleft. On
theright we shav arangeof views from the groundplanein ve degreeincrementsCircled
views represenprototypicalviews. Aspectboundariesreverticallinesin green.

2. Similarity-based Aspect-Graph

2.1. NOTATIONS AND DEFINITIONS

The processof generatingviews, aspectscharacteristicviews, and shape
changesetweenviews is illustratedin several gures beforethe notation
is formally describedFigures2, 3, and4 highlight the generatiorof views,
shav anexampleof aspectandcharacteristioviews for eachaspectfor two
objects,anddepicthow the shapechangesasthe angleat whichit is viewed
is changedrespectiely. Theshapeagenerallyholdsalevel of consisteng and
gradualchangeuntil a signi cant changetlakesplace,e.g., asa leg becomes
unoccludedBy measuringhis similarity betweeradjacentviewsaspectxan
be generted.Formally, werequire that the viewing sphee be endowedwith
ametric indicating“distance” betweertwo viewswhich measuesthe dis-
similarity betweerthe projectedviews of the object.We shall usetwo sud
metricsin this paper onebasedon curve matding and the other basedon
sho& matding; however, othermetricscanalsobeused.
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Figure4. An exampleof how theprojectedshapeof a 3D objectchangesstheviewing angle
changesandhow signi cant shapechangesanbe usedto determinebordersof aspectsThe
resultsof our approachs shavn in the bottomwhereeachaspecis coveredby a distinctbar
andwherethe characteristiview for thataspecis circled.

Object is Represgnted by Object is Represented by
Individual Views Views Grouped into Aspects

Figure 5. Theaspect-graphepresentationf a 3D objectby 2D views. Theobjectbeingcon-

sidered(rhino modelin this case)is representedhitially by all views alongthe ground-viev,
but oncethe aspect-graplof the modelis derived, views judgedsimilar by somemetric are
groupedandrepresentetly aprototypicalview. Eachsmallcircle representaview, andviews
in the sameaspectare shaving the samecolor, with the characteristioziews of eachaspect
lled in.

Letthere be objects , which comprise
an objectdatabasgeFigure 1. Ead objectis composeaf M views sampling
theviewing sphee, whee  denoteghe view of
object .Theefor, thefull databaseonsistof views.For simplicity

we take theseviews along the ground-viev in this paper The goal of our
appmoad is to minimizethe set of views required to representead object
. Theaspect-grapls a graphwhele eat of thenodess a prototypicalor
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characteristioziew representingone or more neighboringviews which have
beengrouped.Thus,nsteadof representingead object  with thefull setof
views,a reducedsetof characteristicviewsis used Figure 5. Werepresent
aspect of object as , a collectionof views ranging from to
and representediy the characteristicview , whee( , ) are

theleft andright aspectadii,

We representthe dis-similarity of two views as , Which is the dis-
tancebetweenthe view of object andthe  view of object . The
dis-similaritymeasuedis required to be a metric,in our casea curve-based
or a shok-basedsggmentedshapedis-similaritymetric. Themetriccanalso
include non-shapeproperties,but the propertiesof a metric cannotbe vio-
lated in incorporating additional featues as thesepropertiesare crucial to
theapproad.

2.2. GENERATION OF ASPECTS AND CHARACTERISTIC VIEWS

Weimposesereral criteria which are requiredin orderto maintainsuccessful
objectrecanition while formingaspectsepresentedy characteristicviews.
First, we require views to monotonicallychange within ead aspectstarting
fromtheaspect characteristicview.

CRITERIONL1. (LocalMonotonicity)Foreachcharacteristiwiew ,there
existsaninteger suchthat

(1)

This criterion is a natural oneto expect:the dis-similarity of two views in-
creasesastheir relativeviewing angleincreasesat leastfor somerange of
angles.The criterion relieson a sufcient samplingrate i.e., that for the
views betweerntwo samplesviews the monotonicityconditionstill holds.In
absencef a view “samplingtheoem” we statean assumption:

ASSUMPTIONL1. (Samplingsufciency): The view-samplingrateis suf-
ciently high that unsampledviews betweensampledviews also satisfy the
monotonicitycriterion.

Giventhat we have sampledour views every ve degyrees,we havenot
notedtheappeaanceof “surprise” views.A violation of thisassumptiomay
leadto recaynition errors. A further formalizationof a “sampling theoem”
clearly depend®n the shapeof the objectsandis a challengingtask.

Observethat as the differencebetweerthe viewing directionsincreases,
the dis-similarity is eventuallyreduced thuslimiting the sizeof an aspect.
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Figure6. Criterion2 constraingheupperimits of theboundarywiews and of anaspect
for eachview; and arethe aspectadii, i.e. views mostdistantfrom the characteristic
view candidatewhich are belov the value of the global minimum outsidethe monotonic

region. Typically several valuesare possible,eg, ~ and , but only the set satisfying
criterion1 is used.Theabove graphis generatedrom theapemodel.

An effectivedis-similarity metricis onewith a large basinof monotonically
distantviews. While the monotonicityconditionlimits the sizeof an aspect
centeed arounda candidatecharacteristicview, the metric of dis-similarity
shouldbeableto differentiatebetweerviewsthatshouldbeconsideedin the
sameaspectand otherviews. Theglobal minimumdis-similarity outsidethe
local monotoniaegion placesa seconcconstaint onthesizeof ead aspect.
Thisvalueis usedto restrictthelargestaspecto bethelocal areasatisfying

CRITERIONZ2. (Object-Speci cDistinctivenes®f Aspectviews) For each
aspect with prototypicaview ,wemusthave

for ary , and ,l.e,

()

Thatis, the distanceof eachview in anaspect  andthecharacteristic
view of thataspect is smallerthanthe distancebetweenary non-aspect
view  andthecharacteristiview , Figure6.

Thisconstaint leadsto a few possiblevaluesfor aspecboundariesThese
valuesare dependenon the characteristicview in relationto all otherviews.
Togetherwith themonotonicitycriterion, wederivea pair of unique“upper”
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Tablel. Table of curve-baseddistancebetweeneachview, at increments,of the sh object.
For eachrow, costsin bold specifyviews that arelocatedwithin the aspectoundarief the view

representedn that row. In our experimentswe include a thresholdof noise of 5% of the cost,
which operatesy discountingincrease®r decreasem costby lessthan5%. Thus,eachcandidate
characteristiziew hasa pair of upperlimits for the sizeof aspecit 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]0.380.34|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]0.250.00| 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|0.430.29| 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|0.320.34| 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| 0.170.11] 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| 0.140.46| 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|030/ 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.Tablesl and Il showexamplesof pairwise distancebe-
tweenviews, with boldfacenumbes indicating the computedoundariesof
an aspectof an objectin ead row with the cential view beingthe charac-
teristic view, usingcurvematding andsho& matding, respectivelySection
5.1.

With these“upper bounds”for the possibleaspectf eat view, we use
an iterative scheme mud like the “seededregion-giowing” methodused
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Tablell. Tableof shock-basedlistancebetweeneachview, at incrementspf the sh object.
Costsin bold specify views that are locatedwithin the aspectboundariesin our experimentswe
includeathresholdof noiseof 5% of the cost,which operatedy discountingncrease®r decreases
in costby lessthan5%. Notethatcomparedo curve-basedlistanceesultstheupperlimits 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|0.570.71| 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 sggmentatingimagesto group views into aspectsEad view is initially
consideeda distinctaspectharacteristicview. Next, we selecthetwo char-
acteristic views with the lowest global distanceare chosenas the initial
candidatedo be meged. In geneal, two aspectsan be meged aslong as
the upperboundsare not violated for ead view in the meiged aspectsin
ead iterationthetwo mostsimilar aspectsvhich canbemeigedare grouped
together The characteristicview for the new aspects the view which mini-
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mizeghedistanceo all otherviewsin theaspect.Thesimilarity betweeriwo

aspectss de ned as the similarity of their respectivecharacteristic views.

It is possiblethat for a givenobjectthere maybe several non-neighboring
view classeswith similar characteristic views. This will restrictthe degree

of groupingthat can be performedwith theseview classesHowever, thisis

only likely to occurfor highly regular “featureless” shapesandwill notbea

problemin databasesontainingcomple free-formshapes.

Tablelll. Theaspect-combinatioalgorithmusedto meige the views of an objectinto aspects.

1. Considerevery view to be an aspectand its own characteristicview. An objectwith
viewswill initially contain  aspectsomposeaf 1 view.

2. Computehedistancebetweeread neighboringcharacteristicview.

3. Selecthepair of characteristicviewswith the minimaldistance:

a) If they are within eadh others groupableboundariescombinethe two aspectsnto a
singleaspect.

b) Theview with the minimal distanceto other view in the nev group/aspecbecomes
thenew characteristicview for thataspect

4. Recomputéhedistancedetweerthe neighboringcharacteristicviews.
5. Repeasteps3 and4 with the new characteristicviews of the formedaspects.

6. Theprocessendswhenthere are no aspectviews that can be groupedwithout violating
theaspectboundaries.

This procesds repeatedteratively until all viewswhich can be grouped
without crossing“upper boundaries”are meiged. Theendresultis a setof
aspectsandassociatecharacteristicviewsfor ead aspectwith thenumber
of aspectdependingon the compleity of the objectaswell asthe sensitivity
of the shapedis-similarity metric. Theresultsof the groupingis not unique
to the order by which the classesare processedinceead objectis handled
in an independenmannerand the order of meging is determinedby the
shapedistancesFigure 7 showsthe characteristic views of various objects
in the databasglocated by using two shapemetrics, curve matding and
sho& matding The differencesthat are dueto the different metricssud
asthe numberof characteristicviews per object,will be discussedn detail
in Section5.1. Thesecharacteristic views are thenusedin the recaynition
framevork describedn Section3.

The traditional aspectgraph createsa full graph structue with stable
views as nodeswith edgsrepresentinghetransitionsbetweerstableviews.
Currently in our approac nodesrepresentsyiewswejudge stable However,
the edges are not usedin the recaynition phase only in the meging phase
(describedn Sectiond4). We feel that theseedges and transitionswill be of
usewhenthe processs movedto thefull viewing sphee.
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Figure 7. An exampleof prototypicalviews chosenusing curve matching(left) and shock
matching(right) on variousmodelsincludedin our databaseObsere that the shock-based
metric consistentlyproducesfewer characteristioviews thancurve matching.Fewer charac-
teristicviews with thesamerecognitioncapabilityimpliesthatshockmatchingprovidesmore
ef cient characteristiziew generatiorfor usein recognition.
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Figure 8. An illustration of the constructionof our databaseTo constructthe databasef
objects theprototypicalviews (shavn asthe solid circles)of eachobjectareusedto represent
theobject.

3. 3D Recognitionby Matching 2D Characteristic Views

The databaseof objectviews usedin recaynition is thenthe combinedpool
of characteristic views resultingfrom the aspect-gaph geneation phasé,
Figure 8. The constaint that “upper bounds” for ead aspectare not vio-
lated in the aspectgeneation ensuesthat the distancebetweeread view
in an aspectand its characteristic view is guaranteedto be lessthan the
distancebetweerthis view and any other aspect characteristicview. This
is a vital elemenwhich for an aspect-separabtiatabasdeadsto successful
recanition.

! Sincethe focus of this researctis on the performanceof an aspect-basetecognition
schemewe assumehaterrorsdueto sgmentatiorandacquisitionarenot present.
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DEFINITION 1. (AspectRadius) Theradiusof anaspect  is themax-
imum distanceof the views in the aspectfrom its characteristioview
i.e.,

DEFINITION 2. (Aspect-Sepable) Considermdatabasef objects
projectingviews with associate@spects  andcharacteristic
views satisfyingcriteria 1 and 2. The groupingof objectviews into
aspectss aspect-sepable if for any pair of distinctcharacteristioviews

and wehave

®3)

for all pairsof distinctaspects and

THEOREML1. Givenanunknavnview ,selectedromanaspect-separable
groupingof adatabaseheobjectidentity andaspect is correctlyidenti ed

by the characteristizview which hasthe minimum shapemetric valueto the
unknavn view, i.e.,

Proof 1 Withoutlossof geneality, let bethe mostdistantview from
in aspect  sud that . For all characteristicviews
distinctfrom , bythetriangle inequalityand monotonicity

(4)
Since by hypothesis

®)
we haveby summingnequalities(4) and (5) and subtracting we
have
Finally, since ,

wehave
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Figure 9. In anaspect-sepable grouping,recognitionwill be successfuif the distancebe-
tweenan unknavn view (red square,object 1) andthe characteristioview of the aspectit
belongsto (matchrepresentedy blueline) is lessthenthe distanceo all othercharacteristic
views (all otherlines).

It is obviousthat the succes®f recanition is dependenbn the distinct-
nessof the views producedromthe objectsin the databasevhich allowsfor
aspect-sepable grouping Thisis the casein all recgnition systemsi.e.,
thatif the setof objectsare very similar in nature,the recognitionperfor
manceof a view-basedapproactwill suffer. Figure9 illustratesthe process
of recognition,i.e., that the characteristiocviews of eachobjectare usedto
recognizea novel view andthatthe succes®f matchingis contingentupon
theunknavn view having thelowestcostbetweeritself andthecharacteristic
view of it aspect.

While the processwve have describedereis relegatedto the ground-leel
of the viewing spherejt is conceptuallynot dif cult to extendthis to views
from the entire sphere.Insteadof a right and left boundaryat eachview,
therewould be a closed2D boundary-curg surroundingeachviewpoint.
Again a region-graving approachwould be usedto iteratvely mege the
views with thelowestdis-similaritywithin eachothers boundariesthe main
differencebeingthat this would be a true 2D region growing algorithm.We
have performedsomepreliminaryexperimentswith very encouragingesults.
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4. Hierarchical Recognition

Thetaskof matchingeachunknavn view to all characteristioviews 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 databaseonstruction.The fact
thatwe have usedametricin therecognitionapproactalsoallows for signif-
icant pruningof unlikely optionsusingthe triangleinequality This is done
by re-posingthe currenttaskof nding the nearestharacteristiviews to
theunknavn view to thetaskof pruningunlikely aspectsn a pre-processing
step.

This pre-processings basedon two ideas.First, the notions of aspect
boundaryfor eachcharacteristiziew in De nition 1 andaspecseparability
ensurghatif for someview  andsomecharacteristiwiew ~ we have

(6)

it is certainthat  is notaview in thataspectMoreover if this holdsfor all
prototypicalviews  of anobject ,theobject canberuledoutaltogether

Second,we now extend the processof mewging aspectsthat was per
formedduringthe databaseonstructiorphaseto continuebeyondthe point
whereit hadstoppedThis processhadbeenstoppedvia Theoreml to guar
anteetheresultof the“nearesineighbomatch”. Sincethetaskhasnow been
changedo “prune unlikely matches” the groupingprocessancontinueby
disregardingthe upperboundariesgde ned by Criterion 2, in orderto obtain
aspectof coarsergranularity The groupingcontinuesuntil the numberof
aspect®f eachobjectreaches x ednumber?.

This coarse-scaleepresentationf aspectsvith anassociatedharacteris-
tic view andradiusfor each allows the unlikely aspect$o be prunedquickly
without evaluatinga distanceto all characteristioviews. Speci cally, theun-
known view is only comparedo the characteristioviews in the coarse-
scalerepresentationf Equation6 is satis ed, that aspectandthusthe as-
sociatedner-scaleaspectsareall removed from furtherconsiderationThis
canbedonehierarchicallyfor compoundedavings.

5. Experimental Results

Totestthe succes®f theobjectrecognitionprocessiescribecherewe gener
atedunknavn views of objectsin our databaséy taking both projectionsof
the syntheticdataandpicturesof therealdataat randomviewing angles We
constructedwo databasesf prototypespne usingcurve matchingandone

2 Alternatively, groupingcancontinueuntil theradiusreaches pre-determinediumber
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Figure 10. The resultof matchingusing the shock-basednetric (left) and the curve-based
metric(right). Unknown views of unknavn objectsarematchedagainststoredprototypesand

orderedby increasinglistanceThetop threematchesreshavn. Notethatwhile theabsolute
valuesof costsin the two kinds of metricscannotbe directly comparedshock-matchings

shavn to be more effective in rank-orderingthe results. This might seemcounterintuitve

ata rst glancesincethe top three matchesof the curve-basedesultsgenerallyappearto

correspondetterto the query However, this is mainly dueto the greatercapabilityof shock
matchingto represent larger aspectwith a single prototype.For example,for the buffalo

(rst example)the top threematchesof curve-basedmatchingare all incorporatednto the

rst matchin the shock-basedesults.
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TableV. Cumulatve savingsdueto hierarchicalpruningof prototypes.

| Numberof Prototypes | AverageCumulatie Savings | MaximumCumulatie Savings | Minimum Cumulatie Savings |

| 4 | % | % | % |

| 8 | % | % | % |

with shockmatching.The curve matchingmetricis obtainedby nding the

leastactionpathin deformingonecurve to another{37, ?], while the shock
matchmetricis computedby nding theleastactionpathin deformingthe

shaperepresentetby its skeleton,or shockgraph[38]. Both aretrue metrics
which is crucial for the presentwork. The useand comparisornof multiple

metricsrevealsdifferencesn the underlyingsensitvity of the shapemetric

asthe shapemetric de nes the boundariesusedin grouping,so a different

shapemetric might provide differentprototypes.Figure 10 shavs example

resultsof matchingunknavn views againsthe shock-basedndcurve-based
databases.

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

| ObjectCorrectlyDetected | BestMatchl | BestMatch2 | BestMatch3 | InTop2Matches | InTop3Matches |

| Cure-basedimilarity | 20.3% | 742% | 59.7% | 96.7% | 98.3% |

| Shock-base@imilarity | 95.2% | 69.0% | 575% | 97.6% | 100.0% |

TablelV shaws the resultsof matchinga setof unknawvn views against
our databaseising curve-basedand shock-basedlis-similarity metrics.Us-
ing curve-basednatching thetop threematchedeadto correctidenti cation
ratesof (90%, 74%,59%) while shock-basedhatchingleadsto (95%,69%,
57%). The cumulatve recognitionrate, i.e., the fraction indicating correct
identi cation from oneof thetoptwo andthreematchedeadto (96.7%,98%)
for curve-basednatchingand(97.6%,100%)for shock-basehatching,re-
spectvely.

Therecognitionratefor aninitial databasef 18 objects presentedh [12]
wasnot reducedvhenit wasextendedto the currentdatabasef 64 objects,
despitethe fact that generallyasthe size of the databaserows substantial
therecognitionratesare expectedto drop. We planto constructmuchlarger
databaseandinvestigaterecognitionratesasthe sizeof the databasgrows.
We expectthat the differencesin the curve-basedand shock-basednetric
would becomemore signi cant with larger databaseslue to the superior
discriminationcapabilityof shock-basedatching[36, 39).
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TableV summarizeshe savingsin termsof numberof objectsremoved
from further processingor a two stagehierarchicalprocesghat groupsas-
pectsuntil eachobjecthas rst eightandthenfour prototypesindexing into
the coarses{4 aspectsyepresentatiomemores abouta third of the aspects
from furtherconsiderationlndexing into the mediumlevel representatiol8
aspectsjemovesanothertwenty percenwof theoriginal total.

5.1. CURVE MATCHING VS. SHOCK MATCHING IN THE CONTEXT OF
ASPECT-GRAPH CONSTRUCTION

We have usediwo metricson[?, 38, 35,25, 37] to make comparisonbetween
shapeso determinadis-similarity onebasedn curve matchingandtheother
basedn shockmatching.Theframewnork of theaspect-grapheneratiorand
the processof recognitionis independendf the shapemetricused,sothisis
anopportunityto compareghesewo differentmetrics. Themeasuressedfor
shockmatchingand curve matchingare metricsby constructionsincethey
arisefrom the optimal pathsof deformation.

A key differencethat arisesfrom usingthe two metricsis in the result-
ing selectionof prototypesdescribedn Section2. This is dueto the nature
of eachmetric and the relative weighting of shapedifferences.The curve
matchingmetricis moresensitve to achangen its outlinelayoutof ashape,
eventhoughthe structureof the shapedoesnot changethis is illustratedin
Figure 4 wherethe leg in the middle of the projectionsunderthe red bar
“moves” from theleft to theright asthe view changesThis presents fairly
large changein the curve becauseaumerougpointson the curvesarebeing
altered,thereforethe costwill maintaina fairly high value.In contrastthe
comparisonof the sameseriesof views using the shock matchingmetric
producesa lower level of costsincethe underlyingstructureof the shape
doesnot changeacrosgheviews. Thesedifferencecauseanincreasan the
numberof prototypesgeneratedising curve matchingasthe upperbounds
on aspecthoundarieglescribedabove arenot aslarge asthosegeneratedy
shockmatching.Figurell shovs anexampleof thedifferencesn theaspect
boundariesormedby thetwo metrics.Thedifferencein costsis alsoevident
in Tablel and Tablell wherethe views within the boundariesarein bold.
Theselargerandmorestableboundariesllow a greatemumberof views to
begroupedthanthe curve matching,asis evidentfrom Figure?.

6. Conclusions

We have presentech methodto generatean aspect-graphmepresentatiorof
comple shapesusingthe dis-similarity betweenneighboringviews to gen-
erateaspectandto selectprototypedor each.The setof prototypicalviews
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(b)

Figure 11. An illustration in the differencesin the aspectboundariesgeneratedusing
cune-basednatching(a) andshock-basednatching(b). The graphin eachcaseis the shape
distancefrom a centralview to otherviews, plottedagainstelative viewing angle.Theresult-
ing aspecboundariearetheredandbluelines. Theaspecboundariesisingthe shockmetric
form largerregions,asevidencedby the lastthreegraphs wherethe left andright boundary
holdsit positionacrossseveral viewpoints,on the aspectupperboundariedocatedusingthe
curne matchingmetricaresmalleranddo not hold positionsacrossasmary view points.This
leadsto abetterclusteringof shock-baseuiews andareductionin thenumberof shock-based
prototypes.

obtainedfrom each3D objectis then castin hierarchyand constitutesour
databasdn the courseof recognitionthe unknavn view is comparedgainst
the set of prototypeshierarchically At the coarselevels those prototypes
whosedistanceto queryis largerthantheradiusassociateavith eachproto-
typearepruned At the nest scalethecomparisorusegank-orderingamong
remainingprototypes.Theresultis thatthe top threechoicesin our experi-
ment here always picked the correctobject prototypesfrom our database,
whosedentity canthenbefurtherveri ed beexaminingspeci ¢ viewswithin
theselectedspectThereis anissueof samplinginherentin any methodthat
operateshy partitioning the viewing sphere.Speci cally, the frequeng of
view acquisition(5 degreesin this paper)will be a parametewhichin con-
junctionto the shapecompleity of databasebjectsdeterminegshe overall
recognitionaccurag. We have choserb deggreesasour samplerateasa min-
imal incremenwhich allows for timely experimentsThetime to createeach
objects setof aspectbasedn 5-degreeincrements listedin TableVI. More
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TableVI. The performancenformationrelatedthe to tasksperformed
in object recognition.Improvementsin shock-matchingspeedssince
these experimentswere rst ran indicate two orders of magnitude

improvementq39].

‘ Action ‘ Curve Matching ‘ ShockMatching ‘
| Databas€onstruction| ~ 6hours | 1lhours |
| Recoghnition | 20minutes | 45minutes |
| PostEstimation | 3minutes | 5minutes |

examplesareavailableonlineat“http://www.lems.bravn.edu/visioneachAreasBDRecg/oveniew.html”
for examination.
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9700497.
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