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Abstract

We presentan aspect-gaphapproadc to 3D objectrecani-
tion wherethede nition of anaspecis motivatedoyitsrole
in the subsequentecanition step. Speci cally, we mea-
sure the similarity betweentwo views by a 2D shapemet-
ric of similarity measuringthe distancebetweenthe pro-
jected,segmentedshapesf the 3D object. Thisendowshe
viewing sphee with a metric which is usedto group sim-
ilar viewsinto aspectsand to representead aspectby a
prototype The sameshapesimilarity metric is thenused
to rate the similarity betweenunknownviews of unknown
objectsand stored prototypegto identify the objectand its
pose Theperformanceof this approach on a databaseof
18 objectseat viewedin ve dgyreeincrementsalongthe
groundviewing planeis demonstated.

1 Intr oduction
1.1 3D Object Recognition

The humanvisual systemhas an uncaniy ability to rec-
ognize objects from single views, even when presented
monocularyundera x edviewing condition. For example,
theidentity of mostof the 3D modelsin Figurel is imme-
diately clear The issueof whether3D objectrecognition
shouldrely on internal representationghat are inherently
three-dimensionale.g. thosedescribedby GEONs[3],
superquadricg2], deformablesolids [14], algebraicsur
faces [18], and CAD models, or on collectionsof two
dimensionalviews, e.g., as thoserepresentedby aspect
graphs[10], is still being explored. Psychoplgsical evi-
dencefor both views is strong[5, 3] andit is likely that
the representatioiis taskdependente.g. manipulationvs.
recognition. This paperexaminesa bottom-up, viewer
centeredriew of 3D objectrecognition.

Thereis ampleliteratureon recognitionfrom 2D views.
Nayaret al. [13] useprincipal componen@analysis(PCA)
on a setof objectviews to generatea distancebetweenan
unknovn view and prototypical views. Cootesand Tay-
lor [4] proposedanactive appearanceodel(AAM) which
learnsa statisticalmodelby training on a seriesof 2D im-
ages,Ulman and Basri [19] representachview aslinear
combinationof prototypicalviews.

The aspectgraphrepresentation[10, 11] identi es re-
gionsof the viewing spherewhere“equivalentviews” and

A

Figurel: These3D modelsrepresenbur initial databasef ob-
jectswhich were usedto evaluatethe performanceof the recog-
nition algorithm presentechere. (Our databasés composedof
VRML andAutocadmodelstakenfrom www.3dcafe.com)

neighborhoodrelationson the viewing spheregeneratea
graphicalstructureof views. Eachnodeof theaspecgraph
represents “general view”, or aspect,of the 3D object
andrepresents maximally connectedegion on the view-

ing sphere.Eachlink representsomevisual eventwhere
transitionsoccur betweentwo neighboringgeneralviews,
namely the accidentalviews. Aspectgraphshave been
de ned for polyhedra[17], solids of revolution [7], and
cunedobjects[12]. The maindravbackin this type of ap-
proachis in thecompleity of generatingaspectandin the
large numberof aspectsvhoselarge storageandsearctre-
guirementsareimpracticalfor objectsof modestcomplec-

ity. Eggertetal. [8] obsenedthatthe aspecigraphis often
basedon a level of detail not fully obsenablein practice
andexploreda notion of a scale-spacaspectgraphto re-
ducethe numberof views.

Our approachto 3D objectrecognitionalsorelieson a
parcellationof the viewing sphereto generatean aspect-
graph. Obsene that the problemof generatingaspectds



Figure 2: Aspectscan be generatedy groupingviews by the
similarity between2D shapesand representinggachaspectby a
prototypicalview.

highly integratedwith the problemof recognizinghoseas-
pects.Theview thataspectareprincipally generatedo re-
ducethe searchtime from indexing in a databasef objects
views motivatesthe use of the recognitionschemeitself,

ratherthanthe singularitiesof visual mapping,in de ning

the aspect.Speci cally, the shapesimilarity metric which
is usedto judgethe distancebetweertwo views shouldalso
be usedto generateaspects:views wheresimilarity drops
off ratherslowly shouldgeneratdarger size aspectsge.g.,

side views of four-leggedanimals,while regions of rapid
changein similarity shouldlead to smalleraspectse.g.,

frontal views of four-leggedanimals.

More speci cally, the shapesimilarity metric between
object outlinesendavs the viewing spherewith a metric
which can be usedto clusterviews into aspects,and to
representachaspectwith a prototypicalview. 3D object
recognitionis thentantamounto indexing atargetview into
the databasef prototypeviews and orderingtheseby the
shapesimilarity metric. Two key issuesareaddressedrirst,
how canasetof aspectandtheir prototypicalviewsbegen-
eratedn orderto copewith therequirementsf recognition.
Second,underwhat conditionsis this setof prototypical
views sufcient to achieve robustrecognition.

Our earlier work shaved that for a single three-
dimensionamodel,theposeof anunknavn view canbero-
bustly andaccuratelydeterminedy a hierarchicakcompar
isonof shapesimilarity of theunknavn view againstahier-
archicallyarrangedmultiresolutionaketof views. Speci -
cally, thiswork determinedhe poseof spiralvertebrafrom
singleX-ray imageshy comparisorio views generatedrom
a CT-generated3D modelto within 1-2 degrees [6]. We
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Figure3: Two objects(“*kangaroo”and“bull”) from thedatabase
aredepictedon theleft. Ontheright we shav all views from the
groundplanein ve degreeincrements.Circled views represent
prototypicalviews.

now shav thatnotonly pose but alsotheidentity of anob-
jectcanbedeterminedria a 2D shapesimilarity metric.

We madea numberof simplifying assumptiongo ex-
plore this concept. First, we only consideredviews gen-
eratedon one viewing plane, namelythosegeneratedhy
“walking around” the object, Figure 2. This reducesthe
numberof viewsfor this preliminarystageaimedat proving
theconcepthutis notafundamentalljlimiting assumption.
Secondwe assumehatthe objectis distinctenoughfrom
thebackgroundhateachview canbeeasilysegmented.

Our approachis thensummarizedasfollows. Each3D
objectmodelgivesrise to a numberof prototypicalviews,
Figure 3, which are selectedfrom the rangeof possible
views for eachobjectin the databaseFigure 1, Section
2. We examinetwo shapesimilarity metrics,onebasedon
curve matchingandthe otherbasedon shockgraphmatch-
ing, andconcludethatthe latteris moresuitedfor generat-
ing aspectandfor recognition. The recognitionof anun-
known view is doneby matchingit with storedprototypes
for eachobjectandby orderingthemaccordingo theshape
similarity metric. Theresultingmatchgivesthe identity of
the objectaswell asits pose,Section3. We discusamatch-
ing resultsin Section4.

2 Similarity-Based Aspects

We now discusshow a shapesimilarity metric, or alterna-
tively, a distancemetric betweentwo shapescan be used



Figure4: Theidealmetricshouldbe sensitie to sudderchanges
in shapedueto changedn view. Th e shockmatchingis more
sensitie to thesetransitionsasindicatedby the samplegraphof
the derivative of this distancewith changein viewing anglefor
the shockmatchingmetric (left) and the curve matchingmetric
(right). Bothindicatelargeregionsof similarity well (1), but curve
matchingmissessomesudderedgeq2).

to generateaspectn the viewing sphere.Let therebe
objects , whosesilhouettesform  dis-
tinct views for eachobject . Ourfull
databasef viewsthenconsistof views. Let thedis-
tancebetweentwo shape®r views and bedenoted
by . Let eachaspecbe de ned by a contiguous
collectionof views arounda prototype

Where and arede ned astheleft andright diame-
tersof theaspectinddependntheobject andtheproto-
typical view . An aspects typically de ned asthe set
of generallyequivalentviews boundedy accidentaliews.
We useshapesimilarity to de ne equivalentviews, but must
rst imposeseveral conditionson the metric. First, the
shapesimilarity metric shouldbe increasingas the view-
ing anglebetweentwo shapess increasedor somelocal
neighborhood:

Criteria 1 (Monotonicity) For ead view , there exists

a sud that

)

Figure6 plotsthe shapesimilarity metricfor a selectionof
eightviews (thosearein fact the prototypicalviews) asa

function of differencesin viewing anglefrom eachview.

Note thatthe similarity metricwe useis monotonicallyin-

creasingfor someneighborhoodaroundeachview. Sec-
ond, eachaspectandits prototypeshoulddifferentiatebe-
tweenaspectand non-aspectiews. But, rst we discuss
our choiceof shapesimilarity metric, which is critical to

thesucces®f therecognitionsystem.

2.1 ShapeSimilarity Metric

In previouswork [16, 15, 9], we have de ned shapesim-
ilarity metricsbasedboth on curve matchingandon shock
graphmatching. Both are metricsby constructionasthey
arise from optimal pathsof deformation. However, the
cune-basedmetric  is generally much fasterto com-
putethanthe shock-basednetric , typically 0.8 minutes
vs. 5 minuteswhen run on an SGI Indigo Il, 195 Mhz.
Both metricssatisfycriterial in thatthey both depictlocal
monotonicitywith viewpoint variation,althoughthe extent
of the neighborhood over which this holdsis greaterfor

thanfor , Figure4. More signi cantly, however, the
shockgraphmatchingmetric brings out importantdiffer-
encesarisingfrom a slight changein viewpoint. Figure4
illustratesthis by plotting the distancebetweentwo adja-
centviews, for eachview, asa function of viewing angle,
i.e., an estimateof the derivative of the metric with view-
pointchangesit eachpoint. Obsere how the shockmetric

depictssigni cant regions of similarity, notedby 1 in
Figure 4, while maintainingnoticeabledifferenceswhich
give riseto aspecboundariesnotedby 2 in Figure4. The
curve matchingmetric, on the otherhand, missessomeof
thesudderchangesn shapewith slight changesn view.

Thus, despitethe additional computationcost, we se-
lected , mainly for its larger extentof monotonicitywith
viewpoint variation, and its superiorsensitvity to signi -
cantview changedetweeradjacenwiews.

2.2 Generating Aspectsand Prototypes

The generationof aspectscan be viewed as a segmenta-
tion problem,not unlike that of intensityimages,but now
appliedto the viewing sphereendaved with a similarity
metric. Two approachesanbe adoptedn analogyto ap-
proachesof sggmentationof intensity images: (i) group
similar views, a region-graving approach,and (ii) detect
signi cant peaksin local differences,an edge-baseap-
proach. While the distinct peaksin Figure 4 can poten-
tially provide for anedge-basedpproactto generatingas-
pects,thatchangesansometimede diffused,promptsus
to adopta region-graving approach. We must rst place
additionalconstrainton de ning anaspecthoweverwhile
themonotonicityconditionlimits the sizeof anaspecten-
teredarounda candidateprototype the metric of similarity
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0.78
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0.79
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0.81

0.79

0.82

0.79

0.76

0.70

0.63

0.54

0.54

0.49

0.36

0.36

Table 1: The shapemetric betweenpairsof arbitraryviews.

Figure5: Criterion2 constrainghe upperlimits of the boundary
views and of anaspecfor eachview beyondthemonotonic
region. and  aretheviews mostdistantfrom the prototype
candidatevhich remainin themonotonicregionandarebelow the
globalminimum outsidethis region.

Costsin bold in eachrow show the region wherethe metric
satis escriterial and2, i.e., is monotonicandglobally selectve of the prototype.

shouldalsobeableto differentiatebetweeraspectndnon-
aspecviews:

Criteria 2 (Object-Speci ¢ Distinctiveness of Aspect
Views). For ead aspect with prototypical view ,
we musthave for any ,
and

Obsenethatthis delimitsthe possibleaspecboundaries
for eachcandidateprototypeviews, sincefor each we
musthave

, @)

or, by monotonicitycondition,

©)

This in turn de nes upper bounds and for
eachview , hamelythe rst view in eitherdirectionof
view anglevariationswhich reacheghe global minimum
outsidethe monotonicregion aroundeachview, Figure5.
Clearly, views closerto the prototypethen and  also
satisfythis condition,but we are seekingthe largestproto-
type which implies extendingthe aspectin the monotonic
region until the global minimum beyondthe monotonicre-
gionis reachedThis placedimits ontheboundaryof each
aspecfor eachview.



Figure6: (Top) Theoriginal 3D model“Ape” generatethe setof
views on theright. Eachcircledview is a sampleview for which
themonotonicityconditionis examined.We selectecprototypical
views for our sample,but the samecondition holdsfor all other
views. (Bottom) The setof 8 graphedfor eachchoiceof views

above is plotted as a function of . Obsere
thelocal neighborhoodvhere is monotonicallyincreasingaway
from the baseview.

Table 1 illustratesthe matrix of metric differencesbe-
tweenall the views of an object. Eachrow (or column)
givesrise to a graphlike thosedepictedin Figure5; the
largestpossibleaspecfor eachview is depictedn bold.

The aspectsand prototypesarethengeneratedy seek-
ing a setmaximalregion whereCriterial and2 hold. We
employ a “seededregion-graving” algorithm [1] to max-
imize the size of eachaspectcompetitizely, startingfrom
eachview, whichis consideredh seed.The two views with
the minimal distanceare megedinto an aspectandrepre-
sentedby a prototype.Theprocedures repeatedy replac-
ing thememgedviewswith theprototype whichis reselected
in eachiterationto minimize the maximumdistancewithin
theaspectThealgorithmcornvergeswith noparameterand
leadsto intuitive prototypesandaspects.

3 3D Recognition by Matching 2D
Views

The previous sectiondescribechow aspectandprototypes
for eachobjectcanbe generatedsuchthat (i) the distance

A £ & o = A AN

Figure 7: The setof prototypicalviews of variousmodelsin-
cludedin our database



betweereachview in anaspectndthataspect prototype
is lessthanthis view's distanceto ary otheraspectproto-
type, (ii) the numberof aspectavasreducedby grouping
to thelargestclustersnot violating criterial and2, namely
monotonicityand object-speci cview distinctveness.We
now examineindexing into a setof 3D objectsrepresented
by their aspectandprototypicalviews.

Consideran unknowvn view of unknavn object . We
matchthis view to all prototypicalviews of all objects
in the databaseandorderthe setof matchedprototypesn
orderof increasingmetric. The top choicegivestheiden-
tity of the 3D objectandits pose. The following theorem
shawsthatif theobjectsin thedatabasearedistinctenough,
the similarity-basedaspecmatchingmethodproposedere
will nd thecorrectobject.

De nition 1 (AspectDiameter) Thediameterof anaspect
is the maximundistanceof theview in the aspectirom
theprototypei.e.,

De nition 2 (Aspect-Separable) Consider a database
of  objects with views with
associatedprototype satisfying criteria 1 and 2.
Thedatabases aspect-sepableif for any pair of distinct
prototypes and wehave

(4)

Theorem1 Given an unknownview , selectedfrom
an aspect-sepable databasethe objectidenti ed by the
shapemetricis thecorrectong i.e.

Proof 1 Without loss of generality let be the most
distant view from in aspect such that
. By thetriangle inequality and monotonic-
ity
Since,by hypothesis
we have
Finally, since ,
we have

Unknown Matchl | Match2 | Match3 | Match4 | Match5
0.269 0.497 0.512 0.526 0.567
0.366 0.513 0.568 0.596 0.610

A
0.680 0.718 0.810 0.830 0.836
|, N N
0.502 0.871 0.874 0.875 0.883
g [ 4
0.536 0.703 0.708 0.726 0.744
b A IS S »
0.400 0.549 0.617 0.648 0.663
0.418 0.496 0.574 0.582 0.608
0.649 0.745 0.785 0.810 0.812
0.528 0.576 0.671 0.705 0.713
0.315 0.333 0.342 0.431 0.527
0.310 0.349 0.498 0.581 0.582
0.293 0.376 0.423 0.493 0.501
0.376 0.623 0.625 0.637 0.640
0.708 0.734 0.763 0.831 0.832
A
0.292 0.463 0.582 0.593 0.645

Figure8: Theresultof matching. Unknown views of unknovn
objectsare matchedagainststoredprototypesandorderedby in-
g Creasinglistance.



for all prototypes  distinctfrom

Intuitively, if the objectsin the databaseroduceviews
which aredistinctenough,asmeasuredy the distancebe-
tweenthe two mostdistantviews in an aspectthe objects
canbe distinguishedby comparingthe similarity between
their prototypicalviews. On the otherhand,the introduc-
tion of an objectwith views rathersimilar to thoseof an-
otherobjectin the databasereatesan ambiguity In this
case,the above analysissuggestgyroupingof similar ob-
jectsinto cateyories.

It shouldbenotedthatTheoreml establishea sufcient
condition, but not a necessarpne. Thus,in the construc-
tion of a 3D objectdatabaseaspectsandtheir prototypes
are rst generatedor eachnovel object. Theseprototypes
are comparedagainstexisting prototypicalviews to verify
aspect-separabilityf Inequalityl is violated,it is still pos-
sible for the similarity basedmatchingto producethe cor-
rectobject,but thisis not guaranteedOn the otherhand,if
Inequalityl is satis ed,thenweareassuredhatrecognition
by similarity-basednatchingproduceghe correctresult.

Unknown Matchl Match?2 Match3

0.786 0.793 0.802

Figure 9: Resultsof matchinga view of an objectnot in our
databasevith the prototypicalviews of objectsin thedatabase.

4 Results

We generatediiews at randomanglesof randomlyselected
objectsfrom our databas®f models. Eachunknavn view
wasmatchedagainstthe prototypicalviewsin the database.
Theresultsfrom matchingall theprototypicalviews andthe
unknavn imagearesorted andthe bestmatchgivestheun-
known object. Figure8 shavs thetop 5 matchesandtheir
matchcostsfor several examples.Table2 summarizeshe
results.The bestmatchis alwayscorrectheresincethe ob-
jectsin thedatabasaresufciently distinct.

We also tested the performanceof the recognition
scheméor views of modelswhichwerenotin ourdatabase,
but which were similar in someway to an objectin the
database For example,the “robot” modelwas someavhat
closeto the*ape” gure; Figure9 shavsthatthetop match
givesthe correctobjectandpose.

While theseresultsarepromising,we recognize¢heneed
to testthe approachon a muchlarger database The main
limiting factor is the time requiredto computea shock
match. SinceeachmatchcurrentlytakesaroundS minutes
onanSGlIndigoll 195Mhz,performingalarge numberof

comparisonganbetime consuming.We areconsideringa
numberof itemswhich would improve time ef ciency. In
addition, the data les resultingfrom the matchegake on
averagel MB of disk spacewhichcanbecomearestriction
whenmatchinglarge datasetsAlso, while “groundviews”
arethe moreinterestingof the views, the full setof views
shouldbe incorporatedoy applyingthe region-graving al-
gorithmto theviewing sphereendavedwith the shapemet-
ric. Theresultspresentedhereencouragdurther develop-
mentof this approach.
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