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Abstract

We presentan aspect-gaph appmoac to 3D object
recanition wheee the de nition of an aspectis motivated
by its role in the subsequentecanition step. Speci cally,
wemeasue the similarity betweeriwo viewsbya 2D shape
metricof similarity measuringhedistancebetweerthe pro-
jected,segmentedshapef the 3D object. Thisendowshe
viewing sphee with a metric which is usedto group sim-
ilar views into aspectsand to representeac aspectby a
prototype The sameshapesimilarity metric is thenused
to rate the similarity betweenunknownviews of unknown
objectsand stored prototypesto identify the objectand its
pose Theperformanceof this approac on a databaseof
18 objectsead viewedin ve deyreeincrementsalongthe
groundviewing planeis demonstated.

1 Intr oduction
1.1 3D Object Recognition

The humanvisual systemhasan uncaniy ability to rec-
ognize objects from single views, even when presented
monocularlyundera 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 [17], algebraicsur
faces [23], and CAD models, or on collectionsof two
dimensionalviews, e.g., as those representedy aspect
graphs[13], is still being explored. Psychoplsical evi-
dencefor both views is strong[6, 3] andit is likely that
the representatiois taskdependente.g., manipulationvs.
recognition. This paperexaminesa bottom-up, viewer-
centeredriew of 3D objectrecognition.

Thereis ampleliteratureon recognitionfrom 2D views.
Nayaret al. [16] useprincipal componentnalysis(PCA)
on a setof objectviews to generatea distancebetweenan
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Figure 1. These 3D models represent our ini-
tial database of objects which were used to
evaluate the performance of the recognition
algorithm presented here. (Our database
is composed of VRML and Autocad models,
taken from www.3dcafe.com)

unknaovn view and prototypical views. Cootesand Tay-
lor [5] proposedanactive appearanceodel(AAM) which
learnsa statisticalmodelby training on a seriesof 2D im-
ages.UllimanandBasri[24] represeneachview asalinear
combinationof prototypicalviews.

The aspectgraph representation[13, 14] identi es re-
gionsof the viewing spherewhere“equivalentviews” and
neighborhoodrelationson the viewing spheregeneratea
graphicalstructureof views. Eachnodeof theaspecgraph
representsa “general view”, or aspect,of the 3D object



Figure 2. Aspects can be generated by group-
ing views by the similarity between 2D shapes
and representing each aspect by a prototypi-
cal view.

andrepresents maximally connectedegion on the view-
ing sphere.Eachlink representsomevisual eventwhere
transitionsoccur betweentwo neighboringgeneralviews,
namely the accidentalviews. Aspectgraphshave been
de ned for polyhedra[22, 21], solids of revolution [9],
andcurved objects[15]; also,seea suney by Bowyer and
Dyer [4]. The main drawvbackin this type of approachs
in the compleity of generatinghe aspectandin thelarge
numberof aspectsvhoselarge storageandsearchrequire-
mentsareimpracticalfor objectsof modestompleity. Eg-
gertetal. [10] obsenedthatthe aspecfraphis oftenbased
on alevel of detailnot fully obserablein practiceandex-
ploreda notion of a scale-spacaspecigraphto reducethe
numberof views. Dickinsonet al. [8] constructeda hier
archicalaspectgraphsystembasedon a setof primitives.
IkeuchiandKanade [11] usethe similarity of featureex-
tractedfrom 2D views of the objectto form a graphstruc-
ture usedin recognition. The theorywhich de nesthe as-
pectgraph,i.e., view stability andview likelihood,wasex-
ploredby WeinshallandWerman [25].

Our approachto 3D objectrecognitionalsorelieson a
parcellationof the viewing sphereto generatean aspect-
graph. Obsene that the problemof generatingaspectds
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 judgethedistancebetweertwo views shouldalso
be usedto generateaspectsviews wheresimilarity varies
ratherslowly shouldgeneratdarger sizeaspectse.g., side
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Figure 3. Two objects (“kangar 00” and “b ull”)
from the database are depicted on the left.
On the right we show all views from the
ground plane in ve degree increments. Cir-
cled views represent prototypical views.

views of four-leggedanimalswhile regionsof rapidchange
in similarity shouldlead to smalleraspectse.g., frontal
views of four-leggedanimals.

More speci cally, the shapesimilarity metric between
object outlines endavs the viewing spherewith a metric
which canbe usedto clusterviews into aspectsandto rep-
resentachaspectvith aprototypicalview. In thisview, as-
pectgeneratioris a “segmentation”of viewing sphereand
representinggachaspecty a prototype. 3D objectrecog-
nition is thentantamounto indexing a targetview into the
databasef prototypeviews andorderingtheseby theshape
similarity metric. Two key issuesareaddressedkirst, how
cana setof aspectsandtheir prototypicalviews be gener
atedin orderto copewith the requirement®f recognition.
Second,underwhat conditionsis this set of prototypical
views sufcient to achieve robustrecognition.

Our earlier work [7] shaved that for a single three-
dimensionamodel,theposeof anunknavn view canbero-
bustly andaccuratelydeterminedy a hierarchicakompar
isonof shapesimilarity of theunknavn view againstahier-
archicallyarrangedmultiresolutionaketof views. Speci -
cally, thiswork determinedhe poseof spiralvertebrafrom
singleX-ray imageshy comparisorto views generatedrom
a CT-generatedD modelto within 1-2 degrees. We now
shav that not only pose,but alsothe identity of an object



canbedeterminediia a 2D shapesimilarity metric.

We madea numberof simplifying assumptiongo ex-
plore this concept. First, we only consideredviews gen-
eratedon one viewing plane,namely thosegeneratedy
“walking around” the object, Figure 2. This reducesthe
numberof views for this preliminary stagewhich is aimed
at proving the conceptbut is not a fundamentallylimiting
assumption.Secondwe assumehatthe objectis distinct
enoughfrom the backgroundhat eachview canbe easily
segmented.

Our approachs thensummarizedasfollows. Each3D
objectmodelgivesrise to a numberof prototypicalviews,
Figure 3, which are selectedfrom the rangeof possible
views for eachobjectin thedatabaserigurel, asdescribed
in Section2. We examinetwo shapesimilarity metrics,one
basedncurve matchingandtheotherbasednshockgraph
matching,and concludethat the latter is more suited for
generatingaspectandfor recognition. The recognitionof
anunknowvn view is doneby matchingit with storedproto-
typesfor eachobjectandby orderingthemaccordingo the
shapesimilarity metric. Theresultingmatchgivestheiden-
tity of the objectaswell asits pose,Section3. We discuss
matchingresultsin Section4.

2 Similarity-Based Aspects

We now discusshow a shapesimilarity metric, or alter
natively, a distancametric betweentwo shapeganbeused
to generateaspectn the viewing sphere.Let therebe
objects , Whosesilhouettesform  dis-
tinct views for eachobject . Ourfull
databasef viewsthenconsistof views. Let thedis-
tancebetweenwo shape®r views and bedenoted
by . Let eachaspecbede ned by a contiguous
collectionof views arounda prototype

i.e.,where and arede ned astheleft andright ra-
dius of the aspectand which dependon the object and
the prototypicalview . An aspecifs typically de ned as
thesetof generallyequivalentviews boundeddy accidental
views. In contrastwe adopta “region growing” ratherthan
“edge-basedView anduseshapesimilarity to de ne equiv-
alentviews. We must rst imposeseveralconditionsonthe
metric. First, the shapesimilarity metricshouldbeincreas-
ing asthe viewing anglebetweentwo shapess increased
for somelocal neighborhood:

Criteria 1 (Local Monotonicity) For ead view
existsa sud that

, there

1)

Figure 4. The ideal metric should be sensitive
to sudden changes in shape due to changes
in view. The shock matching is more sensi-
tive to these transitions as indicated by the
sample graph of the derivative of this dis-
tance with change in viewing angle for the
shock matching metric (left) and the curve
matc hing metric (right). Both indicate large
regions of similarity well (1), but curve match-
ing misses some sudden edges (2).

Figure6 plotsthe shapesimilarity metricfor a selectionof

eight views (thosearein fact the prototypicalviews) asa
function of differencesin viewing anglefrom eachview.

Notethatthe similarity metric we useis monotonicallyin-

creasingor someneighborhoodroundeachview. Second,
eachaspectindits prototypeshouldsomehav differentiate
betweeraspecandnon-aspectiews. But, rst we discuss
our choiceof shapesimilarity metric,whichis critical to the

succes®f therecognitionsystem.

2.1 ShapeSimilarity Metric

In previouswork [20, 18,12, 19], wehave de ned shape
similarity metrics basedboth on curve matchingand on
shockgraphmatching. Both are metricsby construction
asthey arisefrom optimal pathsof deformation.However,
thecurve-basednetric  is generallymuchfasterto com-
putethanthe shock-basednetric , typically 0.8 minutes
vs. 5 minuteswhenrun on an SGI Indigo Il, 195 Mhz.
Both metricssatisfycriterial in thatthey bothdepictlocal
monotonicitywith viewpoint variation,althoughthe extent
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85]0.70{0.72[0.70|{ 0.68( 0.68| 0.75[ 0.65| 0.68] 0.79/ 0.83]| 0.80{ 0.79| 0.79{ 0.80( 0.78{ 0.76 [ 0.75]| 0.79

0.83

0.77]0.80{0.79]0.75{0.80|0.82]0.79{0.81|0.81{0.79|0.79]0.69 [ 0.65] 0.54 [ 0.52 | 0.48

90| 0.67{0.72{0.74]{ 0.71{0.71| 0.76{ 0.71| 0.70{ 0.80| 0.84]| 0.78[ 0.80| 0.79{ 0.80( 0.77[ 0.74| 0.75| 0.79

0.84

0.79]0.78|0.78]0.75[{0.79]0.82(0.81 [ 0.79]0.820.79 | 0.76 [ 0.70 [ 0.63 | 0.54 [ 0.54 | 0.49 [ 0.36

0.36

Table 1. The shape metric
where the metric satis es

of the neighborhood over which this holdsis greaterfor
thanfor , Figure4. More signi cantly, however, the
shockgraph matchingmetric 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-
pointchangest eachpoint. Obsene how the shockmetric
depictssigni cant regions of similarity, notedby 1 in
Figure 4, while maintainingnoticeabledifferenceswhich
give riseto aspecthoundariesnotedby 2 in Figure4. The
curve matchingmetric, on the otherhand, missessomeof
the sudderchangesn shapewith slight changesn view.
Thus,while it is possibleto use  with the currentap-
proachdespiteheadditionalcomputatiorcost,we selected
, mainly for its larger extent of monotonicitywith view-
point variation, and its superiorsensitvity to signi cant
view changedetweeradjacentiews.

2.2 Generating Aspectsand Prototypes

The generatiorof aspectsanbeviewedasa segmenta-
tion problem, not unlike that of intensityimages,but now
appliedto the viewing sphereendaved with a similarity
metric. Two approachesanbe adoptedn analogyto ap-
proachesof seggmentationof intensity images: (i) group
similar views, a region-graving approach,and (ii) detect
signi cant peaksin local differences,an edge-basedp-

between pairs of arbitrar y views. Costs in bold
criteria 1 and 2, i.e,, is monotonic and globall y selective of the prototype .

in each row show the region

Figure 5. Criterion 2 constrains the upper lim-
its of the boundary views and of an
aspect for each view beyond the monotonic
region. and are the views most distant
from the prototype candidate which remain
in the monotonic region and whic h are below
the value of the global minim um outside this
region.



Figure 6. (Top) The original 3D model “Ape”,
left, generates the set of views on the right.
Each circled view is a sample view for which
the monotonicity condition is examined. We
selected prototypical views for our sample,
but the same condition holds for all other
views. (Bottom) The set of 8 graphs for each
choice of views above is plot-
ted as afunction of . Observe the local neigh-
borhood where is monotonicall y increasing
away from the base view.

proach. While the distinct peaksin Figure 4 can poten-
tially provide for anedge-basedpproacho generatings-
pects,thatchangesansometimede diffused,promptsus
to adoptaregion-graving approachWe must rst placead-
ditional constrainton de ning anaspecthowever. While
the monotonicityconditionlimits the sizeof anaspecten-
teredarounda candidateprototype the metric of similarity
shouldalsobeableto differentiatebetweeraspecandnon-
aspectiews:

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

Obsenethatthis delimitsthe possibleaspecboundaries
for eachcandidateprototypeviews, sincefor each we

A £ & o = A A N

Figure 7. The set of prototypical views of var-
ious models included in our database




musthave

, @)

or, by local monotonicitycondition,

3

Thisin turnde nesupperbounds and for each
view , hamely the rst view in eitherdirectionof view
angle variationswhere reacheshe value of
the global minimum outsidethe monotonicregion around
eachview, Figure5. Clearly, views closerto the prototype
then and alsosatisfythiscondition,but we areseek-
ing the largestaspectwhich implies extendingthe aspect
in the monotonicregion until the global minimum beyond
the monotonicregion is reached.This placeslimits on the
boundaryof eachaspecfor eachview.

Table 1 illustratesthe matrix of metric differencesbe-
tweenall theviews of anobject.Eachrow (or column)gives
riseto a graphlike thosedepictedin Figure5; the largest
possibleaspecfor eachview is depictedn bold. Notethat
only the numberdn bold areof interestthusthereis room
for future improvementsin ef ciency to take adwantageof
thisfact.

The aspectsaand prototypesarethengeneratedy seek-
ing a setmaximalregion whereCriterial and2 hold. We
employ a “seededregion-graving” algorithm [1] to max-
imize the size of eachaspectcompetitizely, startingfrom
eachview, which is considereda seed. The two views
with the minimal distanceare meged into an aspectand
representedby a prototypeif they do not exceedthe upper
bounds.The procedurés repeatedy replacingthe meged
views with a representate prototype,which is reselected
in eachiterationto minimize the maximumdistancewithin
theaspectThealgorithmconvergeswith noparameterand
leadsto intuitive prototypesandaspects.

3 3D Recognitionby Matching 2D Views

The previous sectiondescribedchow aspectsand proto-
typesfor eachobject can be generatedsuchthat (i) the
distancebetweeneachview in an aspectandthat aspect
prototypeis lessthanthis view's distanceto ary otheras-
pectprototype,(ii) the numberof aspectavasreducedby
groupingto thelargestclustersotviolating criterial and2,
namely monotonicityand object-speci cview distinctive-
ness. We now examineindexing into a setof 3D objects
representedy theiraspect@&ndprototypicalviews.

Consideranunknavn view of unknavn object . We
matchthis view to all prototypicalviews of all objects

Unknowvn 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 NS 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
A
0.292 0.463 0.582 0.593 0.645

Figure 8. The result of matching. Unknown
views of unknown objects
against stored prototypes and ordered by in-
creasing distance .

are matched




in the databaseandorderthe setof matchedprototypesn

orderof increasingmetric. The top choicegivestheiden-
tity of the 3D objectandits pose. The following theorem
shawsthatif theobjectsin thedatabasaredistinctenough,
thesimilarity-basedaspecmatchingmethodproposecdhere
will nd thecorrectobject.

De nition 1 (AspectDiameter) Thediameterof anaspect
is twicethe maximundistanceof theview in theaspect
fromthe prototypei.e.,

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

4

Theorem1 Given an unknownview , selectedfrom
an aspect-sepable database the object identi ed by
the shape metric is the correct one i.e,

Proof 1 Without loss of generality let be the most
distant view from in aspect such that

. By the triangle inequality and monotonic-
ity

©)

Since,by hypothesis
(6)

we have by combiningequation(5) and(6) andsubtracting

Finally, since )
we have

for all prototypes  distinctfrom

Intuitively, if the objectsin the databasgroduceviews
which aredistinctenough,asmeasuredby 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 analysissuggestgroupingof similar ob-
jectsinto cateyories.

It shouldbenotedthat Theoreml establishea sufcient
condition, but not a necessaryne. Thus,in the construc-
tion of a 3D objectdatabaseaspectsandtheir prototypes
are rst generatedor eachnovel object. Theseprototypes
are comparedagainstexisting prototypicalviews to verify
aspect-separabilityf thelnequality(1) is violated,it is still
possiblefor the similarity basedmatchingto producethe
correctobject,but thisis nolongerguaranteedia Theorem
1. Ontheotherhand,if the Inequality(1) is satis ed, then
we areassuredhatrecognitionby similarity-basednatch-
ing produceghecorrectresult.

Unknaown Match1 Match2 Match3

0.786 0.793 0.802

Figure 9. Results of matching a view of an ob-
ject not in our database with the prototypical
views of objects in the database.

4 Results

We generatedrziews at randomanglesof randomly se-
lectedobjectsfrom our databasef models.Eachunknavn
view was matchedagainst the prototypical views in the
database.The resultsfrom matchingall the prototypical
viewsandtheunknavnimagearesorted andthebestmatch
givestheunknavn object.Figure8 shavsthetop 5 matches
andtheir matchcostsfor severalexamples.Table2 summa-
rizestheresults.Thebestmatchis alwayscorrectheresince
theobjectsin the databasaresufciently distinct.

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

While theseresultsarepromising,werecognizeheneed
totesttheapproactonamuchlargerdatabaseln fact,since
the paperwas submittedwe have extendedthe databas¢o
include 65 objectswith similar results. The main limiting
factoris thetime requiredto computea shockmatch.Since
eachmatchcurrentlytakesaround5 minuteson an SGl In-
digoll 195Mhz,performingalargenumberof comparisons



BestMatch1

BestMatch?2

BestMatch3 | BestMatch4 | BestMatch5

ObjectCorrectlyDetected 100.0%

87.7%

66.6% 60.0% 53.3%

Table 2. Results of matc hing Unkno wns

canbe time consuming. We are consideringa numberof

items which would improve time efciency. In addition,
the data les resultingfrom the matchestake on average
1 MB of disk spacewhich canbecomea restrictionwhen
matchinglarge datasetsThesearelimitationswhich canbe

drasticallyreducedby improving the shockmatchingcode.
Also, while “groundviews” arethe moreinterestingof the
views, the full setof views shouldbe incorporatedoy ap-
plying the region-graving algorithmto the viewing sphere
endavedwith the shapemetric. Theresultspresentedhere
encouragédurtherdevelopmenibf this approach.
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