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Abstract

Mostresearch on 3-D objectclassi�cation andrecognition
focusesonrecognitionof objectsin 3-D scenesfroma small
databaseof known3-D models.Such anapproach doesnot
scalewell to large databasesof objectsand doesnot gen-
eralize well to unknown(but similar) objectclassi�cation.
Thispaperpresentstwo ideasto addresstheseproblems(i)
classselection,i.e., groupingsimilarobjectsintoclasses(ii)
classprototyping, i.e., exploiting commonstructure within
classesto representthe classes. At run time matching a
queryagainsttheprototypesis suf�cient for classi�cation.
This approach will not only reducethe retrieval time but
alsowill helpincreasethegeneralizingpowerof theclassi-
�cation algorithm. Objectsare segmentedinto classesau-
tomatically using an agglomerative clusteringalgorithm.
Prototypesfrom theseclassesare extracted using one of
three classprototypingalgorithms. Experimentalresults
demonstrate the effectivenessof the two stepsin speeding
up theclassi�cationprocesswithoutsacri�cing accuracy.

1. Intr oduction

Recognitionandclassi�cation of threedimensional(3-
D) objectsis anareaof active researchin 3-D computervi-
sion.Mostresearchfocusesonrecognitionof objectsin 3-D
scenesfrom a small databaseof known 3-D models.Such
anapproachsuffersfrom two mainlimitations: �rst, it does
not scalewell to largedatabasesof objects,andsecond,it
doesnot supportrecognitionof objectsthat aresimilar to,
but not identicalto, modelsin thedatabase.This paperad-
dressestheseproblemsusing3-D objectclassi�cation.

A naturalway to dealwith large numbersof objectsis
to exploit thesimilarity within classesof objects(many ob-
jectsaresimilar to a generictruck) andto exploit thecom-
monstructuresharedby theobjectsin aclass(pickuptrucks
have similarly shapedcargoareas).Theformeris achieved
by segmentingthedatabaseinto groups(classes)of similar
objectsandthe latter by representingeachgroupby a few

representative members(prototypes).Objectclassi�cation
on its own is usefulfor many applications,or it canbeused
asaninitial phasein anobjectrecognitionsystem.By �rst
identifyingtheobjectclass,thesearchspacefor laterphases
of recognitioncanbedramaticallyreduced,speedingupthe
overall retrieval processmany fold. In this work we focus
on thefollowing two issues:

- automaticclassselection– segmentthedatabaseinto
disjointgroupsof objects(classes);

- automaticclassprototyping– identify asmallsetof in-
stanceswhich enableusto predicttheclassof a query
accurately.

Partitioningof themodeldatabaseinto disjoint setscan
bedonemanually(by ahumanexpert)or automatically. We
exploit the shapesimilarity of the objectsin the database,
de�ne a measureof similarity betweena pair of models
(Section2.1) and useit to group similar modelstogether
(Section2.2). Besidesimproving thesystemperformance,
thisalsohelpsin hierarchicalrepresentationof thedatabase.

Classprototypinghasbeenstudiedextensively by the
machinelearningcommunityto reducestoragespace[4, 17,
23] andsearchtime [3, 12] for NearestNeighborclassi�ers
without sacri�cing classi�cationaccuracy. We extendone
of thesetechniquesto nearestneighborclassi�er in model
spacefor 3-D object databases.Prototypesare extracted
for eachof theclassesseparatelyin the trainingphase.At
run-time(testingphase),aqueryis classi�edinto oneof the
prede�ned(manually/automatically)classesby comparing
the query to prototypesof eachof the classes(prototypes
arefar fewer in numberthanthetotal numberof objectsin
thedatabase).Also, this classi�cationcanbeusedto prune
thesearchin laterstages.

This work is part of a systemfor recognizingvehicles,
andour experimentsusevehiclemodelsandscenes.How-
ever, the algorithmscan be appliedto other typesof ob-
jects. In real 3D sensingsystems,the objectsto be rec-
ognizedare typically observed from a limited numberof
viewpoints,which resultsin signi�cant self occlusion.Ad-
ditionally, nearbyobjectscanactasclutterandexternaloc-



clusion. In this work, a pre-processingstageautomatically
identi�es volumesof interest(VOIs), which areregionsof
datalikely to containa vehicle. TheseVOIs serve as in-
put to our classi�cationalgorithm(see�gure 1). Here,we
assumethatonly oneobjectis presentin eachVOI.

Our approachto classi�cation is basedon the well-
establishedmethodof usingsemi-localshapesignaturesfor
object recognition. Previous researchhasshown that the
shapeof a 3-D objectis well-representedby a collectionof
shapesignaturescomputedat basispointsdistributedover
theobject's surface[21, 7, 15]. A signaturecomputedat a
basispoint p summarizesobjectshapein a compactregion
of supportsurroundingp. An object'soverallshapeis repre-
sentedby thesetof signaturesextractedfrom samplebasis
pointson thesurface.For recognition,thesignaturesfrom
all modelobjectsarestoredin a modelsignaturedatabase.
At run-time, signaturesare extractedfrom a query scene
andmatchedto thesignaturesin themodeldatabaseusinga
nearestneighborclassi�er. Themodelsthatmatchthemost
scenesignaturesareselectedfor veri�cation, andtherecog-
nizedmodel(if any) is selectedfrom this list.

For classi�cation,theprocessis similar, exceptthateach
classis representedby the signaturesfrom all objectsin a
class.In algorithmicterms,thefollowing classi�er is used:

Classi�er 1 (Object classi�cation usingshapesignatures)
Given a database with a set of N m models
M = f M i g; 1 � i � N m and their signature repre-
sentations,andgivena queryQ then

1. representeach classCi bySi setof all signaturesfrom
M k ; 8M k 2 Ci

2. representthequeryQ bya setof N s
q signaturesSq

3. use1-NearestNeighbor(1-NN)rule to classifysigna-
ture fromthequeryagainstall classes.

4. usethesignature classi�cationsin step(3) to classify
thequeryQ:

prob(Ci jQ) =
# of signaturesfromSq labeledasC i

total # of signaturesfromQ(= N s
q )

thenQ 2 Ci if prob(Ci jQ) > prob(Cj jQ) 8j 6= i

The remainderof this paperis organizedasfollows: In
Section2 we discussalgorithmsfor selectionof classes
from a 3-D object database. Automatic prototyping of
classesis presentedin Section3 followedby resultsin Sec-
tion 4 andconclusionin Section5.

2. Automatic ClassSelection

Classselectionis the processof categorizing the setof
objectsin thedatabaseinto classesof similar objects(e.g.,
pickup truck class). Whenpeopleselectclassesmanually,

(a) (b)

Figure 1. (a) An example vehic le model from the database . (b)

A noisy quer y point cloud for the same object. Note the signi�-

cant self occ lusion.

they naturally group objectsbasedon their functionality
ratherthanon their appearance(think of theclassof chairs,
for example). However, in our system,it is importantto
groupobjectsbasedon shapesimilarity, sincetherecogni-
tion is ultimatelyshapebased.

The key stepin automaticclassselectionis de�ning a
measureof similarity betweenmodels. We computethe
similarity betweenall pairsof modelsin thedatabase,form-
ing a similarity matrix. Then,hierarchicalclusteringtech-
niquesareusedto groupthemodelsinto classes.

2.1. Model similarity measure

Findingsimilarity betweentwo 3-D objectsis a dif�cult
problem. How similar is a bus to a car? It doesnot make
muchsense.However, it is possibleto developa measure
whichre�ectssomeabstractnotionsof similarity (FordTau-
rusis moresimilar to aHondaAccordthanto aGeoMetro,
for example).Weproposethefollowing similarity measure.
Given two modelsM i ; M j 2 M . Let, the numberf ij be
the fractionof signatureson modelM i whosebestmatch-
ing signaturecomesfrom modelM j whenthesignaturesof
M i areremovedfrom thesignaturedatabase.Thesimilarity
betweenthetwo modelsis now de�ned as,

sim (M i ; M j ) =

8
<

:
0:5 �

�
f ij + f j i

�
i 6= j

1 otherwise
(1)

Sometimes,it is moreconvenientto to usethedistancemea-
sure

dist (M i ; M j ) = 1 � sim (M i ; M j ) (2)

However, dist is not a true distancemetric, sinceit does
not satisfy the triangle inequality. The similarity measure
de�ned aboveis symmetricandtakesvaluesbetween0 and
1. This de�nition of similarity is consistentwith thealgo-
rithm usedin coarseclassi�cationasit amountsto comput-
ing partialconfusionmatricesbetweenall possiblepairsof
models. For example,Figure2 shows the valuesof simi-
larity of a model comparedto all the other objectsin the



Figure 2. Similarity values of an example object (left) with

models in the database . The models are sor ted by order of in-

creasing similarity from left to right. The most similar object is

from the same class as the quer y, while the least similar object

is a bus.

database(Section3). Our de�nition of similarity is not an
absolutemeasureof modelsimilarity, becauseit dependson
themodelsin thedatabase.

2.2. Model clustering

Clusteringhasbeenstudiedextensively in the machine
learning,statistics,anddatamining communities(see[9]
for a good introduction). Clusteringcan be broadly cat-
egorizedinto partition-methods(e.g.,k-means),hierarchi-
cal (e.g., agglomerative), and model-based(probabilistic)
methods. The majority of the techniquesrequirethat the
datapoints (modelsin our case)lie in a Euclideanspace,
which is violatedin ourscenario.

We have experimentedwith a varietyof clusteringtech-
niques[20]. In this paper, we focusonhierarchicalcluster-
ing methods,whichdonothavestrict rulesonthesimilarity
measureor requirementsof the databeing in a Euclidean
space.Hierarchicalclusteringbuildsatreeof clusterscalled
a dendogram.The childrenof eachnodein the treeparti-
tion thenode'sobjectsinto sub-clusters.Hierarchicalclus-
teringmethodsarecategorizedinto agglomerativeanddivi-
sive [13]. Theformerstartswith one-pointclustersandre-
cursively mergestwo mostsimilar clusters,while the latter
startswith oneclusterof all pointsandrecursively splitsthe
mostappropriatecluster. In boththecases,theprocesscon-
tinuesuntil a stoppingcriterion is met (e.g.,targetnumber
of clustersobtained).Here,weuseagglomerativeclustering
to groupsimilar modelsinto classes.

In agglomerative clustering, each object is initially
placedin a separatecluster. At each iteration, the two
most similar clustersare merged. To computesimilarity
betweenclusters,we generalizethe similarity measurein
Section2.1. How similar is a groupof cars to a groupof
trucks? Thereis no easyanswerto this question,andnu-
merousheuristics(calledlinkage methods) have beenpro-

posed[18]. In this work, we usedthe averagelinkage
heuristic. That is, the distancebetweentwo groupsis de-
�ned astheaveragedistancebetweenall pairsof objectsin
differentgroups.Algorithm1 givesthestepsin ouragglom-
erativeclusteringprocedure.

Algorithm 1 agglomerative clustering(M ; S;k)

Require: M = f M i : 1 � i � N m g, adatabaseof objects
and
S, anN m � N m matrix with similarity betweenevery
pair of modelsand
k, thenumberof desiredclasses

1: Ci ( M i

2: num classes= N m

3: while num classes> k do
4: �nd thenearestpairof distinctclustersCi andCj

usingS andaverage link heuristic.
5: Ci ( Ci [ Cj

6: DeleteCj

7: num classes( num classes� 1
8: endwhile

3. Automatic ClassPrototyping

ClassPrototypingis theprocessof extractingrepresen-
tatives,i.e., prototypes,for a class.By comparinga query
objectto classprototypes(which arefewer in numberthan
the classcardinality)onecanachieve a signi�cant speed-
up in matchingperformance.Theclassesmaybegenerated
automatically(asdescribedin theprevioussection),or they
maybemanuallyspeci�edby a humanexpert.

Classi�cation using nearestneighbor(NN) algorithms
hasshown to performvery well in practice[9]. The naive
approachof exhaustively searchingfor the minimum dis-
tanceto a querybecomesimpracticalfor large databases.
Improvedef�ciency canbeachievedthroughdatastructures
suchas k-d trees[2], projection [3], and bucketing [22].
Othermethodsachieve ef�ciency by only �nding approxi-
matenearestneighbors[12][19]. Besidestheretrieval time,
thesecondproblemthatNN classi�cationtechniquessuffer
from is the indiscriminatestorageof all presentedtraining
data[9].

Both theabove problemscanbesolvedby reducingthe
large training set to a small, representative prototypeset,
while minimizing the cost in classi�cation accuracy. Two
popular approachesto learning prototypesfrom training
dataareinstance�ltering andinstanceabstraction[16, 17].

Instance�ltering methodsreducedata set by remov-
ing thesuper�uousinstances,retainingonly therepresenta-
tive/criticalinstancesfrom theoriginaldataset[5, 17]. This
is usuallydoneusingediting rulesto pick theunnecessary
instancesfrom thetrainingdataandremove themfrom the



trainingset. Hart proposedtheCondensedNearestNeigh-
bor(CNN) algorithm[11], whichstartsby randomlystoring
oneinstancefor eachclassastheinitial subsetandstoresin-
stancesmis-classi�edby thecurrentsubset.Gatesproposed
theReducedNearestNeighbor(RNN) algorithm[10], a top
down versionof CNN, which removesaninstancefrom the
training dataonly if the removal doesnot causeany mis-
classi�cationof otherinstances.BothCNN andRNN were
de�ned for 1-NN classi�cation. Many similar editingrules
have beenproposedin the literature,variantsof CNN like
IB1 throughIB3 [1]. Martinezet al proposeinstanceprun-
ing techniquesRT1 throughRT3 [23], which aresimilar to
RNN, but usek-NN rules.They removeaninstanceif most
of theotherinstancesareclassi�edcorrectlywithoutit. [17]
and[5] give a morecomprehensive list of previous work.
The�ltering methodsaretypically simplerandfaster. The
underlyingassumptionof all the�ltering techniquesis that
idealexamplesarepresentin theoriginal (training)dataset,
which limits thegeneralizationcapability.

Instance abstractionapproachesreduce the data set
by generatingarti�cial prototypes(instancesthat are not
presentin the original data), summarizingrepresentative
characteristicsof similar instances[17]. Chang'salgorithm
[6] is oneof theearliestinstanceabstractionschemes.The
methodinitializes every point to be a prototypeandrecur-
sively attemptsto merge two closestprototypes(irrespec-
tive of the classthey belongto) into a new one,which is
a weightedmeanof the two merged prototypes. Bezdek
et al modify Chang's methodinto onewhich averagesin-
stancesusingsimplemeanandmergesprototypesbelong-
ing to thesameclassonly [4]. A non-exhaustivelist of these
techniquesincludessequentialcompetitive learningmod-
elssuchask-means[9], learningvectorquantization(LVQ)
andits variants[4], andtheDeer-Rabbitmodel[4]. Noneof
thesetechniquesuselabelsfrom thetrainingdata.[4] gives
averygoodcomparisonof thesetechniquesandalsoshows
that instanceabstractioncanperform betterthan �ltering.
[17] hasa list of someof theexisting abstractionmethods.
Theprototypesobtainedby abstractioncanbemorerepre-
sentative thanthoseobtainedfrom �ltering andhave more
generalizingpower.

We have developedtwo main approachesfor selecting
prototypes.A prototypepointcanbeapoint in modelspace
(e.g.,apickuptruckmodel)or apoint in featurespace(e.g.,
ashapesignatureextractedfrom apickuptruckmodel).We
usea�ltering approachto extractprototypesin objectspace
(Section3.1), and an abstractionapproachfor extracting
prototypesin featurespace(Section3.2). In practice,the
abstractionand �ltering methodscan be effectively inter-
leaved usingdifferentstrategies; this is the approachused
for extractingmixedprototypes(Section3.3).

Algorithm 2 Filtering (M ; f Ci g)
Require: M = f M i : 1 � i � N m g, a databaseof ob-

jects;
Ci , thesetof disjoint classes

1: Pm
k;0 ( Ck ; 81 � k � N c

2: t ( 1
3: repeat
4: for all k 2 f 1; 2; : : : ; N cg do
5: Pm

k;t ( Pm
k;t � 1

6: for all modelL 2 P m
k;t do

7: createanew setof prototypes, ^Pm
k;t = Pm

k;t � L

8: Pm (
S N c

j =1 ;j 6= k Pm
j;t � 1

9: Pm ( Pm [ ^Pm
k;t

10: num miscl ass =
f ind miscl assif ication (Ck ; Pm )

11: if num miscl ass == 0 then
12: Pm

k;t ( ^Pm
k;t

/*RemoveL from thelist P m
k;t */

13: end if
14: end for
15: end for
16: Pm (

S N c

j =1 Pm
j;t

17: for all k 2 f 1; 2; : : : ; N cg do
18: Pm

k;t ( test classif ication (Ck ; Pm )
19: end for
20: until nomodelcanberemovedfrom P m

k;t ; 81 � k �
N c

3.1. Prototypesin Object space

In this case,the objective of prototypingis to extract a
subsetof models,calledprototypemodels, P m

k from each
classCk . At run-time,thesignaturesfrom the input scene
arematchedagainstthesignaturesof all theprototypemod-
els of all classes.As long as, jP m

k j 1 � jCk j, for all the
classes,thedesiredsaving in classi�cationtimeis achieved.
This approachimplementsinstance�ltering – the intuitive
notion of prototypeobjectsasobjectswhich are mostrep-
resentativeof a class. Matchingwith small subsetof pro-
totypemodelsis suf�cient to establishclassidentity. The
generalframework, developedoriginally in the context of
nearest-neighborclassi�cation, mapsdirectly to our prob-
lem. The datapoints are objectsin the databaseand the
correspondinglabelsaretheidsof theclassesto whichthey
belong.

We implementeda variationof RNN [10] andRT2[23]
algorithms. Our implementationusesthe following basic
rule to decideif it is safeto removeaninstancefrom thein-
stancesetP m

k (whereP m
k = Ck initially). Theeditingrule

“remove an instance from the current set of prototypes

1jA j = thenumberof elementsin setA



Pm
k if none of the elements in the class Ck are mis-

classi�ed without it” ensuresthat the mis-classi�cation
rate is zero on the training set. Also, this rule is sensitive
to theorderof presentationof traininginstancesin Ck . Our
algorithmordersthe instancesin classCk using the rule,
The element most similar to all the other elements in
the class Ck �rst . We usethede�nition of similarity de-
scribedin Section2.1.Thedetailedstepsin �nding thepro-
totypesin modelspaceareshown asAlgorithm 2. In this
algorithm,the mis-classi�cationsin Line 10 arefound us-
ing thefollowing classi�er:

Classi�er 2 (Classi�cation usingmodel prototypes)
Given the set of prototype models(for all classes);
Pm

i � Ci is the set of prototypesfor class Ci and
N p =

P N c

i =1 jPm
i j, andgivena queryQ then

1. representeach classCi by a setof signatures,Si from
all theprototypemodelsjP m

i j

2. steps2, 3 and4 fromClassi�er 1

The order in which the modelsare presentedin step
6 of Algorithm 2 is implementedby picking the model
from P m

k , which is mostsimilar to othersin theclassCk .
The procedure�nd misclassi�cationevaluatesthe classi-
�cation performanceusing the updatedprototypesfor all
the classes. Proceduretest classi�cation is the sameas
�nd misclassi�cationexceptthat theevaluationis doneon
all the modelsfrom all the classesand that the prototype
list is thelist updatedfor all theclassesafteraniterationof
�ltering (asmentionedin line 16).

3.2. Prototypesin feature space

The goal of prototypingin featurespaceis to �nd a re-
ducedsetof signatures(calledprototypesignaturesP s

k ) for
eachclassCk thatarerepresentativeof thatclasswhile en-
suringthatmatchingwith this reducedsetsuf�ces for iden-
tifying the classof a query. We implementeda batchpro-
totypingalgorithmwhich createsa setT

0
of prototypesig-

naturesformedfrom theoriginal signatures,T . Unlike the
setof prototypesin objectspace,T 0 6� T . Thetrainingdata
in modelspace(theclassesarespeci�ed in termsof which
modelbelongsto which class),T m is convertedto training
datain the featurespace,T s, whereall signaturesfrom a
modelM i in a classCk arelabeledasbeingin thatclass.

Given this training data,The algorithmfor prototyping
in featurespacecanbesummarizedasfollows: For each
class Ci , divide the set of N s

i signatures Si � < d into
a �x ed number K of clusters. Record the K cluster
centers in < d as the prototypes in feature space, P s

i ,
for class Ci .

Thek-meansclusteringalgorithm[9] is usedin cluster-
ing thesignaturesinto apre-speci�ednumberK of clusters.

WeusetheEuclideandistanceto measurethedis-similarity
betweentwo signatures.Thestepsin �nding theprototypes
aredescribedin Algorithm 3.

Algorithm 3 Abstraction(M ; f Ci g)
Require: M = f M i : 1 � i � N m g, a databaseof ob-

jects;
Ci , thesetof disjoint classes

1: Pm
k;0 ( Ck ; 81 � k � N c

2: K ( 300
3: for all k 2 f 1; 2; : : : ; N cg do
4: P s

k ( k means(Sk ; K )
Sk is thesetof signatures(features)from classCk

5: end for

Oncewehavethesetof prototypefeaturesfor all classes,
thefollowing rule is usedto classifyquerysignatures.

Classi�er 3 ( NearestPrototypeClassi�er) Giventheset
of P s

i setof prototypesignaturesfor classCi anda queryQ

1. representclassCi bya setof signatures,Si = P s
i

2. steps2, 3 and4 fromClassi�er 1

Classi�er 3 simply statesthat,a querysignatureshould
beassigneda classlabelof thenearestprototype.Onecan
extend this to k-nearestprototypeclassi�cation, which is
similar to k-NN. Classi�cationof a queryobjectQ follows
in thesamelinesastheclassi�cationdescribedin Classi�er
3.

3.3. Mixed prototypes

Classesthatareconstructedmanuallyoftencontainob-
jectsthatdo not groupwell together. For example,a truck
classmay containa few objectsthat aremuchlarger than
all theotherobjectsin theclass,which cannotbeclustered
in with the restof the class. In suchcases,it is bene�cial
to combinethefeaturespaceandobjectspaceapproachby
�rst doing the featurebasedprototypingas in Section3.2
and to augmentthe representationby the objectsnearthe
borderof theclassboundaries;namelythemodelsthatare
mis-classi�edby thefeaturespaceprototypes.At run-time,
thesignaturesfrom aninputscenearecomparednotonly to
theclustercentersasbefore,but alsoto thesignaturesfrom
theindividualprototypeobjectsfrom eachclass.Thesigna-
turesfrom clustersrepresenttheaverageshapein theclass,
while the signaturesfrom the extra objectprototypesrep-
resenttheoutlier shapesin theclass.This providesanap-
proachto prototypingthatis robustto outliersin theclasses.

Therearemany waysto inter-leave the abstractionand
�ltering phase[17]. In our case,thesearethestepswe take
to �nd themixedprototypesdescribedasAlgorithm 4:



Algorithm 4 MixedPrototypes(M ; f Ci g)
Require: M = f M i g, a databaseof objectsand

Ci , thesetof disjoint classes
1: �nd prototypesin featurespace,P s

i for eachclassCi

usingthealgorithm3
2: testtheclassi�cationonasetof queryscenesusingthe

stepsin Classi�er 3
3: if any sceneQ, correspondingto modelM k 2 Ci , is

mis-classi�ed,thenupdateP s
i usingtherule(addall the

signaturesfrom the modelM k to the list of prototype
signaturesfor thecorrespondingclass):
P s

i = P s
i [ f all signaturesfrom M k g

Classi�er 4 (classi�cation usingmixed prototypes) :
Giventhesetof prototypesin feature space, P s

i which also
includessignatures from prototypesin model spaceP m

i
for classCi (Algorithm 4), and givena queryQ, thenuse
Classi�er 3 andf P s

i g to classifythequeryQ.

Classi�cationalgorithm4 is usedin classifyinga query
object using mixed prototypes. All threeprototypealgo-
rithmsimprovedthespeedof classi�cation;resultsarepre-
sentedin Section4.

4. Results

In our experiments,we usea databaseof 107 vehicle
modelsfrom the commerciallyavailableD'Esponamodel
library [8] re-scaledto their actualsize. Our implementa-
tion is basedon3-D pointcloudsof dataratherthanon3-D
surfaces(e.g.,surfacemeshes).Working with point clouds,
thedefaultoutputof many 3-D sensors,allowsclassi�cation
of queryscenescontaininglarge levels of noisetypical of
the aforementionedscenarioswithout solving the dif�cult
problemof surfacereconstructionfrom noisypointdata.

The modelsandscenesin our experimentsweregener-
atedusinga laserscannersimulator, which modelsimpor-
tant characteristicsof a 3D sensor, suchas self-occlusion
andtheeffectof thelaserfootprint.Usingasyntheticallows
us to control variousaspectsof the data,suchasviewing
angleandnoiselevel. The modelpoint cloudswerecon-
structedfrom eightviewsof theobject,equallyspacedover
a360degreecirclearoundtheobject,with a45degreedec-
linationangle(see�gure 1 a). Querysceneswereformedin
asimilarmanner, exceptthatonly two viewswith 45degree
spacingwereused.Gaussianrandomnoisewith a standard
deviation of 5 cm was injectedalong the sensor's line of
sight. Consequently, eachsceneis only a partial view of
theobject,with typicalselfocclusionof 50%of thesurface
(see�gure 1 b). Two randomqueryscenesweregenerated
for eachobjectin thedatabase.

Signaturesfor themodelsarecomputeduniformly at 20
cm intervalsover theoccupiedvolumeof eachpoint cloud.

(a)Class1

(b) Class2

(c) Class3

(d) Class4

(e) Class5 (f) Class6

(g) Class7 (h) Class8

(i) Class9 (j) Class10

Figure 3. Partitioning the database into 10 classes automat-

icall y using agglomerative clustering. Objects in black squares

are the prototypes selected by Algorithm 2.



Figure 4. Confusion matrices for Classi�er s 2, 3 and 4 re-

spectivel y on automatic classes from Figure 3. Each row cor -

responds to a noisy scene while each column corresponds to

a class. Rows corresponding to models in the same class are

stacked tog ether whic h gives rise to that pattern in the matrices.

In the picture , dark blue = 0 and dark red = 1.0

Whencomparinga queryto a model,only oneof the two
pointcloudsneedsto besampleddensely, soasetof 200ba-
sispointsis selectedrandomlyfrom eachscenepointcloud
for computingthe signatures.The signatureswe useare
spin-images[15], which arecomputedusing15 � 15 bins
anda cylindrical supportregion with radiusandheightof
2.5m.

Oneway to visualizethe classi�cationresultsis with a
confusionmatrix (see�gure 4). Eachrow of the matrix
correspondsto asinglequery, andeachcolumncorresponds
to an objectclass.Cell i , j in a confusionmatrix contains
thefractionof signaturesfrom queryi thatmatchedclassj
best.Thequeriesaresortedin thesameorderastheclasses
so that the groundtruth falls in blocksalongthe diagonal.
Anotherevaluationmethodis therank-kcurve,whichplots
the fractionof correctqueriesthat fall in the top K classes
asa functionof K (see�gure 5).

Figure 3 shows 10 classesobtainedfor the 107 model
databaseusingthe automaticclassselectionalgorithmde-
scribedin section2.2.Noticethattheclassformationmakes
intuitivesensein thatobjectswithin eachclasshavesimilar
shapes.

The black squaresin �gure 3 indicatethe objectspace
prototypesselectedby the algorithm in section3.1. The
proportionof objectprototypesin eachclassis smallerfor
largerclasses:class-1with 38objectshasonly5 prototypes.
The selectionof prototypesseemsto cover the rangeof
shapeswithin theclass.We noticedthatthenumberof pro-
totypesfor automaticallyselectedclasses(27 prototypes,
75% reduction)is far fewer thanhand-pickedclasses2 (59
prototypes,45%reduction).

2Five classeswere manuallyselectedby their functionality from the
objectdatabase

Figure 5. Rank-k cur ve cur ve comparing perf ormance of all

the three prototype selection algorithms on a set of 107 scenes.

Mixed prototypes perf orms better than the other two.

Whentheobjectprototypesareusedin classifyingquery
scenes(noisypartialviewsof models),weget85.5%classi-
�cation rate(31wrongoutof 214scenes).Figure4ashows
the confusionmatrix for classi�cation usingobjectproto-
types(Classi�er-2). For thesame10 classes,we computed
prototypesin featurespace(Section3.2).Classi�cationrate
when testedon 214 scenes(2 per object) using the pro-
totypesis 97.66%. Figure4b shows the confusionmatrix
for this experiment. The savings in termsof time in this
methodarehigherthantheobjectspacemethod.For each
class,we haveonly 300representativeprototypesignatures
(comparedto anaverageof 2500signaturesperprototypein
theobjectspacemethod).We alsoappliedAlgorithm 4 to
�nd themixedprototypesfor the10 classes.Our approach
merelyaddsthe modelscorrespondingto the scenesmis-
classi�edby thefeaturespaceprototypeclassi�er to thelist
of prototypemodels.Also, we usedonly onesceneperob-
ject in the training phase.Figure4c shows the confusion
matrix for mixed prototypes.The performanceimproved,
comparedto classi�ers2 and3. The rank-k curve for the
threeclassi�ersis shown in Figure5. Themixedprototype
classi�er outperformstheothertwo, asexpected.

Table 1 shows the performancecomparisonof vari-
ouscombinationsof algorithms.Automatic-class-selection
with mixed-prototypeshasa goodtrade-off betweenclassi-
�cation accuracy andspeed.

5. Conclusion

The resultsin table 1 show that one can achieve sig-
ni�cant increasein speedof classi�cation without sacri-
�cing classi�cation accuracy by using prototypesto rep-
resentclassesof 3-D objects. Also, we concludethat us-
ing classesautomaticallygeneratedusingshapesimilarity



classes prototype
space

#sigs classi�cation
accuracy

reduction
in time

both (classi-
�er 1)

- 304524 100% 0 %

handpicked object 169084 90.2 % #pro-
totypes= 59)

44.5%

handpicked feature 1500 88.32% 99.5%
handpicked mixed 79016 91.59% 74.0%
automatic object 75755 85.5% (#pro-

totypes= 27)
75.1%

automatic feature 3000 97.66% 99.0%
automatic mixed 14654 99.06% 95.2%

Table 1. Comparison of perf ormance of various classi�er s

and class selection methods. Column 2 sho ws the number of

signatures in the database for each of the classi�er s. The last

column gives the reduction in classi�cation (testing phase) time

compared to the �r st row. Classi�cation accurac y repor ted for

the Mixed prototype classi�er s is onl y on 107 scenes, while the

rest are on 214 scenes.

measureimproveclassi�cationaccuracy comparedto hand
picked classes. The similarity measurede�ned is analo-
gousto theclassi�cationalgorithm(s)used.While thecon-
ceptswereprimarily testedin low-noiseclutter-free envi-
ronments,the work will be extendedto handlecluttered
scenesin thefuture.
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