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Abstract

Mostreseach on 3-D objectclassi cation andrecagnition
focuse®nrecanition of objectsin 3-D scenedroma small
databaseof known3-D models.Sud an approad doesnot
scalewell to large database®f objectsand doesnot gen-
eralize well to unknown(but similar) objectclassi cation.
Thispaperpresentswo ideasto addresstheseproblems(i)
classselectionj.e., groupingsimilar objectsinto classegii)
classprototyping i.e., exploiting commonstructuie within
classesto representthe classes. At run time matding a
gueryagainstthe prototypeds sufcient for classi cation.
This approadc will not only reducethe retrieval time but
alsowill helpincreasethegenerlizing powerof the classi-
cation algorithm. Objectsare sggmentednto classesau-
tomatically using an agglomeitive clustering algorithm.
Prototypesfrom theseclassesare extracted using one of
three class prototyping algorithms. Experimentalresults
demonstate the effectivenes®f the two stepsin speeding
uptheclassi cation processwithoutsacri cing accuracy.

1. Intr oduction

Recognitionand classi cation of threedimensional(3-
D) objectsis anareaof active researchn 3-D computevi-
sion. Mostresearchiocusenrecognitionof objectsn 3-D
scenedrom a small databasef known 3-D models. Such
anapproachsuffersfrom two mainlimitations: rst, it does
not scalewell to large databasesf objects,andsecond t
doesnot supportrecognitionof objectsthatare similar to,
but notidenticalto, modelsin the databaseThis paperad-
dressesheseproblemsusing3-D objectclassi cation.

A naturalway to dealwith large numbersof objectsis
to exploit the similarity within classe®f objects(mary ob-
jectsaresimilar to a generictruck) andto exploit the com-
monstructuresharedy theobjectsin aclass(pickuptrucks
have similarly shapectamgo areas).Theformeris achieved
by sgmentingthe databasénto groups(classespf similar
objectsandthe latter by representinggachgroupby a few
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representatie membergprototypes).Objectclassi cation
onits own is usefulfor mary applicationspr it canbeused
asaninitial phasdn anobjectrecognitionsystem.By rst
identifyingtheobjectclassthesearctspacdor laterphases
of recognitioncanbedramaticallyreducedspeedingip the
overall retrieval procesanary fold. In this work we focus
onthefollowing two issues:

- automaticclassselection— sgmentthe databasénto
disjointgroupsof objects(classes);

- automaticclassprototyping—identify asmallsetof in-
stancesvhich enableusto predictthe classof aquery
accurately

Partitioning of the modeldatabasénto 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). Besidesmproving the systemperformance,
thisalsohelpsin hierarchicalepresentationf thedatabase.

Classprototyping has beenstudiedextensiely by the
machindearningcommunityto reducestoragespacd4, 17,
23] andsearchime [3, 12] for NearesNeighborclassi ers
without sacri cing classi cationaccuray. We extendone
of thesetechniquego nearesneighborclassi er in model
spacefor 3-D object databases.Prototypesare extracted
for eachof the classeseparatelyn the training phase.At
run-time(testingphase)aqueryis classi edinto oneof the
prede ned(manually/automaticallyflassesy comparing
the queryto prototypesof eachof the classeqprototypes
arefar fewer in numberthanthe total numberof objectsin
thedatabase)Also, this classi cationcanbeusedto prune
thesearchn laterstages.

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



clusion. In this work, a pre-processingtageautomatically
identi es volumesof interest(VOIs), which areregionsof

datalikely to containa vehicle. TheseVOls sene asin-

putto our classi cationalgorithm(see gure 1). Here,we

assumehatonly oneobjectis presenin eachVOl.

Our approachto classi cation is basedon the well-
establishednethodof usingsemi-localshapesignaturegor
objectrecognition. Previous researchthas shovn that the
shapeof a 3-D objectis well-representetdy a collectionof
shapesignaturescomputedat basispointsdistributed over
the objects surface[21, 7, 15]. A signaturecomputedat a
basispoint p summarize®bjectshapan a compactregion
of supportsurrounding. An objectsoverallshapasrepre-
sentecby the setof signaturesxtractedfrom samplebasis
pointson the surface. For recognition,the signaturegrom

all modelobjectsarestoredin a modelsignaturedatabase.

At run-time, signaturesare extractedfrom a query scene
andmatchedo thesignaturesn themodeldatabasesinga
nearesheighborclassi er. The modelsthatmatchthe most
scenesignaturesreselectedor veri cation, andtherecog-
nizedmodel(if ary) is selectedrom this list.

For classi cation,the processs similar, exceptthateach
classis representedby the signaturedrom all objectsin a
class.In algorithmicterms,thefollowing classi eris used:

Classi er 1 (Object classi cation using shapesignatures)
Given a database with a set of N™ models
M = fMjg;1 i N™ and their signatue repre-
sentationsandgivena queryQ then

1. represenead classC; by S; setof all signatuesfrom
My; 8M Kk 2 Ci
2. representhequeryQ by a setof N § signatuesS,

3. usel-NeaestNeighbor(1-NN)rule to classifysigna-
ture fromthe queryagainstall classes.

4. usethe signatue classi cationsin step(3) to classify
thequeryQ:

# of signatuesfrom Sy labeledasc,
total # of signatuesfromq(= N )

prob(CijQ) =

thenQ 2 C; if prol(CijQ) > prol(C; jQ)

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

Classselectionis the procesof catayorizing the setof
objectsin the databasénto classef similar objects(e.g.,
pickuptruck class). Whenpeopleselectclassesnanually

@

Figure 1. (a) An example vehicle model from the database . (b)
A noisy query point cloud for the same object. Note the signi -
cant self occlusion.

they naturally group objectsbasedon their functionality
ratherthanon their appearancghink of the classof chairs,
for example). However, in our system,it is importantto
groupobjectsbasedon shapesimilarity, sincethe recogni-
tion is ultimately shapebased.

The key stepin automaticclassselectionis de ning a
measureof similarity betweenmodels. We computethe
similarity betweerall pairsof modelsin thedatabaseprm-
ing a similarity matrix. Then, hierarchicalclusteringtech-
niguesareusedto groupthe modelsinto classes.

2.1. Model similarity measuie

Findingsimilarity betweerntwo 3-D objectsis a dif cult
problem. How similar is a busto a car? It doesnot make
muchsense.However, it is possibleto developa measure
whichre ectssomeabstrachotionsof similarity (Ford Tau-
rusis moresimilarto a HondaAccordthanto a GeoMetro,
for example).We proposehefollowing similarity measure.
Giventwo modelsM;;M; 2 M. Let, the numberf; be
the fraction of signatureson modelM; whosebestmatch-
ing signaturecomesfrom modelM; whenthesignature®f
M; areremovedfrom thesignaturedatabaseThesimilarity

betweerthetwo modelsis now de ned as,
8
S 05 f; +fi i8]
sim(Mi;Mp) = > 0T (1)
) otherwise

Sometimesit is morecorvenientto to usethedistancemea-
sure

dist(Mj;M;) =1 sim(M;; M;) (2)
However, dist is not a true distancemetric, sinceit does
not satisfy the triangle inequality The similarity measure
de ned aboveis symmetricandtakesvaluesbetweer0 and
1. This de nition of similarity is consistenwith the algo-
rithm usedin coarseclassi cationasit amountso comput-
ing partial confusionmatricesbetweenrall possiblepairsof
models. For example,Figure 2 shavs the valuesof simi-
larity of a model comparedo all the other objectsin the
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Figure 2. Similarity values of an example object (left) with
models in the database. The models are sorted by order of in-
creasing similarity from left to right. The most similar object is
from the same class as the query, while the least similar object
is abus.

databas¢Section3). Our de nition of similarity is not an
absoluteneasur®f modelsimilarity, becausé dependsn
themodelsin thedatabase.

2.2. Model clustering

Clusteringhasbeenstudiedextensiely in the machine
learning, statistics,and datamining communities(see[9]
for a good introduction). Clusteringcan be broadly cat-
egorizedinto partition-methodge.g., k-means) hierarchi-
cal (e.g., agglomeratie), and model-basedprobabilistic)
methods. The majority of the techniquesequirethat the
datapoints (modelsin our case)lie in a Euclideanspace,
whichis violatedin our scenario.

We have experimentedvith a variety of clusteringtech-
niques[20]. In this paperwe focuson hierarchicakluster
ing methodswhichdo nothave strictrulesonthe similarity
measureor requirementof the databeingin a Euclidean
spaceHierarchicaklusteringouilds atreeof clusterscalled
a dendogram.The childrenof eachnodein the tree parti-
tion the nodes objectsinto sub-clustersHierarchicalclus-
teringmethodsarecateyorizedinto agglomeratie anddivi-
sive [13]. Theformer startswith one-pointclustersandre-
cursively memgestwo mostsimilar clusterswhile the latter
startswith oneclusterof all pointsandrecursvely splitsthe
mostappropriatecluster In boththecasestheprocesson-
tinuesuntil a stoppingcriterionis met (e.g.,targetnumber
of clustersobtained) Here,we useagglomeratieclustering
to groupsimilar modelsinto classes.

In agglomeratie clustering, each object is initially
placedin a separatecluster At eachiteration, the two
most similar clustersare memged. To computesimilarity
betweenclusters,we generalizethe similarity measuran
Section2.1. How similar is a group of cars to a group of
trucks? Thereis no easyanswerto this question,and nu-
merousheuristics(calledlinkage method} have beenpro-

posed[18]. In this work, we usedthe averagelinkage
heuristic. Thatis, the distancebetweentwo groupsis de-
ned asthe averagedistancebetweerall pairsof objectsin
differentgroups.Algorithm 1 givesthestepsn ouragglom-
erative clusteringprocedure.

Algorithm 1 agglomeratre_clustering(M ; S; k)

Require: M = fM;:1 i N™g, adatabasef objects
and
S,anN™ N™ matrix with similarity betweerevery
pair of modelsand
k, thenumberof desiredclasses

1: G ( M

2: num_classes= N™

3: while num _classes> k do

4: nd theneamestpair of distinctclustersC; andC;
usingS andavelage link heuristic.

5: Ci ( Ci [ Cj

6: DeleteC;

7:  num_classes( num_classes 1

8: endwhile

3. Automatic ClassPrototyping

ClassPrototypingis the procesof extractingrepresen-
tatives, i.e., prototypesfor aclass. By comparinga query
objectto classprototypeqwhich arefewerin numberthan
the classcardinality) one can achiese a signi cant speed-
up in matchingperformanceThe classesnaybegenerated
automaticallyasdescribedn the previoussection),or they
maybe manuallyspeci ed by a humanexpert.

Classi cation using nearesteighbor (NN) algorithms
hasshavn to performvery well in practice[9]. The naive
approachof exhaustvely searchingfor the minimum dis-
tanceto a query becomesmpracticalfor large databases.
Improvedef ciency canbeachievedthroughdatastructures
suchask-d trees[2], projection[3], and bucketing [22].
Othermethodsachiese ef ciency by only nding approxi-
matenearesheighbord12][19]. Besidegheretrieval time,
thesecondoroblemthatNN classi cationtechniquesufer
from is the indiscriminatestorageof all presentedraining
data[9].

Both the above problemscanbe solved by reducingthe
large training setto a small, representatie prototypeset,
while minimizing the costin classi cationaccurag. Two
popular approachedo learning prototypesfrom training
dataareinstanceltering andinstanceabstractiori16, 17].

Instance Itering methodsreducedata set by remov-
ing the super uousinstancestetainingonly therepresenta-
tive/criticalinstance$rom theoriginaldataset[5, 17]. This
is usuallydoneusingediting rulesto pick the unnecessary
instancedrom the training dataandremove themfrom the



training set. Hart proposedhe CondensedNearestNeigh-
bor (CNN) algorithm[11], which startsby randomlystoring
oneinstanceor eachclassastheinitial subsetindstoresn-
stancesis-classi edby thecurrentsubsetGatesproposed
theReduced\earestNeighbor(RNN) algorithm[10], atop
down versionof CNN, whichremovesaninstancegrom the
training dataonly if the removal doesnot causeary mis-
classi cationof otherinstancesBoth CNN andRNN were
de ned for 1-NN classi cation. Many similar editingrules
have beenproposedn the literature,variantsof CNN like
IB1 throughlB3 [1]. Martinezetal proposenstanceprun-
ing techniquedRT1 throughRT3 [23], which aresimilar to
RNN, but usek-NN rules.They remove aninstancdf most
of theotherinstancesreclassi edcorrectlywithoutit. [17]
and[5] give a more comprehensie list of previous work.
The ltering methodsaretypically simplerandfaster The
underlyingassumptiorof all the Itering techniquess that
idealexamplesarepresentn theoriginal (training) dataset,
whichlimits the generalizatiortapability

Instance abstractionapproachesreduce the data set
by generatingarti cial prototypes(instancesthat are not
presentin the original data), summarizingrepresentatie
characteristicef similarinstance$17]. Changsalgorithm
[6] is oneof the earliestinstanceabstractiorschemesThe
methodinitializes every point to be a prototypeandrecur
sively attemptsto memge two closestprototypes(irrespec-
tive of the classthey belongto) into a new one, which is
a weightedmeanof the two memed prototypes. Bezdek
et al modify Changs methodinto onewhich averagesn-
stanceausingsimple meanand meigesprototypesbelong-
ing tothesameclassonly [4]. A non-exhaustvelist of these
techniquesncludessequentialcompetitve learningmod-
elssuchask-meand9], learningvectorquantizationLVQ)
andits variantg4], andtheDeerRabbitmodel[4]. Noneof
thesetechniquesiselabelsfrom thetrainingdata.[4] gives
avery goodcomparisorof thesetechniquesndalsoshows
that instanceabstractioncan perform betterthan Itering.
[17] hasallist of someof the existing abstractiormethods.
The prototypesobtainedby abstractiorcanbe morerepre-
sentatve thanthoseobtainedfrom Itering andhave more
generalizingpower.

We have developedtwo main approachesor selecting
prototypesA prototypepointcanbeapointin modelspace
(e.g.,apickuptruck model)or apointin featurespacge.g.,
ashapesignatureextractedfrom apickuptruck model). We
usea ltering approacho extractprototypesn objectspace
(Section3.1), and an abstractionapproachfor extracting
prototypesin featurespace(Section3.2). In practice,the
abstractionand ltering methodscan be effectively inter-
leaved using different stratgjies; this is the approachused
for extractingmixed prototypegSection3.3).

Algorithm 2 Filtering (M ;fC;g)
Require: M = fM; 11 i

N Mg, a databasef ob-

jects;

Ci, thesetof disjointclasses
L P ( C 81 k N
22t( 1
3: repeat

4: forallk2f1;2;:::;N°gdo

5: P& (P g
6: for all modelL 2 P"; do
7 createa new setof prototypesPﬁ’?t =P% L
8 P™( j'\l=1;jskpj?t1 1
o: P™( P™[ PN
10: num _miscl ass =
f ind _miscl assif ication (Cy;P™)
11 if num _misclass== 0then
12: PM (P
I*RemovelL fromthelist P"; */
13: end if
14 endfor
15:  endforg
16 P™( T P
17: forallk2 f1;2;:::;N°gdo
18: P ( test_classif ication (Cx; P™)
19: endfor

20: until nomodelcanberemovedfromP; 81  k
N C

3.1. Prototypesin Object space

In this case the objective of prototypingis to extracta
subsetof models,called prototypemodels P" from each
classCy. At run-time,the signaturedrom the input scene
arematchedagainsthesignature®f all theprototypemod-
elsof all classes.As long as,jP"j 1 jCxj, for all the
classesthedesiredsaving in classi cationtimeis achieved.
This approacimplementsinstanceltering — the intuitive
notion of prototypeobjectsasobjectswhich are mostrep-
resentativeof a class Matchingwith small subsetof pro-
totype modelsis sufcient to establishclassidentity. The
generalframewnork, developedoriginally in the contet of
nearest-neighbarlassi cation, mapsdirectly to our prob-
lem. The datapoints are objectsin the databaseand the
correspondingabelsaretheids of the classeso whichthey
belong.

We implementeda variationof RNN [10] and RT2[23]
algorithms. Our implementationusesthe following basic
ruleto decideif it is safeto remove aninstancerom thein-
stancesetP." (whereP" = C initially). Theeditingrule
“remove an instance from the current set of prototypes

1jAj = thenumberof elementsn setA



PO if none of the elements in the class Cy are mis-
classied without it” ensuresthat the mis-classi cation
rateis zewo on the training set. Also, this rule is sensitve
to the orderof presentatiomf traininginstancesn Cy. Our
algorithmordersthe instancedn classCy usingthe rule,
The element most similar to all the other elements in
the class C¢ rst. We usethe de nition of similarity de-
scribedin Section2.1. Thedetailedstepsn nding thepro-
totypesin modelspaceare shavn asAlgorithm 2. In this
algorithm, the mis-classi cationsin Line 10 arefound us-
ing thefollowing classi er:

Classi er 2 (Classi cation using model prototypes)
Given the set of prototype models(for all classes);
pm Ci is the set of prototypesfor class C; and

NP = INzcl jP™j, andgivena queryQ then

1. representad classC; by a setof signatues,S; from
all the prototypemodelgP;™ |

2. step2,3and4 fromClassier 1

The order in which the modelsare presentedn step
6 of Algorithm 2 is implementedby picking the model
from P, which is mostsimilar to othersin the classCy.
The procedure nd _misclassi cation evaluatesthe classi-
cation performanceusing the updatedprototypesfor all
the classes. Proceduretestclassi cation is the sameas
nd _misclassi cationexceptthatthe evaluationis doneon
all the modelsfrom all the classesand that the prototype
list is thelist updatedor all the classesfteraniterationof
Itering (asmentionedn line 16).

3.2. Prototypesin feature space

The goal of prototypingin featurespaceisto nd are-
ducedsetof signaturegcalledprototypesignatuesPy) for
eachclassCy thatarerepresentatie of thatclasswhile en-
suringthatmatchingwith this reducedsetsufces for iden-
tifying the classof a query We implementeca batchpro-
totypingalgorithmwhich createsa setT’ of prototypesig-
natureformedfrom the original signaturesT . Unlike the
setof prototypesn objectspaceT°6 T. Thetrainingdata
in modelspace(the classesarespeci edin termsof which
modelbelongsto which class),T™ is corvertedto training
datain the featurespace,T 3, whereall signaturesrom a
modelM; in aclassCy arelabeledasbeingin thatclass.

Giventhis training data, The algorithmfor prototyping
in featurespacecanbe summarizedsfollows: For each
class C;i, divide the set of N signatures S <% into
a xed number K of clusters. Record the K cluster
centers in <9 as the prototypes in feature space, P?,
for class C;.

The k-meanstlusteringalgorithm[9] is usedin cluster
ing thesignaturesnto apre-speci ednumberK of clusters.

We usethe Euclideandistanceo measurghedis-similarity
betweertwo signaturesThestepsn nding the prototypes
aredescribedn Algorithm 3.

Algorithm 3 Abstractior{M ; f C;g)
Require: M = fM; : 1 i NM™g, adatabas®f ob-
jects;
Ci, thesetof disjoint classes
P9 ( Ck; 81 k N°€
: K ( 300

A W NP
—
o
=
Q
x~
N
—h
=
»
Z
o
«Q
Q.
o

P¢ ( k-means(Sg; K)
Sk is thesetof signaturegfeaturesfrom classCy
5: endfor

Oncewe havethesetof prototypefeaturedor all classes,
thefollowing ruleis usedto classifyquerysignatures.

Classi er 3 ( NearestPrototype Classi er) Giventhe set
of P setof prototypesignatuesfor classC; anda queryQ

1. representlassC; by a setof signatues,S; = P?

2. step2,3and4 fromClassier 1

Classi er 3 simply statesthat, a query signatureshould
be assignedh classlabel of the nearesprototype.Onecan
extend this to k-nearestprototypeclassi cation, which is
similar to k-NN. Classi cationof a queryobjectQ follows
in thesamdinesastheclassi cationdescribedn Classi er
3.

3.3. Mixed prototypes

Classeghat are constructednanuallyoften containob-
jectsthatdo not groupwell together For example,a truck
classmay containa few objectsthat are muchlarger than
all the otherobjectsin the class,which cannotbe clustered
in with the restof the class. In suchcasesit is bene cial
to combinethe featurespaceandobjectspaceapproactby

rst doing the featurebasedprototypingasin Section3.2

andto augmentthe representatiotby the objectsnearthe

borderof the classboundariesnamelythe modelsthatare

mis-classi edby the featurespaceprototypes At run-time,
thesignaturegrom aninput scenearecomparedotonly to
theclustercentersasbefore,but alsoto the signaturegrom
theindividual prototypeobjectsfrom eachclass.Thesigna-
turesfrom clustergepresenthe average shapein theclass,
while the signaturesrom the extra object prototypesrep-

resentthe outlier shapesn the class. This providesan ap-

proachto prototypingthatis robustto outliersin theclasses.

Thereare mary waysto inter-leave the abstractiorand

Itering phasd17]. In our casethesearethe stepswe take
to nd themixedprototypesdescribedasAlgorithm 4:



Algorithm 4 MixedPrototype@V ; f Cig)

Require: M = f Mg, adatabasef objectsand

Ci, thesetof disjoint classes

1: nd prototypesin featurespaceP;° for eachclassC;
usingthealgorithm3

2: testtheclassi cationon asetof queryscenesisingthe
stepsdn Classi er3

3: if ary sceneQ, correspondingo modelMy 2 C;, is
mis-classi ed thenupdateP® usingtherule (addall the
signaturefrom the modelM ¢ to the list of prototype
signaturegor the correspondinglass):
Ps = P?[ fall signaturesrom Mg

Classi er 4 (classi cation using mixed prototypes) :
Giventhe setof prototypesn featule space P;° which also
includes signatues from prototypesin model spaceP;"
for classC; (Algorithm4), and givena queryQ, thenuse
Classi er 3andf Pjg to classifythe queryQ.

Classi cationalgorithm4 is usedin classifyinga query
objectusing mixed prototypes. All three prototypealgo-
rithmsimprovedthe speedf classi cation;resultsarepre-
sentedn Sectiord.

4. Results

In our experiments,we use a databaseof 107 vehicle
modelsfrom the commerciallyavailable D'Esponamodel
library [8] re-scaledo their actualsize. Our implementa-
tion is basedon 3-D point cloudsof dataratherthanon 3-D
surfaceg(e.g.,surfacemeshes)Working with point clouds,
thedefaultoutputof mary 3-D sensorsallowsclassi cation
of queryscenescontaininglarge levels of noisetypical of
the aforementionedcenariosvithout solving the dif cult
problemof surfacereconstructiorfrom noisy point data.

The modelsandscenesn our experimentswere genef
atedusinga laserscannesimulator which modelsimpor-
tant characteristic®f a 3D sensor suchas self-occlusion
andtheeffectof thelaserfootprint. Usingasyntheticallows
us to control variousaspectof the data, suchas viewing
angleandnoiselevel. The modelpoint cloudswere con-
structedrom eightviews of the object,equallyspacedver
a360deagreecircle aroundthe object,with a 45 degreedec-
linationangle(see gure 1 a). Queryscenesvereformedin
asimilarmannerexceptthatonly two viewswith 45degree
spacingwereused.Gaussiamrandomnoisewith a standard
deviation of 5 cm was injectedalongthe sensors line of
sight. Consequentlyeachsceneis only a partial view of
theobject,with typical self occlusionof 50% of thesurface
(see gure 1 b). Two randomqueryscenesveregenerated
for eachobjectin thedatabase.

Signaturegor the modelsarecomputeduniformly at 20
cmintervalsoverthe occupiedvolumeof eachpoint cloud.

(a) Classl
(b) Class2
(c) Class3

H

(d) Class4

HEN

H

(e) Classb (f) Class6
(9) Class? (h) Class8
(i) Class9 (j) Class10

Figure 3. Partitioning the database into 10 classes automat-

ically using agglomerative clustering.

Objects in black squares

are the prototypes selected by Algorithm 2.



Figure 4. confusion matrices for Classier 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

When comparinga queryto a model,only one of the two
pointcloudsneeddo besampledienselysoasetof 200ba-
sispointsis selectedandomlyfrom eachscenepoint cloud
for computingthe signatures. The signatureswve useare
spin-imageg15], which arecomputedusing15 15 bins
anda cylindrical supportregion with radiusand height of
2.5m.

Oneway to visualizethe classi cation resultsis with a
confusionmatrix (see gure 4). Eachrow of the matrix
correspondso asinglequery andeachcolumncorresponds
to anobjectclass.Cell i, j in a confusionmatrix contains
thefractionof signaturegrom queryi thatmatchedclassj
best.Thequeriesaresortedin the sameorderasthe classes
sothatthe groundtruth falls in blocksalongthe diagonal.
Anotherevaluationmethodis therank-kcurve,which plots
the fraction of correctqueriesthatfall in thetop K classes
asafunctionof K (see gure 5).

Figure 3 shows 10 classesobtainedfor the 107 model
databaseisingthe automaticclassselectionalgorithmde-
scribedn section?.2. Noticethattheclassformationmakes
intuitive sensen thatobjectswithin eachclasshave similar
shapes.

The black squaresn gure 3 indicatethe objectspace
prototypesselectedby the algorithmin section3.1. The
proportionof objectprototypesn eachclassis smallerfor
largerclassesclass-lwith 38 objectshasonly 5 prototypes.
The selectionof prototypesseemsto cover the range of
shapeswithin the class.We noticedthatthe numberof pro-
totypesfor automaticallyselectedclasseg27 prototypes,
75% reduction)is far fewer than hand-picled classe$ (59
prototypes45%reduction).

2Five classesvere manually selectedby their functionality from the
objectdatabase

Figure 5. Rank-k curve curve comparing performance of all
the three prototype selection algorithms on a set of 107 scenes.
Mixed prototypes performs better than the other two.

Whentheobjectprototypesareusedin classifyingquery
scenegnoisypartialviews of models) we get85.5%classi-
cation rate(31wrongoutof 214scenes)Figure4ashavs
the confusionmatrix for classi cation using object proto-
types(Classi er-2). For the samel0 classesywe computed
prototypesn featurespacqSection3.2). Classi cationrate
when testedon 214 scenes(2 per object) using the pro-
totypesis 97.66%. Figure 4b shaws the confusionmatrix
for this experiment. The savings in termsof time in this
methodare higherthanthe objectspacemethod. For each
classwe have only 300representatie prototypesignatures
(comparedo anaverageof 2500signatureperprototypein
the objectspacemethod). We alsoappliedAlgorithm 4 to
nd themixed prototypedfor the 10 classesOur approach
merely addsthe modelscorrespondingo the scenedamis-
classi edby thefeaturespaceprototypeclassi er to thelist
of prototypemodels.Also, we usedonly onesceneperob-
jectin the training phase. Figure 4c shows the confusion
matrix for mixed prototypes. The performancemproved,
comparedo classi ers2 and 3. The rank-k curve for the
threeclassi ersis shaovn in Figure5. The mixed prototype

classi er outperformghe othertwo, asexpected.

Table 1 shawvs the performancecomparisonof vari-
ouscombination®f algorithms.Automatic-class-selection
with mixed-prototypesasa goodtrade-of betweerclassi-

cation accurag andspeed.

5. Conclusion

The resultsin table 1 shav that one can achiese sig-
ni cant increasein speedof classi cation without sacri-
cing classi cation accurag by using prototypesto rep-
resentclassef 3-D objects. Also, we concludethat us-
ing classesautomaticallygeneratedising shapesimilarity



classes prototype | #sigs classi cation reduction
space accurag in time

both (classi- | - 304524 | 100% 0%

er 1)

handpicked object 169084 | 90.2 % #pro- | 44.5%
totypes= 59)

handpicked feature 1500 88.32% 99.5%

handpicked mixed 79016 91.59% 74.0%

automatic object 75755 85.5% (#pro- | 75.1%
totypes= 27)

automatic feature 3000 97.66% 99.0%

automatic mixed 14654 99.06% 95.2%

Table 1. Comparison of performance of various classier s
and class selection methods. Column 2 shows the number of
signatures in the database for each of the classier s. The last
column gives the reduction in classi cation (testing phase) time
compared to the r st row. Classication accuracy repor ted for
the Mixed prototype classier s is only on 107 scenes, while the
rest are on 214 scenes.

measura@mprove classi cationaccurag comparedo hand
picked classes. The similarity measurede ned is analo-
gousto theclassi cationalgorithm(s)used.While the con-
ceptswere primarily testedin low-noiseclutterfree ervi-

ronments,the work will be extendedto handlecluttered
scenesn thefuture.
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