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ABSTRACT

This paperdescribesa novel view-basedalgorithm for
3D objectrecognitionusinga network of linear units. The
SNoW learningarchitectureis a sparsenetwork of linear
functionsoverapre-definedor incrementallylearnedfeature
spaceandis specificallytailoredfor learningin thepresence
of a very large numberof features.We usethe pixel-level
representationin the experimentsand comparethe perfor-
manceof SNoW with SupportVectorMachinesand near-
est neighbormethodson 3D object recognitionusing the
100objectsin theColumbiaImageObjectDatabase(COIL-
100). Experimentalresultsshow thatSNoW-basedmethod
outperformSVM-basedsystemin termsof recognitionrate
andthecomputationalcostinvolvedin learning.Theempir-
ical resultsalsoprovide insight for practicalandtheoretical
considerationson view-basedmethodsfor 3D objectrecog-
nition.
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1 Introduction

View-basedobjectrecognitionhasattractedmuchatten-
tion in recentyears.In contrastto methodsthatrely on pre-
definedgeometric(shape)modelsfor recognition,theprob-
lem is posedas one of matchingappearanceof an object
in a two-dimensionalimageagainstthe compactmodelsof
objects’ appearancelearnedfrom two-dimensionalimages
in which theobjectsappearin differentposesandillumina-
tions. The appearanceof an object is the combinedeffects
of its shape,reflectanceproperties,pose,andthe illumina-
tion in thescene.Althoughshapeandreflectanceareintrin-
sic propertiesthat do not changefor any rigid object,pose
andilluminationvary from onesceneto another. Thevisual
learningproblemis viewedasoneto learna compactmodel
of theobject’s appearanceunderdifferentposesandillumi-
nationconditions.

Among the methodson view-basedobject recognition,
parametriceigenspace[9] [10] andsupportvectormachine
approaches[13] havedemonstratedexcellentrecognitionre-
sults on the COIL-20 andCOIL-100 databases.Although
thesesystemscanrecognizeobjectsin almostreal-time,the
computationalcost involved in learningis extremely high.
Consequentlythe methodsin the literatureuseonly small,
oftenunspecified,differentsubsetsof objectsfrom thewhole
databasefor experiments,which makes it difficult to com-

paretheresults.Furthermore,thetrainingsetsusedin these
methodsconsistof imagestaken in nearbyposes(usually�����

apart). This particularexperimentalsetup,as we will
show, makesthe learningproblemlesschallenging.It is of
greatinterestto comparetheperformanceof thesemethods
whenonly a limited numberof views of theobjectsarepre-
sentedduringtraining.

In thiswork, weproposeamethodthatappliestheSNoW
(SparseNetwork of Winnows) learning algorithm [15] to
3D objectrecognitionandcomparetheperformanceof our
methodwith theSVM andnearestneighbormethods.SNoW
is a sparsenetwork of linear functionsthatutilizestheWin-
now updaterule [7]. SNoWis specificallytailoredto learn-
ing in domainsin which the potentialnumberof features
taking part in decisionsis very large,but may be unknown
a priori . Someof the characteristicsof this learningarchi-
tectureareits sparselyconnectedunits,theallocationof fea-
turesandlinks in adatadrivenway, thedecisionmechanism
andtheutilizationof anfeature-efficientupdaterule. SNoW
hasbeenusedsuccessfullyon a varietyof largescalelearn-
ing tasksin natural languageprocessing[15] [4] and face
detection[16].

This paperis organizedas follows. We review the re-
latedview-basedmethodsthatlearnto recognize3D objects
in Section2. The motivation and the SNoW learningar-
chitectureare discussedin Section3. Section4 presents
experimentalresultsand comparesthe performanceof the
proposedmethodwith theSVM andnearestneighbormeth-
ods.We concludethis paperwith commentson theselearn-
ing methodsandfuturework in Section5.

2 Related Work

A numberof view-basedschemeshavebeendevelopedto
recognize3D objects. PoggioandEdelman[12] show that
3D objectscanberecognizedfrom theraw intensityvalues
in 2D images,which we will call hereas the pixel-based
representation,usinga network of generalizedradial basis
functions.They argueanddemonstratethatfull 3D structure
of anobjectcanbeestimatedif enough2D views of theob-
ject areprovided. Turk andPentland[19] demonstratethat
humanfacescanbe representedandrecognizedby “eigen-
faces.” Representingasamplefaceimageasavectorof pixel
values,the eigenfacesare the eigenvectorsassociatedwith
the largesteigenvalueswhich arecomputedfrom a covari-
ancematrix of thesamplevectors.Theattractive featureof
thiswork is thattheeigenfacescanbelearnedfrom thesam-
ple imagesin pixel representationwithoutany featureselec-



tion. Theeigenspaceapproachhassincebeenadoptedin dif-
ferentvision tasksfrom facerecognitionto objecttracking.
MuraseandNayar[9] [10] developa parametriceigenspace
methodto recognize3D objectsdirectly from their appear-
ance. For eachobjectof interest,a setof imagesin which
the objectappearsin differentposesis obtainedastraining
examples. Next, the eigenvectorsare computedfrom the
covariancematrix of the training set. The setof imagesis
projectedto a low dimensionalsubspace,spannedby a sub-
setof eigenvectors,in which the object is representedasa
manifold. A compactparametricmodel is constructedby
interpolatingthepointsin thesubspace.In recognition,the
imageof a testobject is projectedto the subspaceandthe
objectis recognizedbasedon themanifold it lies on. Using
asubsetof theColumbiaObjectImageLibrary (COIL-100),
they show that3D objectscanberecognizedaccuratelyfrom
their appearancesin real-time.

Supportvectormachines(SVM) have alsobeenapplied
to 3D object recognition. Scholkopf [18] appliesSVM to
recognize3D objectsin which3D CAD models,suchasan-
imalsandchairs,areusedfor experiments.Theresultsshow
greatpromiseof SVM in visual learning. Pontil andVerri
[13] alsoadoptSVM for 3D object recognition. They use
theCOIL-100datasetfor experimentsin which thetraining
setsconsistof 36 images(one for every

��� �
) for eachof

the 32 objectsandthe testsetsconsistof the remaining36
imagesfor eachobject. For 20 experimentswherethe ob-
jectsarerandomlyselectedfrom theCOIL-100,thesystem
achieves perfectrecognitionrate. Most recently, Roobaert
andVanHulle [14] alsouseCOIL-100to train andcompare
the performanceof SVMs with different input representa-
tions. They alsoshow the performanceof the SVMs when
only a limited numberof views of theobjectsareavailable
in training. Similar to [13], they only usea subsetof the
COIL-100 datasetin the experiments.Also, both methods
uselinear SVMsto recognizeobjectsusingpixel-basedrep-
resentation.

Note that the abovementionedmethodslearn to recog-
nize 3D objectsfrom sampleimagesof varying posesin
pixel-basedrepresentation.Thereexist numerousmethods
that learnmodelsof 3D objectsor featuressuchasoutlines
[11], geometricmoments[2], and local featuredescriptors
[17]. The focusof this paperis to introducea novel learn-
ing methodfor 3D objectrecognitionusingtheraw intensity
valuesin the2D images.

3 Motivation and Approach

Several learningmethodshave beendevelopedto recog-
nize3D objectsfrom their appearancesin varyingposes.In
thissection,wefirst review theSparseNetwork of Winnows
(SNoW) learningalgorithm. The SNoW learningarchitec-
tureis asparsenetwork of linearfunctionsoverapre-defined
or incrementallylearnedfeaturespaceandis specificallytai-
lored for learningin thepresenceof a very largenumberof
features.Weusethepixel-level representationin theexperi-
mentsandcomparetheperformanceof SNoWwith Support
VectorMachinesandnearestneighbormethodson3D object
recognitionusingthe100objectsin theColumbiaImageOb-
ject Database(COIL-100). We thendescribehow we apply

SNoWlearningalgorithmto3D objectrecognition,followed
by a discussionandcomparisonwith theSVM algorithm.

3.1 The SNoW Architecture

The SNoW (SparseNetwork of Winnows) learningar-
chitectureis asparsenetwork of linearunitsover acommon
pre-definedor incrementallylearnedfeaturespace. Nodes
in the input layer of the network representsimplerelations
over theinputandareusedastheinput features.Eachlinear
unit is calleda target nodeand representsrelationswhich
areof interestover the input examples.SNoWcanbeused
for two-classor multiple-classpatternrecognitionproblem.
In this paper, thereasonfor usingSNoWastwo-classclas-
sifier is to have a fair comparisonwith SVM (which is de-
signedfor a two-classpatternrecognitionproblem). For a
two-class( � and � ) problem, two target nodesare used,
oneas a representationfor pattern � and the other for an
pattern� . Similarly, � targetsareusedfor a � -classprob-
lem. Given a set of relations(i.e., typesof features)that
may be of interestin the input image,eachinput imageis
mappedinto asetof featureswhichareactive(present)in it;
this representationis presentedto the input layer of SNoW
andpropagatesto the target nodes. Featuresmay take ei-
therbinaryvalues,just indicatingthefact that the featureis
active (present),or realvalues,reflectingits strength;in the
currentapplication,all featuresarebinary. Targetnodesare
linked via weightededgesto (someof the) input features.
Let ��������� ��!#"$"$"%! �'&)( bethesetof featuresthatareactive
in anexampleandarelinked to the targetnode * . Thenthe
linearunit is activeif andonly if+,.-�/�021 �,4365 �
where1 �, is theweightontheedgeconnectingthe � th feature
to thetargetnode* , and 5 � is its threshold.

In thecurrentapplicationa singleSNoWunit which in-
cludestwo subnetworks,onefor eachof thetargets,is used.
For a two-class( � and � ) problem, a given example is
treatedautonomouslyby eachtargetsubnetwork; that is, an
imagelabeledasa pattern � is usedasa positive example
for the target � andasa negative examplefor the � target,
andvice-versa. Similarly for a � classproblem,an image
labeledasa � is usedasa positive examplefor target � and
asa negative examplefor target 7 , 78� � !$"�"$"%! �9!:!.76;�<� ,
andvice versa.The learningpolicy is on-lineandmistake-
driven; several updaterulescanbeusedwithin SNoW. The
mostsuccessfulupdaterule, and the only oneusedin this
work is a variant of Littlestone’s Winnow updaterule [7];
this is a multiplicativeupdaterule tailoredto thesituationin
whichthesetof input featuresis notknown apriori, asin the
infinite attributemodel[1]. Thismechanismis implemented
via the sparsearchitectureof SNoW. That is, (1) input fea-
turesareallocatedin a datadriven way – an input nodefor
thefeature� is allocatedonly if the feature� is active in the
input imageand(2) a link (i.e.,anon-zeroweight)existsbe-
tweena targetnode* anda feature� if andonly if � hasbeen
active in animagelabeled* . Thus,thearchitecturealsosup-
portsaugmentingthe featuretypesfrom externalsourcesin
aflexible way, anoptionwe do notusein thecurrentwork.



TheWinnow updaterulehas,in additionto thethreshold5 � at the target * , two updateparameters:a promotionpa-
rameter= 3 �

andademotionparameter
��>6?:>@�

. These
areusedto updatethe currentrepresentationof the target *
(thesetof weights 1 �, ) only whena mistake in predictionis
made.Let � � �<�A� � !�"$"#"�! � & ( be thesetof active features
thatarelinkedto thetargetnode * . If thealgorithmpredicts�

(that is, B ,C-2/ 0 1 �,�DE5 � ) andthe received label is
�
, the

activeweightsin thecurrentexamplearepromotedin amul-
tiplicative fashion:F

��G�� � ! 1 �,IH =8J 1 �, "
If the algorithm predicts

�
( B ,.-�/�0 1 �, 3K5 � ) and the re-

ceived label is
�
, the active weightsin the currentexample

aredemoted: F
�LGM� � ! 1 �,IH ? J 1 �, "

All other weightsare unchanged.The key featureof the
Winnow updaterule is that the numberof examples� it re-
quiresto learnalinearfunctiongrowslinearlywith thenum-
ber of relevant featuresand only logarithmically with the
total numberof features.This propertyseemscrucial in do-
mainsin which thenumberof potentialfeaturesis vast,but
a relatively smallnumberof themis relevant (this doesnot
meanthatonlyasmallnumberof themwill beactive,orhave
non-zeroweights).Winnow is known to learnefficiently any
linear thresholdfunctionandto berobust in thepresenceof
variouskindsof noiseandin caseswherenolinear-threshold
function canmake perfectclassification,andstill maintain
its abovementioneddependenceon thenumberof total and
relevantattributes[8] [6].

Oncetargetsubnetworks have beenlearnedandthenet-
work is evaluated,a decisionsupportmechanismis em-
ployed,which selectsthedominantactive targetnodein the
SNoWunit via awinner-take-allmechanismto produceafi-
nal prediction.In general,but not in this work, units’ output
maybecachedandprocessedalongwith theoutputof other
SNoWunitsto produceacoherentoutput.

3.2 Learning 3D Objects with SNoW

In this paper, we apply the SNoW approachto 3D ob-
ject recognition. Our methodmakes useof Booleanfea-
turesthat encodethe positionsand intensityvaluesof pix-
els. Let the pixel at NCOP!RQ
S of an imagewith width 1 and
height T have intensityvalue U
NCOP!VQWS (

� D U
NCO�!RQWS DYX[Z�Z ).
This information is encodedas a featurewhoseindex isX�Z�\^] NCQ ] 1`_ O%S _ U
NCO�!RQWS . This representationensures
thatdifferentpointsin the � position ] intensity (
spacearemappedto differentfeatures.(That is, the feature
indexed X�Z�\P] NCQ ] 1)_ O%S _ U
NCO�! QWS is activeif andonly if the
intensity in position NCOP!RQ
S is U
NCOP!VQ
S .) In our experiments,
thevaluesfor 1 and T are32 sinceeachobjectsamplehas
beennormalizedto an imageof a XM] a X pixels. Note that
althoughthenumberof potentialfeaturesin our representa-
tion is X�\2X ! �$b�b N.a Xc] a Xc]dX[Z[\ S , only

��� X b of thoseareac-
tive (present)in eachexample,andit is plausiblethatmany� In the on-line setting[7] this is usuallyphrasedin termsof a
mistake-boundbut is known to imply convergencein thePAC [20]
[5] (ProbablyApproximatelyCorrect)sense.

featureswill neverbeactive. Sincethealgorithm’scomplex-
ity dependson thenumberof active featuresin anexample,
ratherthanthe total numberof features,thesparsenessalso
ensuresefficiency.

We comparethe performanceof the proposedSNoW-
basedmethodwith the SVM-basedmethodin 3D object
recognition. SinceSVM is a two-classclassifier, oneway
to recognizeobjectsfrom multiple classesis to build a hy-
perplanefor eachpair of the objects. In the one-against-
onescheme,an � -classpatternrecognitionproblemrequiresegfhe�i �kjl binaryclassifiersto betrainedusingSVM. To clas-
sify test data, pair-wise competitionbetweenall the ma-
chinesis performedwhich is similar to a tennistournament.
The final winner determinesthe classof the testdata. Al-
ternatively, theone-against-the-restschemerequiresonly �
classifiersin that eachclassifier is trained with the sam-
ples belongto one class(with label 1) and the rest of the
samplesas the anotherclass(with label -1). The advan-
tageof this schemeis that the numberof classifiersto be
trainedandstoredis linearin thenumberof classesinvolved,
as opposedto the other schemewhich requiresexponen-
tial numberof classifiers.But thedownsideof this scheme
is that sometest samplesmay not be classifiedinto a sin-
gle classbecausethe training samplesare not partitioned
into two well-definedhomogeneousclasses.The recogni-
tion ratesof SVM andSNoWbasedmethodsshown in Table
2 areperformedusingtheone-against-onescheme.In other
words,we train m �'n nlpo � b�q Z � classifiersfor eachmethod.
Furthermore,every test sampleneedsto go through

q[q
(50+25+12+6+3+2+1)classifiersto determinewhich class
it belongsto.

3.3 Support Vector Machine

Both SNoW andSVM have beenproposedasnew ma-
chinelearningalgorithmswith theoreticalderivationsusing
the VC (Vapnik-Chervonenkis)theorem. Vapnik [21] uses
theVC theoryto show thatSVM hasanupperboundof the
error on the unseentest patternsas a function of error on
trainingandtheVC dimensionof the classifier. Littlestone
[7] also usesVC theory and shows that thereis an upper
boundfor thenumbermistakesbeforetheWinnows learnsa
concept(i.e., converges). SVM andSNoW have alsobeen
appliedto variousproblemsin naturallanguageprocessing
to handdigit recognition. Recently, SVM-basedmethods
have demonstratedgoodperformancein 3D objectrecogni-
tion [18] [13] [14]. We comparetheperformanceof SNoW
andSVM algorithmsfor 3D objectrecognition.In this sec-
tion, we briefly review SVM approach.

SupportVector Machine (SVM), developedby Vapnik
andcolleagues,is a learningmethodfor patternrecognition
andregressionproblems[21] [3]. Onecharacteristicof SVM
is thatit aimsto find anoptimalhyperplanesuchthattheex-
pectedrecognitionerror for theunseendatapointsis mini-
mized.Accordingto thestructuralrisk minimizationinduc-
tiveprinciple,a functionthatdescribesthetrainingdatawell
andbelongsto a setof functionswith lowestVC dimension
will generalizewell regardlessof the dimensionalityof the
input space[3]. Basedon this principle, theSVM is a sys-
tematicapproachto find a linear function that belongsto a
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setof functionswith lowestVC dimension.TheSVM also
providesnon-linearfunctionapproximationsby mappingthe
input vectorsinto a high dimensionalfeaturespacewherea
linear hyperplanecanbeconstructed.Although thereis no
guaranteethat that a linear hyperplanewill alwaysexist in
thehigh dimensionalfeaturespace,it is likely to find a lin-
ear separator(i.e., hyperplanein a SVM) in the projected
space.

Given a setof samplesNC²��$!RQ���S , NC² l ! Q l S , "$"$" , NC²%³V! Q�³.S
where² , ( ² , G8´¶µ ) is theinputvectorof · dimensionandQ , is its label ( Q , G�2¸ � ! � ( ) for regressionproblem,SVM
aimsto find aoptimalhyperplanethatleavesthelargestpos-
sible fraction of datapointsof the sameclasson the same
sidewhile maximizesthe distanceof eitherclassfrom the
hyperplane(margin distance).Vapnik [21] shows thatmax-
imizing themargin distanceis equivalentto minimizing the
VC dimensionin constructingan optimal hyperplane.The
problemof findingtheoptimalhyperplaneis thusposedasa
constrainedoptimizationproblemin SVM andsolvedusing
thequadraticprogrammingtechniques.Theoptimalhyper-
plane,which determinestheclassof a datapoint ² , is in the
form

¹ NC²9S9�»º#¼��½N ³+ ,�¾ � Q , = , J�¿xNC²�! ² , S _ªÀ S
where¿xNRJh!�JuS is akernelfunctionand º#¼�� is athresholdfunc-
tion (with thresholdvalue= 0) to determinethe labelof an
input vector. Constructingan optimal hyperplaneis equiv-
alent to determiningnonzero = , . Any vector ² , that cor-
respondsto a nonzero= , is a supportedvector(SV) of the
optimal hyperplane.Onefeatureof SVM is that the num-
berof supportvectorsis usuallysmall, therebyproducinga
compactclassifier.

For a linearSVM, the kernelfunction is just thesimple
dot productof vectorsin the input spacewhile the kernel
functionin anonlinearSVM projectsthesamplesto afeature
spaceof higher(possiblyinfinite)dimensionsvia anonlinear
mappingfunction:Á6Â

´ µ`ÃÅÄ)Æ !�ÇÉÈK·
andconstructa hyperplanein Ä Æ . The motivation is that
it is more likely to find a linear function, asdonein linear
SVM, in thehigh dimensionalfeaturespace.UsingMercer
theorem,the expensive calculationsin projectingsamples

into high dimensionalfeaturespacecanbe reducedsignif-
icantlyby usinga suitablefunction ¿ suchthat¿xNC²�!R² , S9�

Á
NC²�SPJ

Á
NC² , S

where

Á
is a nonlinearprojection function. Several ker-

nel functions,suchaspolynomialfunctionsandradialbasis
functions,have beenshown to satisfyMercer theoremand
beenusedin nonlinearSVM. By usingdifferentkernelfunc-
tions, the SV algorithmcanconstructa variety of learning
machines,someof which coincidewith classicalarchitec-
tures. However, this also resultsin a drawback sinceone
needsto find the “right” kernel function in usingnonlinear
SVM. SVM is alsomoreproneto outliers in the datathan
mistake boundmethods.

4 Experiments

We use the COIL-100 datasetto test our methodand
compareits performancewith otherview-basedmethodsin
the literature. In this section,we first describethe charac-
teristicsof the COIL-100 datasetand thenshow andcom-
paretheperformanceof severalmethodsin numerousexper-
iments,followedby commentson theempiricalresults.

4.1 Dataset and Experimental Setups

We use the Columbia Object Image Library (COIL-
100) databasefor experiments (available at http: //
www.cs.columbia.edu/CAVE/ coil-100.html). The COIL-
100 datasetconsistscontainscolor imagesof 100 objects
wheretheimagesof theobjectsweretakenat poseintervals
of Z � , i.e., 72 posesper object. The imageswerealsonor-
malizedsuchthat the larger of the two object dimensions
(heightandwidth) fits the imagesizeof

� X�Ê�] � X�Ê pixels.
Figure1 showstheimagesof the100objectstakenin frontal
view, i.e., zero poseangle. The 32 highlightedobjectsin
Figure1 areconsideredmoredifficult to recognizein [13]
andarealsousedin our experiments.Eachcolor imageis
convertedto a gray-scaleimageof a X8] a X pixels for our
experiments.

We approachthe recognition problem by considering
eachof the pixel valuesin a sampleimageasa coordinate
in a high dimensionalspace(i.e., the imagespace).Conse-
quently, eachtraining andtestingsampleconsistsof 1,024
components.In this paper, we assumethat the illumination
conditionsremainconstantandhenceobjectposeis theonly



variableof interest(whichis truefor theobjectsin theCOIL-
100dataset).

4.2 Ground Truth of the COIL-100 Dataset

At first glance,it seemsdifficult to recognizetheobjects
in the COIL datasetbecauseit consistsof a large number
of objectswith varyingpose,texture,shapeandsize. Since
eachobjecthas72imagesof differentposes( Z � apart),many
view-basedrecognitionmethodsuse36 of them for train-
ing (

�$� �
apart)andtheremainingimagesfor testing.How-

ever, we conjecturethat this particularrecognitionproblem
(36 posesfor training and the rest 36 posesfor testing)is
not difficult becauseof densesampling.In otherwords,the
datapointsof thesameobjectarecloseto eachotherin the
imagespace(whereeachdatapoint representsan imageof
an object in a certainpose). Consequently, it is easierto
interpolatethe datapoints in the subspace[9] and to con-
struct an optimal hyperplaneto separatethe points of two
classes[13] [14]. Our experimentswith a simple nearest
neighborclassifier(usingEuclideandistance)on this prob-
lem show that therecognitionrateis

q Ê " Z ��Ë (54 errorsout
of 3600tests).Althoughit is well known thatnearestneigh-
bor methodrequiresa lot of memoryfor storingtemplates
andrequiresa lot of templatematchingin recognition,the
recognitionrateof this simplemethodis comparableto the
complex SVM approaches[13] [14]. Thisexperimentshows
thattheabovementionedrecognitionproblemis notdifficult
andthereforenot appropriatefor comparisonamongdiffer-
ent methods.Figure2 shows someof the mismatchedob-
jectsby nearestneighbormethod.

It is interestingto seethat the pair of the objectsin the
mistakesmadeby thenearestneighborclassifiershave sim-
ilar geometricconfigurationsandsimilar poses.A closein-
spectionshows thatmostof therecognitionerrorsaremade
betweenthe threepacksof chewing gums,bottlesandcars.
Consequently, the setof selectedobjectsin an experiment
hasdirect effects on the recognitionrate. However, most
methodsin theliteratureuseonly asubsetof the100objects
(typically 20 to 30) from theCOIL datasetfor experiments.
Table1 shows therecognitionratesof nearestneighborclas-
sifiersin severalexperimentsin which 36 posesof eachob-
ject areusedfor templatesandthe remaining36 posesare
usedfor tests. I�x�x� yÌzx{ÎÍIy���~
t9��su��sh~��Ïw �W�$yg�É~
�Ð�
yW�gwRy������y�s t�¡��P~Ww¶���u�W���AsuÑ�yWw

30objects 32 objectsshown Thewhole
randomlyselected in Figure1 100objects

from COIL selectedby [13] in COIL

Errors/Tests 14/1080 46/1152 54/3600
Recognitionrate 98.70% 96.00% 98.50%

Theexperimentalresultsusing30 and32 objectsreveal
that therecognitionproblemwhena largenumberof views
of the objectsarepresentduring training is not asdifficult
asit seemedto be. Thus,we performexperimentsin which
the numberof views of objectsare limited to comparethe
performanceof theselearningmethods.

4.3 Empirical Results

Table 2 shows the recognition rates of SNoW-based
method,SVM-basedmethod(using linear dot product for
thekernelfunction),andnearestneighborclassifierusingthe
COIL-100dataset.Wevarythenumberof viewsof anobject
( � ) duringtrainingandusetherestof theviews ( Ò X ¸�� ) of
anobjectfor testing. I���%� y^ÓP{PÔ�Õ���yWw s���y
�����
��wRyg�[v%� �$�Ö~
�½��¡%wRygy¤�g�u�W�$��AsuÑ�yWw �:v
�As��
t���¡�y×z��x��~����ØyW���$��s��`��¡
y`|c���'���z��x�§%�W������y��

view/object
36 18 8 4 2

3600 5400 6400 6800 7000
tests tests tests tests tests

SNoW 95.81% 92.31% 85.13% 81.46% 75.49%
LinearSVM 96.03% 91.30% 84.80% 78.50% 72.81%
NearestNeighbor 98.50% 87.54% 79.52% 74.63% 65.31%

Theexperimentalresultsshow thatSNoW-basedmethod
performsaswell asSVM-basedmethodwhenmany views
of the objectsare presentduring training and outperforms
SVM-basedmethodwhenthenumbersof views arelimited.
On theotherhand,thetime to train a classifierusingSNoW
is about Ê�\ Ë of that to train oneusingSVM. Although it
is not surprisingto seethattherecognitionratedecreasesas
the numberof views availableduring training decreases,it
is worth noticing thatbothSNoWandSVM algorithmsare
capableof recognizing3D objectsin theCOIL-100dataset
with satisfactory performanceif enoughnumberof views
(e.g., 3 � Ê ) areprovided. Also, evenif only a limited num-
berof views (e.g.,8 and4) areusedfor training,theperfor-
manceof both methodsdegradesgracefully. This indicates
thatbothSNoWandSVM algorithmsarerobustandperform
well evenwhenclasssizeincreases.

Theideaof findingsupportvectorsfor theoptimalhyper-
planein SVM-basedmethodhasananalogueto learningthe
“relevant” featureswhen the “irrelevant” featuresabound.
In otherwords,SVM aimsto determinethenecessaryinput
vectorssuchthatanoptimalhyperplanecanbeconstructed
while reducingtherisk to make a mistake in thefuture(i.e.,
structuralrisk minimization). Theessenceof theSNoWal-
gorithmis to identify therelevantfeaturesto constructanet-
work of linear units basedonly on the relevant attributes.
Also, the numberof mistakesmadeby this methodgrows
only logarithmicallywith thenumberof irrelevantattributes
in theexamples.In theSVM-basedmethods,theratioof the
supportvectorsover thenumberof input vectorsis roughlyX Ò�" Ò Ê Ë (20outof 72)while theratioof therelevantfeatures
over thenumberof possiblefeaturesis aboutZ " X Ò Ë (13,805
out of 262,144). Cautionshouldbe observed in analyzing
thesenumberssincethenumberof possiblefeaturesis usu-
ally muchhigher thanthe numberof input vectors. These
ratios show that both methodsare capableof determining
whatis necessaryin recognizingtheobjectseffectively.

Sincethe one-against-oneschemerequiresan exponen-
tial numberof classifiersto be trainedand stored,it is of
great interestto comparethe performancewith the alter-
native one-against-the-restscheme.Table3 shows that al-
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thoughthe recognitionratesof the SNoW-basedclassifiers
trainedwith the alternative schemeare not as good as the
counterpart,therecognitionratesdonotdecreasedrastically. I�x�x� y¥°P{áÍIy���~
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view/object
SNoW 36 18 8 4 2

one-against-one 95.81% 92.31% 85.13% 81.46% 75.49%
one-against-the-rest 90.52% 84.50% 81.85% 76.00% 72.6%

5 Discussion and Conclusion

We have describeda novel view-basedmethodto rec-
ognize 3D objectsusing SNoW. Empirical resultsshow
that the SNoW-basedmethodoutperformsother methods
in termsof recognitionratesexcept for one case(i.e., 36
views). Furthermore,thecomputationalcostto train a clas-
sifierusingSNoWis lesswhenusingSVM.

For a fair comparisonamongdifferentmethods,this pa-
per usespixel-basedpresentationin the experiments. Al-
thoughthecurrentwork achievesgoodrecognitionrateson
the COIL-100 datasetwheneachimageis representedasa
vectorof pixel values,it is of greatinterestto uselocal fea-
turesas input vectorsduring training and testing. Feature
extractionalleviatestheburdenof classifiersin that they do
not needto learnmodelsfrom raw inputs. This is particu-
larly importantin dealingwith complicatedobjectsin large
datasets.Local featuressuchasgeometricmomentsat mul-
tiple scalesseemfeasibleandattractive sincethey encode
theobjectsin termsof morecomplex descriptors,yieldinga
morecompactrepresentation.Our futurework will usethis
representationto recognize3D objects.
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