
SUBMITTED TO IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, 2004 1

ObjectClassRecognitionUsing

Discriminative Local Features
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Abstract

In this paper, we introducea scale-invariant featureselectionmethodthat learnsto recognize

and detectobject classesfrom imagesof naturalscenes.The �rst stepof our methodconsistsof

clusteringlocal scale-invariant descriptorsto characterizeobject classappearance.Next, we train

part classi�ers on the groups,and perform featureselectionto determinethe most discriminative

parts. We use local regions to realize robust and sparsepart and texture selectioninvariant to

changesin scale,orientationandaf�ne deformationand,asa result,we avoid imagenormalization

in both training and predictionphases.We train our object modelswithout requiring imageparts

to be labeledor objectsto be separatedfrom the background.Moreover, our methodcontinuesto

work well when imageshave clutteredbackgroundandoccludedobjects.We evaluateour method

on seven recently proposeddatasets,and quantitatively comparethe effect of different types of

local regionsand featureselectioncriteria on object recognition.Our experimentsshow that local

invariantdescriptorsarean appropriaterepresentationfor many differentobjectclasses.Our results

alsocon�rm the importanceof appearance-baseddiscriminative featureselection.

Index Terms

object recognition,featureevaluationandselection

I . INTRODUCTION

Recognizingclassesof objectsis one of the fundamentalchallengesin computervision.

Recentlyproposedtechniquesin vision and machinelearning have led to signi�cant im-

provements[1]–[4], however many of thesemethodsare limited to �x ed size windows

or requirehand-segmented,pre-normalizedtraining and test images[5]–[7]. In this paper,

we exploit state-of-the-artlearning techniquesand recentadvancesin computervision to
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(a) (b)

Fig. 1. Illustrationof featureselection.(a) Two similar regionswhich cannotbe usedin a purelyappearancebasedsystem

to distinguishbetweenthe bicycle and the background.(b) The mostdiscriminative featuresof the bicycle determinedby

our method.

develop discriminative featureselectionfor object-partrecognitionand detection.Our two-

stepapproachextractsscale-and af�ne-invariant local featuresfrom unnormalizedimages

andtrainsa generative classmodelusingthese.The approachis “weakly supervised”in the

sensethatimageswith positiveexamplesarelabeledbut theobjectsin themarenot markedor

segmented,andarepresentin arbitrarynon-registeredlocationsin clutteredscenes.Moreover,

eachpositive training image can contain multiple instancesof the sameobject classwith

a large heterogeneousbackground.Our methodis invariant to viewpoint changes,without

requiringalignmentor pre-normalizationof images.

Thebicycle examplein Fig. 1 illustratesthe importanceof discriminative featureselection.

In (a), the two regions denotedby circles are selectedfrom the output of a scale-invariant

operator[8] for illustration purposes.Even thoughoneof themlies on the backgroundand

the otheron the object (“bicycle”), by inspectionand likewise in the descriptionspacethey

are very similar. It turns out that this region is not discriminative for the bicycle class—

it occursregularly with small tubular or transparentparts,and with “donut-like” patches.

Fig. 1(b) shows the �nal resultof our featureselectionmethod;the circlescorrespondto the

mostdiscriminative regionsselectedfrom the outputof the operator[8].

We now outline our approach.The training set containsimageslabeledas positive and

negative. We mark an imageaspositive if at leastone instanceof the objectclassis found

in the image.Negative imagescontainonly background.The �rst stepconsistsof extracting

local scale-invariant featuresfrom the training images.As the positive imagesalso contain

backgroundclutter, the extractedfeaturescan belong to either objectsor background,and

are thus unlabeled.To producea model we cluster the featuresand we constructinitial

probabilisticpart classi�ers from theresultinggroups(SectionIII-A), thenre�ne theseusing
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variousrankingmethods(SectionIII-B). The n highestrankingclassi�ers areselected,and

used for detectionof discriminative parts in unseenimages.Ranking requiresan unseen

validation set of descriptorsprovided by extracting featuresfrom the remainingportion of

the training set.

In previous work [9], we appliedthe ranking methodsdescribedin this paperto strictly

supervisedenvironments.Thispaperextendsourapproachto scenarioswith weaksupervision,

and validatesit with extensive experimentson commonlyuseddatabases.Importantly, we

alsodemonstratehow to combinedifferentdetectorsduring selection.

A. RelatedWork

Most appearance-basedapproachesto object class recognition characterizethe objects

by their global appearance,usually the entire image [5], [10]. They are not robust to oc-

clusion and suffer from a lack of invarianceto similarity transformationssuchas scaleor

rotation. Furthermore,thesemethodsare only applicableto rigid objectsand they require

either preliminary segmentationor evaluation on multiple windows extracted at different

locationsandscales.Invarianceto changesin viewpoint requiresscanningthespaceof af�ne

transformations,which is computationallyvery expensive. The high-dimensionalityof the

representationalsolimits theapplicationof many standardlearningtechniques.Local features

are an increasinglypopularmethodfor overcomingtheseproblemsin object detectionand

recognition.

Weber et al. [2] use localized image patchesand explicitly computetheir joint spatial

probability distribution. Recently, Ferguset. al [11] extendthis approachby learningglobal

modelsof objectclassesbasedon scale-invariant imageregions.In this paper, we show that

in many applicationsa purely appearance-basedmethodoutperforms[2], [11]. Agarwal and

Roth [7] �rst learn a vocabulary of parts, determinespatial relationson theseparts, and

usethemto train a SparseNetwork of Winnows (SNoW) LearningArchitecture.Sincethey

learn rigid spatial relationsin termsof distanceand direction betweeneachpair of parts,

their methodis invariant neither to scalenor rotation. Leibe and Schiele [3] also learn a

codebookof local appearanceand relative spatial positionsof individual parts,and use a

voting schemeto combinethemandprobabilisticallysegmentunseenimages.We alsonote

work on the applicationof local af�ne invariant featuresto relatedareas,such as texture

representation[12] and imageretrieval [13].

Somerecentmethodscombinefeatureselectionandlocal descriptors.Viola andJones[4]
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selectrectangularHaar-like featuresusing AdaBoost.Chenet al. [14] useboostingto con-

structcomponentsby localnon-negativematrix factorization.Opeltet al. [15] applyAdaboost

to learn a local featuresclassi�er for determiningthe presenceor absenceof objects in

images;we comparewith their resultsin SectionIV-B. Amit andGeman[16] combinesmall

localizedorientededgeswith decisiontrees.MahamudandHebert[6] selectdiscriminative

object parts and develop an optimal distancemeasurefor nearestneighborsearch.Rikert

et al. [17] use a mixture model that retainsonly discriminative clusters,and Schmid [18]

selectssigni�cant texture descriptorsin a weakly supervisedframework. Both approaches

selectfeaturesbasedon their likelihood.Ullmannet al. [1] useimagefragmentsandcombine

themwith a linear discriminative type classi�cation rule. Their selectionalgorithm is based

on mutual information.

B. Overview

The paperis organizedas follows. In SectionII we detail our chosenrepresentationand

featureextraction method.SectionIII describesthe learningpart of our system:estimation

of object parts (SectionIII-A), selectionof discriminative parts (SectionsIII-B and III-C)

andconstructionof the �nal classi�er from discriminative parts(SectionIII-D). SectionIV

containsexperimentalresultsfrom seven different databasesas well as a discussionof the

effect of different parametersettingson our method's performance.SectionV summarizes

andconcludes.

I I . LOCAL DESCRIPTORS

Local representationsof imagesare useful to copewith a wide variety of naturalscenes

containingclutteredbackgroundand occludedobjects.A local descriptorrepresentsa re-

gion or patch of an image. Interest point detectors selectsalient regions (points and their

neighborhoods),and with somedetectorsthe resultsare invariant to scaleand/orviewpoint

changes.Eachselectedpatchis characterizedby adescriptorvector. At thispoint,onecanalso

imposeadditionalinvariances,suchas rotation or illumination. In this section,we motivate

our choicesfor local descriptorcomputation.

A. Detectors

Many differentregiondetectorsexist in theliterature[8], [19]–[23]. Herewe brie�y present

the onesthat we use.Scaleinvariant detectorsselectregions at signi�cant locationswith
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a correspondingscaleparameterrepresentingthe size of the region. The advantageis that

featuresarefoundat themostinformativescalesandoptionallyaf�ne transformations,thereby

reducingthe complexity of subsequentprocessesbecauseonly a limited numberof regions

needto be considered.The most importantpropertyof sucha detectoris repeatability, for

example,an af�ne-invariantdetectorshouldselectnearlythe sameregionsof an objecteven

thoughit is observed from two differentviewpoints.

TheHarris-Laplacedetector[19] extendsthestandardHarrisoperatorby applyingit to each

scalelevel, thenselectingcharacteristicpoints in the scale-spaceusingthe Laplaceoperator.

An optionalaf�ne estimation[20] on theneighborhoodsof detectedpointsprovidesviewpoint

invariance.The result of this is stablecircular or elliptical regions centeredon corner-like

structures.

The method of Kadir and Brady [8] extracts blob-like regions (homogeneousor non-

homogeneousregionssurroundedby edges).It �nds circular regionsin the imagehaving the

highestsaliency basedon maximaof the entropy scale-spaceof region histograms.The �rst

row of Fig.13 shows the resultof the aforementioneddetectorson a sampleimage.

B. Descriptors

Before transformationto the featurespace,we normalizethe regions. We interpret the

detectoroutputasa location (coordinatesof the center)anda neighborhoodrepresentedby

a circle radiusor a parameterizedellipse.We mapeachpoint andneighborhoodto a general

circular region, with appropriatesmoothingin the caseof down-scaling.We can achieve

orientationinvarianceat thispoint by rotatingthecircularpatchto thedirectionof theaverage

gradientmeasuredon a small point neighborhood.Note that this stepis indispensablewhen

viewpoint invarianceis desired(caseof ellipse in detection).

Basedon earlier studies[24] and on our own experiencewe chosethe ScaleInvariant

FeatureTransform(SIFT) [22] as a representationof the extractednormalizedregions.We

retain the standardparametersettings,and computeSIFT on a 4x4 grid with an 8-bin

orientationhistogramfor eachcell, resultingin a 128-dimensionalreal vector for eachlocal

region.

I I I . LEARNING AND SELECTION

In our approach,objectclassesarerepresentedassetsof objectparts.With eachpart we

associatea classi�er learnedfrom similar descriptors.Someclassi�ersaremorereliablethan
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others,becausethey invoke morediscriminative features.Thoserepresentative part classi�ers

are chosenby our featureselectionmethodto build a robust and reliable detectionsystem.

In this sectionwe describethe learningof simplepart classi�ers, selectionof discriminative

parts,and constructionof a �nal classi�er usedas a �rst stepof object classdetection,or

imageclassi�cation.

A. LearningPart Classi�ers

The �rst stepof the training phaseis an unsupervisedestimationof a Gaussianmixture

model [25] (GMM). The training datais separatedinto two parts:the clusteringset, usedto

estimatethe actualGMM, andthe validation set, usedat a later stagefor the selection(see

SectionIII-B). The clusteringset containslocal featuresextractedfrom positively labeled

training images.Optionally, to ensuresuf�cient numbersof descriptors,somecanbe added

from our negative images(in which casethey arealsoconsideredasunlabeled).

We employ a parametricestimationto modelthedistribution of our local descriptorsin our

clusteringset.Our methodis basedon a GMM, a linear combinationof Gaussiandensities

p(xjCi ) expressedas

p(x) =
KX

i =1

p(xjCi )P(Ci ); (1)

whereK is the numberof Gaussiancomponentswithin the mixture, P(Ci ) correspondsto

the mixing parametersand
P K

i P(Ci ) = 1. The individual Gaussiancomponentsare of the

form

p(xjCi ) = N (� i ; j� i ) (2)

where� i is a d dimensionalmeanvectorand� i is thed� d covariancematrix for component

Ci . In our cased = 128, correspondingto the dimensionof the SIFT features.

Themodelparameters� i , � i andP(Ci ) of (1) and(2) arecomputedwith theexpectation-

maximization(EM) algorithm[25]. EM is initialized with theoutputof K -meansandat each

iterative M-stepwe updatethe parametersas follows:

� j
i =

P N
n=1 P j � 1(Ci jxn )xn

P N
n=1 P j � 1(Ci jxn )

(3)

� j
i =

NP

n=1
P j � 1(Ci jxn )(xn� � j

i )(xn� � j
i )

T

P N
n=1 P j � 1(Ci jxn )

(4)
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P j (Ci ) =
1
N

NX

n=1

P j � 1(Ci jxn ); (5)

whereN is thenumberof unlabeleddescriptors(x n ) in theclusteringset.We limit thenumber

of free parametersin the optimization by using diagonal covariancematrices,assuming

statisticalindependenceof the variables.This restrictionalso simpli�es the computationof

(4) andhelpsto prevent � i from becomingsingular. If themodelis estimatedwith k-means,

the individual descriptorclassi�cationratedropsby anaverage4%. Theexperimentalresults

in the following aregiven for a modelestimatedby EM with diagonalcovariancematrices.

Fig. 2 shows someselectedcomponentsof differentobjectclassesobtainedby assigning

thetrainingdescriptorsto their closestcluster. We show two of thetenbestclusters,according

to our ranking method(SectionIII-B). The clusterstypically contain representative object

partsor textures.For example,for airplanes,thenosehasa very characteristicshapeasdoes

thetailplane(seeFig. 2, �rst row). We alsogot signi�cant clusterson thefuselagecontaining

the small passengerwindows, andon thewing. In the caseof bicyclesandmotorbikes,tires,

wheelsand tubular partsare clearly groupedand distinguished.Facesgive oneof the most

impressive results,as left and right eyes, including the eyebrows, are clusteredseparately.

Sometimes,if objectshave very characteristictextures,their correspondingdescriptorsare

clusteredtogetheras it is the casefor the wild catsin the �gure.

Usingthemixturemodelwe de�ne a separationboundaryfor eachcomponentto construct

K part classi�ers. Eachclassi�er is associatedwith anobjector backgroundpart represented

by a single Gaussian.A test featurey is assignedto the componenti � having the highest

probability:

i � = argmax
i

p(y jCi )P(Ci )

Fig. 3 shows four examplesof separationboundariesbasedon a GMM with K = 8 compo-

nents.Note that the �gure is just an illustration, in practicethe numberof componentsare

much larger andour featurespaceis high-dimensional.

B. Selection

The selectionalgorithm ranks the componentsaccordingto their ability to discriminate

betweenobject-classandbackground.We rank the partsby testingeachindividual classi�er

andassigna scoreaccordingto oneof the following two methods.
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Database Samplecluster#1 Samplecluster#2

Airplanes

Motorbikes

Leaves

Wild Cats

Faces

Bicycles

People

Fig. 2. Two examplesof clustersfor eachobject-classusedin the experiments.We show 2 of the 10 bestclustersfor

Kadir-Brady interestpoints.

Fig. 3. Illustrationof a GMM modelwith K = 8 components.An objectpartclassi�er is associatedwith eachcomponent.

We only show an illustration of 4 part classi�ers in 2-dimension.Separationboundariesareshown for eachpart classi�er.

In practicewe have many morepart classi�ers andour featuresarehigh-dimensional(d = 128).
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Independentranking by classi�cation lik elihood promotescomponentshaving high true

positive and low falsepositive rates.The scores(RL (Ci )) arecomputedas

RL (Ci ) =

P V ( u )

j P(Ci jv
(u)
j )

P V ( n )

j P(Ci jv
(n)
j )

; (6)

whereV (u) andV (n) arerespectively thenumbersof unlabeled(potentiallypositive) descrip-

tors (v (u)
j ) and negative descriptors(v (n)

j ) from the validation set. Intuitively, this method

is well suited for classi�cation and detectionpurposesbecauseit performs selectionby

classi�cation rate. This is con�rmed by our experimentsin SectionIV-B. This methodis

robust to changesin parametersettingsandtoleratesover�tting in the estimatedPDF of the

data.On the otherhand,RL (Ci ) typically selectsvery “speci�c” componentsi.e. onesnear-

zerovaluesin the denominator(P(Cjv (n)
j )). Even thoughindividually theserarepartshave

low recall rates,combinationsof themcanprovide suf�cient recall with excellentprecision.

If the main purposeof our systemis to producea sparseobject-classrepresentation,it

is best to selecta few discriminative and general part classi�ers. Here we usethe mutual

information [26] criterion, which rankspart classi�ers basedon their information content

for separatingthe backgroundfrom the object-class.The mutual informationof component

Ci andobject-classO is

RI (Ci )= P( �Ci ; �O) log
P( �Ci ; �O)

P( �Ci )P( �O)
(7)

+ P(Ci ; �O) log
P(Ci ; �O)

P(Ci )P( �O)

+ P( �Ci ; O) log
P( �Ci ; O)

P( �Ci )P(O)

+ P(Ci ; O) log
P(Ci ; O)

P(Ci )P(O)

=
X

k= f Ci ; �Ci g
l= f Oi ; �Oi g

P(k; l) log
P(k; l)

P(k)P(l)
:

Note that both Ci and O can be seenas binary events,thereforefor simplicity we de�ned

�Ci and �O as correspondingnegative events.We estimatethe probabilitiesin (7) from the

validationset:

P( �Ci ; �O)=

P V ( n )

j P( �Ci jv
(n)
j )

V (u) + V (n)
(8)
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P(Ci ; �O)=

P V ( n )

j P(Ci jv
(n)
j )

V (u) + V (n)
(9)

P( �Ci ; O)=

P V ( u )

j P( �Ci jv
(u)
j )

V (u) + V (n)
(10)

P(Ci ; O)=

P V ( u )

j P(Ci jv
(u)
j )

V (u) + V (n)
(11)

P( �Ci )= P( �Ci ; �O) + P( �Ci ; O) (12)

P(Ci )= P(Ci ; �O) + P(Ci ; O) (13)

P(O)=
V (u)

V (u) + V (n)
(14)

P( �O)=
V (n)

V (u) + V (n)
(15)

(16)

We require

P(Ci jO) > P(Ci j �O)

so that we selectonly parts informative for the object-classand not for the background.

(14) naively assumesthat all unlabeleddescriptorsin the validation set belong to objects.

Owing to similar negatively labeledpoints,unlabeledbackgroundpart classi�ers receive low

scores.

C. Combinationof Detectors

In Section II we proposedfeature selectionusing two different criteria. Our ranking

mechanismoffers an elegant way to combinethe output of several underlying featurede-

tectors, leading to improved performance.Assuming that the descriptorscomputedfrom

different detectorsare independentlydistributed, we can separatelyestimatetheir GMMs,

andconstructtheir part classi�ers independently. To provide input for the rankingstep,we

createa validationsetfor eachdetectorfrom thesamevalidationimages.It is straightforward

to adaptequations(6) and(7) for multiple detectors.ThenormalizationfactorsV (u) andV (n)

arethe sumsof the total numberof unlabeledandnegative descriptorsover all featuretypes

on the validationsets.
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Fig. 4. The �nal classi�er constructedon K = 8 GMM model, with n = 4 selectedpart classi�ers. (SeeFig. 3 for

the individual part classi�ers.) The separationboundaryindicatesif a test featureat that position is classi�ed as positive

(object)or asbackground.

D. Final Feature Classi�er

Basedon therankingwe learna �nal classi�er (seeFig. 4). We choosen part classi�ers of

highestrank andmark themaspositive, wheren is the parameterof our system.The restof

the classi�ers arenegative, �ring on negative descriptorsandon non-discriminative positive

ones.Note that the constructionof our part classi�ers is basedon one-to-onerelationship

betweena part and a Gaussiancomponent,thus the MAP criterion only activatesone part

classi�er per descriptor.1

We now discusstwo applicationsof the �nal classi�er. Our objectpartdetectioncanactas

an initial stepfor localizationwithin images.For an exampleseeFig. 13. In the secondrow

we only selectthe discriminative motorbike partswith our �nal classi�er. The outputof the

selectionis not a binary decision,the rankingstepassignsscoresto eachpart classi�cation

that canbe usedto determinethe certaintyof eachpositive detection.

Another applicationis classi�cation of the presenceor absenceof an object classin an

image. In this case,besidesthe number of selectedclassi�er (n) there is an additional

criterionto decidewhetheran instanceof theobjectclasscanbefoundon the image.For the

experimentsbelow we chosea simpleconditionwith a parameterp to specifythe minimum

numberof detectedpositive descriptorsp, requiredto label an imageas positive. However,

otherprior or learnedknowledgesuchasneighborhoodor geometricalconstraints,required

scales,etc. caneasilybe addedat this point.

Theparameterp hasto becarefullychosen.It is setaccordingto themodelcomplexity, the

1If this is not the case,aswith the SVMs in our earlierwork [9], we canclassifya descriptoraspositive if any (maybe

more thanone)of the positive part classi�ers �res on it.
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numberof selectedpart classi�ers (n), thechosendetectoranddescriptor, andtheappearance

of theobjectclass.As an example,if the objectclasscontainscertainspeci�c partsandthey

are easily detected,our objectscan be built up just from thesepieces:A facecontainstwo

eyes,a nose,a mouthandsomeforeheadparts.We canexpect that eachof thesefew parts

arerepresentedby a correspondingpart classi�er, thereforep canbe set to a relatively low

numberwithout damagingthe performance.Conversely, if we have an objectclasslike Wild

Cats, we canexpectthemain texturecomponentto bevery discriminative.This is con�rmed

by the samplecluster#1 of Wild Cats in Fig. 2 which is the top RL ranked componentof

the category. Evidently the texture appearsmultiple times on the object, thereforethe part

classi�er correspondingto sucha componentselectsmorethanonefeatureon a test image.

In this case,a larger p value givesbetterperformance.In our experimentsin SectionIV-B

we, estimatethis parameterp usingthe validationset.

Nä�ve Bayesoffersanothernaturalway to combineour selectedn part classi�ers to decide

whethertheobjectis presentin the image.Insteadof �xing theminimumnumberof required

detections(p) we have to set a decisionboundaryon the sum of the log likelihood ratios.

As in the caseof p, this parametercanbe estimatedon the veri�cation set.Our experiments

showedthat the two typesof imageclassi�cationbehave very similar, thedifferencebetween

their averageperformancewas insigni�cant (0:02%). Sincea detaileddiscussionof the two

methodslead to similar conclusionswe omit the resultsof the Nä�ve Bayesin the section

experiments.

IV. EXPERIMENTS

In this sectionwe presentnumericalevaluationof our describedmethodin the application

areasof “pre-classi�cationfor detection”and“image classi�cation” (seeSectionIII-D). For

our experimentswe usedseven different datasetsfrom varioussources:airplanes,bicycles,

people,motorbikes, leaves,wild catsand faces.All of thesesetshave beenusedearlier by

others.Exampleimagesfrom the test setsare shown in Fig. 5. To simplify comparisons,

we usedthe sametraining and test set divisions as otherswhen thesewere known. With

the databasesof airplanes,motorbikesand facesour positive training and test imageswere

exactly thesameasin [11], however, sinceour learningmethodalsorequiresnegative training

data,we usedhalf of their negative testsetsastraining while kept the otherhalf astest.For

the wild catsdatabasewe usedthe samenumbersof training and test images.Thesewere

randomlyselectedfrom the Corel ImageLibrary wildcatscategory. The leavesdatabasewas
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Airplanes

Faces

Motorbikes

Wild Cats

Leaves

Background

Bicycles

People

Fig. 5. Samples for test images. DatabasesAirplanes, Faces, Motorbikes and Leaves with their Back-

ground set were obtained from http://www.robots.ox.ac.uk/� vgg/data. Bicycles and People were downloaded from

http://www.emt.tugraz.at/� pinz/data/.The Wild Catscategory is from the Corel ImageLibrary.

usedin [27] but a probablywith a differentnegative set.The experimentswith bicyclesand

peoplehadexactly the samepositive andnegative training and test imagesas in [15].

As discussedin SectionII we choseSIFT [22] descriptorsas the representationof our

interestregions,but regions were extractedby different detectors.In the reportsbelow we

usethe following notation.Harris Laplace[19] points are abbreviated as HL, or in caseof

optional af�ne invariance[20] HLA. The entropy baseddetectorof Kadir and Brady [8]

is denotedby ENTR. To demonstratethe combinationof different detectorswe combined

corner-like (HL) andblob-like regions(ENTR) in our experimentswhich we referasCOMB.
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In all experimentswe kept all interestpoint detectorparametersthe same,which resultedin

between100 and300 extractedfeaturesper imagedependingon the database,imagesizes,

and detectors.The slow speedof the ENTR detectorforced us to downscaleall images

larger than300 pixels in width or height.We alsoeliminatedregionswith very small scales

from both ENTR andHL, becausewe believe that theseregionscannotbe well represented

with high dimensionalSIFT descriptors.Unfortunatelythe backgroundset usedfrom [11]

containedimageswith very few detectionswhich may affect both our resultsand [11]'s.

Theseexperimentsare still includedbecausethey give a valuablecomparison.We tried to

keep them as unbiasedas possibleby keeping the p parameter(the numberof required

object parts) low. The experimentsusing other backgroundsets(bicycles and people)are

not affectedby this as their backgroundsetsprovided similar numbersof detectionsto the

positive images,i.e. few hundredfeaturesper image.

All of the testswere donein a weakly-supervisedenvironment.For eachexperimentwe

kept the training set and test sets disjoint, and divided the training set into two disjoint

subsets:the clusteringset and the validation set. The clusteringset was usedto estimate

GMM as it is discussedin SectionIII-A. In our bicycle experimentswe add featuresfrom

the negative training imagesto the clusteringset,while in othercaseswe usedthe negative

featuresonly for validation.

A. Pre-classi�cationfor detection

The following experimentsmeasurethe performanceof our �nal classi�er on marked

test images.For theseexperimentswe usedthe bicyclesdatabase.As describedearlier the

classi�er was trainedin a weakly supervisedfashion.To producethe groundtruth we hand

segmentedall of thebicyclesin thetestimagesandmarkeda selectedfeatureastruepositive

if its centerwas locatedon the object.

Theseexperimentsallowed us to verify that our model did indeedlearn the object class

correctly, andalsoto comparethe resultsof differentmethods.Notice that we expectonly a

subsetof the descriptorson the object to be classi�ed aspositive, and that suchlow recall2

ratesdo not always imply poor performance– they may just indicatethe presenceof large

numbersof non-discriminative featureson the objects.The most important factor for us is

2Recall is the ratio of true positives to true features(true positives+ true negatives).
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Fig. 6. Theprecisionof thedetectedfeatureson thebicycle database.(a) evaluatesthe two detectorsandtheir combination

with the rankingmethodRL . (b) comparesthe two different rankingmethodsfor the individual detectors.

the precision:

Precision=
True positives

True positives+ Falsepositives
;

which clearly indicatesthathow many of our selectedfeaturesareactuallyobjectdescriptors.

Naturally, we alsofavor moredetectionswith the sameprecision,but onceagain,the recall-

rate is not a very suitablemeasurefor this. Resultsachieving both high precisionandhigh

recallwith only oneor two detectionsin total arenotconsideredto achievegoodperformance.

Thereforeinsteadof anRPC3 curveweshow theprecisionasafunctionof theaveragenumber

of detectionsper image.This provides a realistic comparisonof the different interestpoint

detectorsin a scale-invariantenvironment.

Fig. 6 (a) shows the classi�cation resultsfor the two individual detectorson unseentest

imagesfrom thebicyclesdatabase.TheENTR detectorwasthemostprecisein this case.E.g.

anaverageselectionof 30pointsperimageprovided85%precisionwith ENTR,but only 62%

with HL. The combinationof the two detectors(COMB) producedsimilar performanceto

ENTR alone,becausethe signi�cant performancedifferencein the individual resultscaused

the combinedranking to choosemainly ENTR part classi�ers.

To comparethe performanceof different ranking methods,we show a similar �gure

(Fig. 6 (b)) on the samedatasetusing the two individual detectorswith the two different

rankingmethods.For ENTR, themutualinformationperformedthesame,sometimesslightly

3RecallPrecisionCurvesareoneof the commonmeasuresfor object detectionanddatabaseretrieval. Herewe have to

usea differentmeasurebecauserecall relieson the numberof true descriptors,and thesearedifferent for eachdetector.
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Fig. 7. Examplesof featureselectionwith increasingn. Mutual informationselectsmore informative clustersin the �rst

place,which leadsto morepositive detectionswith small n.

worseor slightly better. But for HL themutualinformationwasalwaysbelow the likelihood,

becauseRL selectedsomespeci�c (very precise)part classi�ers in the �rst place,which led

to relatively high performance.

Eventhoughmutualinformationdid not performaswell aslikelihood,overall it hassome

important bene�ts that are illustrated by the examplesin Fig. 7. Notice, that in the �rst

(n = 1) column of the �gure, our �nal classi�er hasalreadyselectedsomefeatureson the

testimageusingonly the top rankedcluster. As a generalrule the top n part classi�ers mark

moreregionswith mutual informationthanwith likelihood.RL rankingprefersaccuratebut
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speci�c4 part classi�ers to generalones.WhereasRI selectsmore “general” informative

clusters,and is thuspreferablein applicationsthat requirefocusof attentionmechanismsor

sparserepresentationsof the featurespace.Besidesthe bicyclesandfaces,similar examples

can be found for the peoplein Fig. 8. We also noticedthat in the caseof people(Fig. 8)

therewasno large differencebetweenthe top n part classi�ers in performancei.e thereare

no very speci�c or very generalfeatures.

n = 1 n = 5 n = 10 n = 25

Li
k
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oo
d

no points 1 point 3 points 19 points

M
ut

ua
l

In
fo

rm
at

io
n

no points 1 point 6 points 30 points

Fig. 8. Featureselectionresultswith increasingn on a samplefrom thepeopledatabase.This is oneof themostchallenging

databasesastheappearanceof thepeopleis veryvariable.In this caselikelihoodandmutualinformationfocusedondifferent

part classi�ers, therewereno “very special”or “very general”clusters.

B. Image classi�cation

The following experimentstest for the presenceof an object classin the given images.

This evaluation criteria was chosenbecausethe ground truth is clear, so the problem is

well de�ned and easierto compare.The reportsof other groups[11], [15] using the same

4We call a part classi�er speci�c when it hasa very high presisionwith a low recall rate.Correspondingpartsappear

rarely on the objectbut almostnever on the background.
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Fig. 9. On the left, the ROC curves for image classi�cation on the motorbikes databaseusing different detectorsand

estimatedp parameters.On the right the correspondingequal error rate curves. The dotted line with arrows shows the

connectionbetweenthe two curves.Seethe text for an explanation.

datasetswerebasedon thesamecriteria.Receiver OperatingCharacteristic(ROC) curvesare

the most commonway to report the ef�ciency of classi�ers. They show correctdetections

as a function of incorrectdetections.Thereare several ways to comparetwo ROC curves.

Typically a speci�edoperatingpoint is chosendependingon thegoalof theapplication.Here

we chosetheequalerror rate,i.e. whentherateof truepositivesandtruenegativesareequal.

p(True Positive) = 1 � p(FalsePositive): (17)

Fig. 9 shows an exampleof locating that point on the ROC curve. On Fig. 9 (a), besides

the � ve ROC curves there is also a diagonalline labeled“Equal-Error-Rate”. Our chosen

operatingpoint is the highestpoint on the ROC curve below (or on) this diagonalline. For

illustrationon theROC curve labeledasHLA thedescribedpoint is singledout by anarrow.

In Section III-D we introducedp as a parameterof our �nal classi�er, specifying the

minimum numberof positive detectionson an imagerequiredto declarethe presenceof an

object.We estimatedp by maximizing(17) on the validation set.

Fig. 9 (b) shows a curve of equalerror rateasa functionof p. In our resultsthemaximum

of this function is selectedthe ideal p(of the given test set) allowing us to measurethe

performanceof the combinedpart classi�ers independentlyof the estimationp.

In Table I we presentthe resultsachieved with the combinationof HL and ENTR. In

this tableall �gures are reportedon the test setsandwith likelihood (RL ) ranking. Ideal p

indicatesthe performancewith the ideally chosenp, while estimatedp are resultsrealized
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TABLE I

EQUAL -ERROR-RATE RESULTS ON IMAGE CLASSIFICATION USING THE COMBINATION OF HL AND ENTR DETECTORS

(COMB) AND RL RANKING. THE LAST COLUMN SHOWS THE BEST RESULTS REPORTED BY other groupsON THE SAME

DATASETS.

Database

This paper
Others

Ideal p Estimatedp

p % p % %

Airplanes
25 98:75 28 98:5

94.0

[11]

Faces
45 99:54 33 99:08

96.8

[11]

Motorbikes
37 99:5 37 99:5

96.0

[11]

Wild Cats
7 91:0 13 87:0

90.0

[11]

Leaves
8 98:92 8 98:92

84

[27]

Bikes
26 92:0 14 88:0

86.5

[15]

People
13 88:0 13 88:0

80.8

[15]

when the parameterp was learnedon the validation set. In the last column, the ratesof

other groupsusing the samedatasetsare shown for comparison.The combinationwith the

ideally chosenp always outperformsexisting methods.Our estimationof this parameter

was also particularly good, several times leading to ideal results,and otherwiseto only a

small drop in performance.Therewas only one database,the wild cats,when our COMB

resultswith an estimatedp performedworsethan [11]. The individual performancesof the

detectorsaresummarizedin TableII. The resultsrealizedfrom theoutputof singledetectors

are comparable,and most of the time better than existing methodsBelow we evaluatethe

resultsof different interestpoint detectors.HL performedbetter than ENTR for airplanes,

faces,motorbikes and wild cats,while in caseof leaves, bicycles and peoplethe reverse

was true. So thereis no winner betweenthe two. However someinterestingfactsareworth
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Fig. 10. The outputof the HL andENTR operatorson the leavesdatabase.
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Fig. 11. Equal-error-rate resultsof imageclassi�cation on the leavesdatabase.

mentioning.HL performedvery poorly (73%) on the leavesdatabase.This is dueto the fact

that the detectoritself performedvery poorly on the objectclass:few HL pointswerefound

on the leaves,anddueto the natureof cornerdetectionandthe structureof the leaves,most

of the object featurescontaineda hugeamountof background.SeeFig. 10 for an example

resultof the HL detectorcomparedto ENTR. Fig. 11 shows the equalerror rate,curve asa

function of p. The curve of HL never reaches75% andstartscollapsingafter p = 5. HLA,

the af�ne invariant version of the samedetector, performedrelatively well with very few

parts(p = 3) becausethe correspondingregionsof the extractedobjectpartscontainedless

backgroundowing to their af�ne (ellipse)adaptations.HLA curve peaked at 83:9%, but the

poor detectioncountcausedhigh instability with changingp. E.g with p = 2 the resultonly

68:8%, and increasingp beyondscauseda similar drop.

Themostchallengingdatasetswerethepeopleandbicycles.Thechangesin viewpoint and

scalewererelatively largecomparedto theothertestsets,aswerethechangesin appearance

of the peopledue to poseandclothing. In the caseof the bicycles, the reportedresultsare

surprisingly good, with the exception of HLA. The poor performancewith af�ne adapted

regionswasdue to the structureof the objects— even when the cornerdetectioncorrectly

localizedsomesigni�cant parts,the af�ne estimationadjustedthe ellipseon the background

October25, 2004 DRAFT



SUBMITTED TO IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, 2004 21

TABLE II

EQUAL -ERROR-RATE RESULTS ON IMAGE CLASSIFICATION WITH DIFFERENT DATABASES, DETECTORS.

Database Detector
Ideal p Estimatedp Others

p % p % %

Airplanes

ENTR 18 97:0 8 96:00 94:0

HL 14 97:75 9 96:25

HLA 8 96:75 8 96:75

Faces

ENTR 12 97:70 19 96:77 96:8

HL 11 99:54 11 99:54

HLA 21 100:0 21 100:0

Motorbikes

ENTR 4 98:75 11 98:0 96:0

HL 9 99:0 5 98:0

HLA 16 98:75 13 98:25

Wild Cats

ENTR 7 83:0 25 82:0 90:0

HL 12 93:0 10 91:0

HLA 12 92:0 68 89:0

Leaves

ENTR 8 98:92 8 98:92

84HL 5 73:12 2 65:59

HLA 3 83:87 2 68:82

Bikes

ENTR 29 92:0 19 90:0

HL 24 84:0 24 84:0

HLA 32 70:0 12 64:0 86:5

People

ENTR 12 88:0 29 80:0

HL 27 78:0 30 76:0

HLA 21 76:0 17 74:0 80:8

betweenthe spokes or on rich texture just next to the tire or other tubular parts.With the

peopledatabaseHL and HLA detectionscorrectly determinesigni�cant object parts, but

the detectedregions weremostly on the boundarybetweenthe peopleand the background.

Since our representationis basedon the full patches,most of the object descriptorswere

contaminatedby backgroundtextures.For suchparts, the learningstagecannotgeneralize

well, thereforethe constructedpart classi�ers are not discriminative enough.The ENTR

detectorlocatedmore points on the people,leadingto more discriminative part classi�ers,

and thus a 10% improvementin the classi�cation rate. On the bicycles datasetwe believe

that the ENTR is better, owing to its good detectionof a very discriminative part, the tire.

Fig. 12 demonstratesthat ENTR detectsa large numberof regionsalignedaroundthe tire.

Fig. 13 shows a typical imagefrom themotorbike datasetwheretheoutputof thedifferent
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Fig. 12. Selectionresultson the bicycle database.The ENTR detectoroutput is shown on the left, and the selected

discriminative featuresareshown on the right.

ENTR HL HLA

All

n at

EER

Fig. 13. Selectionresultsusing different featuredetectors:Entropy of region histograms(ENTR) [8], Harris-Laplace

(HL) [19], Harris-Af�ne (HLA) [20]. The top row shows the output of the interestpoint detectors,i.e the input to our

selectionmethod.In the bottom row we mark only the n bestranked features.For this examplewe set our parametern

accordingto the equallerror rateoperatingpoint from our ROC curves.

detectorsandour correspondingselectionscan be visually compared.The top row displays

all of the featuresextractedby the different interestpoint detectors,and the bottom row

shows the correspondingoutcomeof our selectionmethod.

In our experimentsaddingaf�ne invarianceseldomimproved the results,andoften made

themworse.Thesedatasetsdo not containsigni�cant viewpoint changessothefact that there

is no signi�cant performancegain with af�ne adaptationis not surprising.However, on the

facesdatabaseour selectionmethodwith HLA resultedin a perfectclassi�cation.Thereason

is that theelliptical representationof local neighborhoodled to a morepreciserepresentation
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TABLE III

EQUAL -ERROR-RATE RESULTS ON IMAGE CLASSIFICATION USING LIKELIHOOD AND MUTUAL INFORMATION AS

RANKING METHODS.

Database
RL RI

p % p %

Airplanes 25 98:75 37 98:5

Faces 45 99:54 16 99:54

Motorbikes 37 99:5 49 99:0

Wild Cats 7 91:0 41 90:0

Leaves 8 98:92 9 97:85

Bikes 26 92:0 14 90:0

People 13 88:0 12 82:0

of speci�c partssuchas the eyesand the mouth.

The combination(COMB) worked almostas we expected.It producedimprovementsin

two cases:motorbikesandairplanes.In thesecases,HL andENTR performedaboutequally

well, andthecombinationof resultsled to evenbetterperformance.The right curve in Fig. 9

clearly illustratesthe power of a good combination.One can usehigher p valuesand the

resultsare still high and stable,and the systemshows reducedsensitivity to changesin p.

Combinationscan also provide useful protectionagainstdetectorsthat performing poorly

on certain databases.Fig. 11 is an example of this with the leaves database.The COMB

curve almoststrictly follows the ENTR oneandin TableII givesexactly the sameresultsas

would be expected.It is not inevitable that combiningdifferent cuesalways leadsto better

performance.Even though adding new cuesprovides more information, poor quality and

additionalnoisecanreducethe overall performanceto somethingbetweenthe effectiveness

of the individual ones.An exampleof this is the wild catsdatabase,wherethe combination

performedintermediatelybetweenENTR andHL.

Usingmutualinformation(RI ) asthe rankingcriteriondoesnot changeour resultssignif-

icantly. Table III comparesthe two methodsusing the combineddetectorsand the ideally5

chosenp in each case.The results obtainedwith the RI ranking criteria for individual

detectorsgive similar conclusionsto RL , thereforewe do not detail them individually.

While in theseexperimentsthe likelihood still selectedvery “specialized”part classi�ers,

5The ideal p waschosenin order to comparethe rankingmethodsindependentlyof the estimationof p
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the parametern is hiddenand evidently lower in caseof mutual information. The overall

performanceof RL wasalwaysgreaterthanor similar to RI .

V. CONCLUSION

In this paper, we have introduceda methodfor constructingpart classi�er corresponding

to similar objectpartsor textures.The methodis basedon local descriptors,thusproviding

robustnessto occlusionandclutteredbackgrounds.

The local descriptorsare partially labeledby marking their sourceimagesas positive or

negative, so the �nal selectionsystemis trainedin a weakly-supervisedfashion,while the

learningof the parts(model estimation)is completelyunsupervised.The learnedpartsand

descriptorsin both trainingandtestimagesareinvariantto illumination, scaleandoptionally

to rotation and af�ne deformations.Alignment, normalizationand pre-segmentationof the

imagesare thereforenot necessary.

Two different ranking techniqueswere comparedfor selectingdiscriminative parts and

dominanttexturesof object classes.The comparisonshowed that likelihood is well suited

for object recognitionand detection,while mutual information is better suited for sparse

representationand for focus of attentionmechanisms,that is rapid localizationbasedon a

few classi�ers.

The comparisonof interest point detectorsshowed that both corner-like and blob-like

featuresare valuable,and provide suf�cient information for appearancebasedrecognition.

However for particular databasesone can be better than the other. Corner-like detectors

capturemorevaluableinformationon highly texturedclassesas they provide well localized

featuresthat lie fully on the object,while blob detectorsare moresuitablefor objectsbuilt

from homogeneousparts.

We showedhow to combinethedetectoroutputsby rankingdiscriminantfeaturestogether,

which not only madea choice betweenthe detectorsunnecessary, but also improved our

recognitionperformance.

Experimentson seven different databasescon�rmed our expectationsand proved that a

simple appearancemodel can competeand most of the time outperformresultsobtained

with morecomplicated,spatialmodels.

This paperhasillustratedthe importanceof featureselectionandshown goodresultsusing

purely appearancebasedmodeling.Our future work will includedevelopmentthe next stage
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of objectlocalizationby extendingour learningphaseto establishspatialconstraintsbetween

the detectedparts.
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