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Abstract

In this paper we introducea scale-ivariant featureselectionmethodthat learnsto recognize
and detectobject classedrom imagesof naturalscenesThe rst stepof our methodconsistsof
clusteringlocal scale-ivariant descriptorsto characterizeobject classappearanceNext, we train
part classi ers on the groups,and perform featureselectionto determinethe most discriminatve
parts. We use local regions to realize robust and sparsepart and texture selectioninvariant to
changesdn scale,orientationandaf ne deformationand,asa result, we avoid imagenormalization
in both training and prediction phasesWe train our object modelswithout requiring image parts
to be labeledor objectsto be separatedrom the backgroundMoreover, our methodcontinuesto
work well whenimageshave clutteredbackgroundand occludedobjects.We evaluateour method
on seven recently proposeddatasetsand quantitatvely comparethe effect of different types of
local regions and featureselectioncriteria on object recognition.Our experimentsshav that local
invariantdescriptorsare an appropriaterepresentatiofior mary differentobjectclassesOur results

alsocon rm the importanceof appearance-basetiscriminatve featureselection.

Index Terms

objectrecognition,featureevaluationand selection

I. INTRODUCTION

Recognizingclassesof objectsis one of the fundamentalchallengesn computervision.
Recently proposedtechniquesin vision and machinelearning have led to signi cant im-
provements[1]-[4], however mary of these methodsare limited to x ed size windows
or require hand-sgmented,pre-normalizedraining and testimages[5]—[7]. In this paper

we exploit state-of-the-arlearning techniqguesand recentadwancesin computervision to
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Fig. 1. lllustration of featureselection.(a) Two similar regionswhich cannotbe usedin a purely appearancbasedsystem
to distinguishbetweenthe bicycle andthe background(b) The mostdiscriminative featuresof the bicycle determinecby

our method.

develop discriminatve featureselectionfor object-partrecognitionand detection.Our two-

step approachextracts scale-and af ne-invariant local featuresfrom unnormalizedimages
andtrainsa generatre classmodelusingthese.The approachis “weakly supervised’in the
sensahatimageswith positive examplesarelabeledbut the objectsin themarenot marked or

seggmentedandarepresenin arbitrarynon-registeredocationsin clutteredscenesMoreover,

eachpositive training image can contain multiple instancesof the sameobject classwith

a large heterogeneoubackground.Our methodis invariantto viewpoint changeswithout

requiring alignmentor pre-normalizatiorof images.

The bicycle examplein Fig. 1 illustratestheimportanceof discriminatve featureselection.
In (a), the two regions denotedby circles are selectedfrom the output of a scale-ivariant
operator[8] for illustration purposesEven thoughone of them lies 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 discriminatve for the bicycle class—
it occursregularly with small tubular or transparenparts, and with “donut-like” patches.
Fig. 1(b) shavs the nal resultof our featureselectionmethod;the circlescorrespondo the
mostdiscriminatve regions selectedrom the outputof the operator|[8].

We now outline our approach.The training set containsimageslabeledas positve and
negative. We mark an imageas positive if at leastone instanceof the objectclassis found
in the image.Negative imagescontainonly backgroundThe rst stepconsistsof extracting
local scale-ivariantfeaturesfrom the training images.As the positive imagesalso contain
backgroundclutter, the extractedfeaturescan belongto either objectsor background,and
are thus unlabeled.To producea model we cluster the featuresand we constructinitial

probabilisticpart classi ers from the resultinggroups(Sectionlll-A), thenre ne theseusing
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variousranking methods(Sectionlll-B). The n highestranking classi ers are selectedand
usedfor detectionof discriminatve partsin 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
supervisecekrvironments.This paperextendsour approacho scenariosvith weaksupervision,
and validatesit with extensie experimentson commonly useddatabasesimportantly we

alsodemonstratdhow to combinedifferentdetectorsduring selection.

A. Related\Wbrk

Most appearance-basesbproachedo object class recognition characterizethe objects
by their global appearanceysually the entire image [5], [10]. They are not robust to oc-
clusion and suffer from a lack of invarianceto similarity transformationsuch as scaleor
rotation. Furthermore thesemethodsare only applicableto rigid objectsand they require
either preliminary sggmentationor evaluation on multiple windows extracted at different
locationsandscalesinvarianceto changesn viewpoint requiresscanningthe spaceof af ne
transformationswhich is computationallyvery expensve. The high-dimensionalityof the
representatioalsolimits the applicationof mary standardearningtechniquesLocal features
are an increasinglypopularmethodfor overcomingtheseproblemsin object detectionand
recognition.

Weber et al. [2] use localized image patchesand explicitly computetheir joint spatial
probability distribution. Recently Felguset. al [11] extendthis approachby learningglobal
modelsof objectclassedasedon scale-ivariantimageregions. In this paper we show that
in mary applicationsa purely appearance-basedethodoutperformg2], [11]. Agarwal and
Roth [7] rst learn a vocahulary of parts, determinespatial relationson theseparts, and
usethemto train a SparseNetwork of Winnows (SNoW) LearningArchitecture.Sincethey
learnrigid spatialrelationsin termsof distanceand direction betweeneachpair of parts,
their methodis invariant neitherto scalenor rotation. Leibe and Schiele[3] alsolearna
codebookof local appearancend relative spatial positionsof individual parts,and usea
voting schemeto combinethem and probabilisticallysegmentunseenmages.We also note
work on the applicationof local af ne invariant featuresto relatedareas,such as texture
representatiol2] andimageretrieval [13].

Somerecentmethodscombinefeatureselectionandlocal descriptorsViola and Joneg4]
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selectrectangulaHaarlik e featuresusing AdaBoost.Chenet al. [14] useboostingto con-
structcomponentdy local non-ngative matrix factorization Opeltet al. [15] apply Adaboost
to learn a local featuresclassi er for determiningthe presenceor absenceof objectsin
images;we comparewith their resultsin SectionlV-B. Amit andGeman[16] combinesmall
localized orientededgeswith decisiontrees.Mahamudand Hebert[6] selectdiscriminatve
object parts and develop an optimal distancemeasurefor nearestneighborsearch.Rikert
et al. [17] use a mixture model that retainsonly discriminatve clusters,and Schmid[18]
selectssigni cant texture descriptorsin a weakly supervisediramevork. Both approaches
selectfeaturesdbasedon their likelihood.Ullmannetal. [1] useimagefragmentsandcombine
themwith a linear discriminatve type classi cation rule. Their selectionalgorithmis based

on mutualinformation.

B. Overviev

The paperis organizedas follows. In Sectionll we detail our chosenrepresentatiomnd
featureextraction method.Sectionlll describeghe learningpart of our system:estimation
of object parts (Sectionlll-A), selectionof discriminatve parts (Sectionslll-B and I11-C)
and constructionof the nal classi er from discriminatve parts(Sectionlll-D). SectionlV
containsexperimentalresultsfrom seven different databasess well as a discussionof the
effect of different parametersettingson our methods performanceSectionV summarizes

and concludes.

. LoCcAL DESCRIPTORS

Local representationsf imagesare usefulto copewith a wide variety of naturalscenes
containing cluttered backgroundand occludedobjects. A local descriptorrepresentsa re-
gion or patchof an image.Interest point detectos selectsalientregions (points and their
neighborhoods)and with somedetectorsthe resultsare invariantto scaleand/orviewpoint
changesEachselectegatchis characterizethy a descriptowvector At this point,onecanalso
imposeadditionalinvariancessuchasrotation or illumination. In this section,we motivate

our choicesfor local descriptorcomputation.

A. Detectos

Many differentregion detectorsexist in theliterature[8], [19]-[23]. Herewe brie y present

the onesthat we use. Scaleinvariant detectorsselectregions at signi cant locationswith
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a correspondingscale parameterepresentinghe size of the region. The advantageis that
featuresarefoundatthe mostinformative scalesandoptionallyaf ne transformationsghereby
reducingthe complity of subsequenprocessedecausenly a limited numberof regions
needto be consideredThe mostimportantproperty of sucha detectoris repeatability for
example,an af ne-invariantdetectorshouldselectnearlythe sameregions of an objecteven
thoughit is obsened from two differentviewpoints.

TheHarris-Laplacaletectol19] extendsthe standardHarrisoperatortby applyingit to each
scalelevel, thenselectingcharacteristigointsin the scale-spacesingthe Laplaceoperator
An optionalaf ne estimation20] ontheneighborhoodsf detectegointsprovidesviewpoint
invariance.The result of this is stablecircular or elliptical regions centeredon cornerlike
structures.

The method of Kadir and Brady [8] extracts blob-like regions (homogeneou®r non-
homogeneousegionssurroundedy edges)lt nds circularregionsin theimagehaving the
highestsalieny basedon maximaof the entrofy scale-spacef region histogramsThe rst

row of Fig.13 shaws the resultof the aforementionedletectorson a sampleimage.

B. Descriptos

Before transformationto the feature space,we normalizethe regions. We interpretthe
detectoroutputas a location (coordinatesof the center)and a neighborhoodepresentedy
a circle radiusor a parameterize@llipse. We map eachpoint and neighborhoodo a general
circular region, with appropriatesmoothingin the caseof down-scaling.We can achiere
orientationinvarianceat this point by rotatingthe circular patchto the directionof the average
gradientmeasuredn a small point neighborhoodNote that this stepis indispensablavhen
viewpoint invarianceis desired(caseof ellipsein detection).

Basedon earlier studies[24] and on our own experiencewe chosethe Scale Invariant
FeatureTransform(SIFT) [22] as a representatiorf the extractednormalizedregions. We
retain the standardparametersettings,and compute SIFT on a 4x4 grid with an 8-bin
orientationhistogramfor eachcell, resultingin a 128-dimensionateal vectorfor eachlocal

region.

[I1. LEARNING AND SELECTION

In our approachpbjectclassesare representeas setsof objectparts.With eachpart we

associate classi er learnedfrom similar descriptorsSomeclassi ersare morereliablethan
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others becausehey invoke morediscriminatve featuresThoserepresentate part classi ers
are chosenby our featureselectionmethodto build a robust and reliable detectionsystem.
In this sectionwe describethe learningof simple part classi ers, selectionof discriminatve
parts,and constructionof a nal classi er usedasa rst stepof object classdetection,or

imageclassi cation.

A. LearningPart Classi ers

The rst stepof the training phaseis an unsupervisedstimationof a Gaussiammixture
model[25] (GMM). The training datais separatednto two parts:the clusteringset usedto
estimatethe actual GMM, andthe validation set usedat a later stagefor the selection(see
SectionllI-B). The clusteringset containslocal featuresextractedfrom positively labeled
training images.Optionally, to ensuresufcient numbersof descriptorssomecan be added
from our negative images(in which casethey are also considerechs unlabeled).

We employ a parametricestimationto modelthe distribution of our local descriptorsn our
clusteringset. Our methodis basedon a GMM, a linear combinationof Gaussiardensities

p(xjC;) expresseds
X
p(x) = pxjCi)P(Ci); 1)

i=1
whereK is the numberof Gaussiarcomponentswithin the mixture, P(C;) correspondgo
P
the mixing parameterand ,K P(Ci) = 1. Theindividual Gaussiarcomponentsare of the

form
P(XjCi) = N( ;i 1) (2)

where ; is ad dimensionameanvectorand ; isthed d covariancematrix for component
Ci. In our cased = 128 correspondingo the dimensionof the SIFT features.

The modelparameters ;, ; andP(C;) of (1) and(2) arecomputedwith the expectation-
maximization(EM) algorithm[25]. EM is initialized with the outputof K -meansandat each

iteratve M-stepwe updatethe parametersasfollows:

= e PG ©

1 Pi l(cijxn)

n=

" e e )

n=

I = P . . (4)
| E:l PJ l(CIJXn)
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. 1 X
PIC)=y4 P H(Cijx"); )
n=1

whereN is thenumberof unlabeleddescriptorgx,) in theclusteringset.We limit thenumber
of free parametersan the optimization by using diagonal covariance matrices,assuming
statisticalindependencef the variables.This restrictionalso simpli es the computationof
(4) andhelpsto prevent ; from becomingsingular If the modelis estimatedwith k-means,
the individual descriptorclassi cationratedropsby an average4%. The experimentalresults
in the following are given for a model estimatedoy EM with diagonalcovariancematrices.

Fig. 2 shavs someselectedcomponentf differentobject classesobtainedby assigning
thetrainingdescriptorgo their closestcluster We shaw two of thetenbestclustersaccording
to our ranking method(Sectionlll-B). The clusterstypically containrepresentatie object
partsor textures.For example,for airplanesthe nosehasa very characteristichapeasdoes
thetailplane(seeFig. 2, rst row). We alsogot signi cant clusterson the fuselagecontaining
the small passengewindows, andon the wing. In the caseof bicyclesandmotorbikes,tires,
wheelsand tubular partsare clearly groupedand distinguished Facesgive one of the most
impressve results,as left and right eyes, including the eyebrawns, are clusteredseparately
Sometimesjf objectshave very characteristidextures, their correspondinglescriptorsare
clusteredtogetherasit is the casefor the wild catsin the gure.

Using the mixture modelwe de ne a separatiorboundaryfor eachcomponento construct
K part classi ers. Eachclassi er is associatedvith anobjector backgroundpartrepresented
by a single GaussianA testfeaturey is assignedo the component having the highest
probability:

= argmax p(yiCi)P(Ci)

Fig. 3 shows four examplesof separatiorboundariedasedon a GMM with K = 8 compo-
nents.Note that the gure is just an illustration, in practicethe numberof componentsare

much larger and our featurespaceis high-dimensional.

B. Selection

The selectionalgorithm ranks the componentsaccordingto their ability to discriminate
betweenobject-classand backgroundWe rank the partsby testingeachindividual classi er

and assigna scoreaccordingto one of 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 shav 2 of the 10 bestclustersfor

Kadir-Brady interestpoints.

Fig. 3. lllustrationof a GMM modelwith K = 8 componentsAn objectpartclassi er is associatedvith eachcomponent.
We only shav anillustration of 4 part classi ers in 2-dimension.Separatiorboundariesare shavn for eachpart classi er.

In practicewe have mary more part classi ers and our featuresare high-dimensional(d = 128).
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Independentanking by classi cation lik elihood promotescomponent$iaving high true

positive and low falsepositive rates.The scores(R, (C;)) are computedas
Pyw .
[ UPEiv).

T VY pciv™)’

RL(C) =

(6)

whereV () andV (™ arerespectiely the numbersof unlabeledpotentially positive) descrip-
tors (vj(“)) and nggative descriptors(vj(”)) 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 SectionlV-B. This methodis
robustto changesn parametesettingsandtoleratesover tting in the estimated®DF of the
data.On the otherhand,R_ (C;) typically selectsvery “speci ¢’ components.e. onesnear
zerovaluesin the denominator(P(ijj(”))). Even thoughindividually theserare partshave
low recall rates,combinationsof them can provide sufcient recall with excellentprecision.
If the main purposeof our systemis to producea sparseobject-classrepresentationit
is bestto selecta few discriminatve and generl part classi ers. Here we usethe mutual
information [26] criterion, which rankspart classi ers basedon their information content
for separatinghe backgroundirom the object-classThe mutual information of component

Ci andobject-clas is

Ri (Ci)=P(C;; 0) log % -
+ P(C;;0) Iog%
+ P(C;;0) Iog%
+ P(C;;0) Iog%
X :
=k=fCi;CigP(k;|)|og%:
1610

Note that both C; and O can be seenas binary events,thereforefor simplicity we de ned
Ci and O as correspondinghegative events. We estimatethe probabilitiesin (7) from the

validation set:

Py

PCi.V-(n)
P(Ci; 0)= — (i)

V) + \(n)

(8)
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Py

. _ i P(Cijvj(n))
PCOF —Vusvm ©)
Py
T eEivy
P(Ci:0)=—Vws v (10)
Py
o UPEiv)
P(CI!O)_ V(U) + V(n) (11)
P(Ci)=P(Ci;O) + P(C;;0) (12)
P(Ci)=P(C;;0) + P(C;; 0) (13)
\VAC)
P(O)= VIOFRVO] (14)
\VAW)
PO Y@+ vm (15)
(16)

We require

P(CijO) > P(CijO)

so that we selectonly parts informative for the object-classand not for the background.
(14) naively assumeghat all unlabeleddescriptorsin the validation set belongto objects.
Owing to similar negatiely labeledpoints,unlabeledbackgroundpart classi ers receve low

Scores.

C. Combinationof Detectos

In Sectionll we proposedfeature selectionusing two different criteria. Our ranking
mechanismoffers an eleggant way to combinethe output of several underlying featurede-
tectors, leading to improved performance Assuming that the descriptorscomputedfrom
different detectorsare independentlydistributed, we can separatelyestimatetheir GMMs,
and constructtheir part classi ers independentlyTo provide input for the ranking step,we
createa validationsetfor eachdetectorfrom the samevalidationimagesl|t is straightforward
to adaptequationg6) and(7) for multiple detectorsThe normalizationfactorsV () andV (™
arethe sumsof the total numberof unlabeledand negative descriptorsover all featuretypes

on the validation sets.
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Fig. 4. The nal classier constructedon K = 8 GMM model, with n = 4 selectedpart classi ers. (SeeFig. 3 for
the individual part classi ers.) The separatiorboundaryindicatesif a testfeatureat that positionis 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 and mark themas positive wheren is the parameteof our system.The restof
the classi ers are negative, ring on negative descriptorsand on non-discriminatre positive
ones.Note that the constructionof our part classi ers is basedon one-to-onerelationship
betweena part and a Gaussiarcomponentthus the MAP criterion only activatesone part
classi er per descriptor

We now discusswo applicationsof the nal classi er. Our objectpartdetectioncanactas
an initial stepfor localizationwithin images.For an exampleseeFig. 13. In the secondrow
we only selectthe discriminatve motorbike partswith our nal classi er. The outputof the
selectionis not a binary decision,the ranking stepassignsscoresto eachpart classi cation
that canbe usedto determinethe certaintyof eachpositive detection.

Another applicationis classi cation of the presenceor absenceof an objectclassin an
image. In this case,besidesthe number of selectedclassi er (n) thereis an additional
criterionto decidewhetheraninstanceof the objectclasscanbe found on theimage.For the
experimentsbelov we chosea simple conditionwith a parametep to specifythe minimum
numberof detectedpositive descriptorsp, requiredto label an imageas positive. However,
other prior or learnedknowledgesuchas neighborhoodr geometricalconstraintsyequired
scales.etc. caneasily be addedat this point.

The parametep hasto be carefully chosenlt is setaccordingto the modelcomplity, the

LIf this is not the case,aswith the SVMs in our earlierwork [9], we canclassifya descriptoras positive if ary (maybe

more than one) of the positive part classi ers res onit.
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numberof selectedart classi ers (n), the choserdetectoranddescriptoyandthe appearance
of the objectclass.As an example,if the objectclasscontainscertainspeci ¢ partsandthey
are easily detectedour objectscan be built up just from thesepieces:A face containstwo
eyes, a nose,a mouthand someforeheadparts.We can expectthat eachof thesefew parts
arerepresentedby a correspondingpart classi er, thereforep canbe setto a relatively low
numberwithout damagingthe performanceCorversely if we have an objectclasslike WId
Cats we canexpectthe maintexture componento be very discriminatve. This is con rmed
by the samplecluster#1 of Wild Catsin Fig. 2 which is the top R_ ranked componentof
the categyory. Evidently the texture appearamultiple times on the object, thereforethe part
classi er correspondindgo sucha componentelectsmore thanone featureon a testimage.
In this case,a larger p value gives betterperformanceln our experimentsin SectionlV-B
we, estimatethis parametelp usingthe validation set.

Nave Bayesoffersanothematuralway to combineour selectech part classi ersto decide
whetherthe objectis presenin theimage.Insteadof xing the minimumnumberof required
detections(p) we have to seta decisionboundaryon the sum of the log likelihood ratios.
As in the caseof p, this parametercanbe estimatedon the veri cation set.Our experiments
shovedthatthe two typesof imageclassi cationbehae very similar, the differencebetween
their averageperformancevasinsigni cant (0:02%. Sincea detaileddiscussiornof the two
methodslead to similar conclusionswe omit the resultsof the Nave Bayesin the section

experiments.

V. EXPERIMENTS

In this sectionwe presentumericalevaluationof our describednethodin the application
areasof “pre-classi cationfor detection”and“image classi cation” (seeSectionlll-D). For
our experimentswe usedseven different datasetdrom varioussources:airplanes bicycles,
people,motorbikes, leaves, wild catsandfaces.All of thesesetshave beenusedearlier by
others.Exampleimagesfrom the test setsare shovn in Fig. 5. To simplify comparisons,
we usedthe sametraining and test set divisions as otherswhen thesewere known. With
the databasesf airplanes,motorbikes and facesour positive training and testimageswere
exactly thesameasin [11], however, sinceour learningmethodalsorequiresnggative training
data,we usedhalf of their negative testsetsastraining while kept the other half astest. For
the wild catsdatabaseve usedthe samenumbersof training and testimages.Thesewere

randomlyselectedrom the Corel ImageLibrary wildcats cateyory. The leavesdatabasavas
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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://wwwrobots.ox.ac.uk/vgg/data. Bicycles and People were dowvnloaded from

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

usedin [27] but a probablywith a differentnegative set. The experimentswith bicyclesand
peoplehad exactly the samepositve and negative training and testimagesasin [15].

As discussedn Sectionll we choseSIFT [22] descriptorsas the representatiorof our
interestregions, but regions were extractedby different detectors.In the reportsbelov we
usethe following notation.Harris Laplace[19] points are abbreviated as HL, or in caseof
optional af ne invariance[20] HLA. The entrofy baseddetectorof Kadir and Brady [8]
is denotedby ENTR. To demonstratehe combinationof different detectorswe combined

cornerlike (HL) andblob-like regions(ENTR) in our experimentswhich we referasCOMB.

October25, 2004 DRAFT



SUBMITTED TO IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, 2004 14

In all experimentswe kept all interestpoint detectorparametershe same which resultedin
between100 and 300 extractedfeaturesper image dependingon the databaseimagesizes,
and detectors.The slow speedof the ENTR detectorforced us to downscaleall images
larger than 300 pixels in width or height. We also eliminatedregionswith very small scales
from both ENTR andHL, becauseave believe that theseregions cannotbe well represented
with high dimensionalSIFT descriptors.Unfortunatelythe backgroundset usedfrom [11]
containedimageswith very few detectionswhich may affect both our resultsand [11]'s.
Theseexperimentsare still includedbecausedhey give a valuablecomparisonWe tried to
keep them as unbiasedas possibleby keepingthe p parameter(the numberof required
object parts) low. The experimentsusing other backgroundsets (bicycles and people)are
not affected by this astheir backgroundsetsprovided similar numbersof detectionsto the
positive images,i.e. few hundredfeaturesperimage.

All of the testswere donein a weakly-supervise@rnvironment.For eachexperimentwe
kept the training set and test sets disjoint, and divided the training set into two disjoint
subsetsithe clustering set and the validation set. The clusteringset was usedto estimate
GMM asit is discussedn Sectionlll-A. In our bicycle experimentswe add featuresfrom
the negative training imagesto the clusteringset, while in other caseswe usedthe negative

featuresonly for validation.

A. Pre-classi cationfor detection

The following experimentsmeasurethe performanceof our nal classi er on marked
testimages.For theseexperimentswe usedthe bicyclesdatabaseAs describedearlier the
classi er wastrainedin a weakly supervisedashion.To producethe groundtruth we hand
seggmentedall of the bicyclesin the testimagesandmarked a selectedeatureastrue positive
if its centerwas locatedon the object.

Theseexperimentsallowed us to verify that our model did indeedlearn the object class
correctly andalsoto comparethe resultsof differentmethodsNotice that we expectonly a
subsetof the descriptorson the objectto be classi ed as positive, and that suchlow recall
ratesdo not alwaysimply poor performance- they may just indicatethe presenceof large

numbersof non-discriminatie featureson the objects.The mostimportantfactor for us is

2Recallis the ratio of true positivesto true features(true positives + true negatives).
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Fig. 6. Theprecisionof the detectedeatureson the bicycle database(a) evaluatesthe two detectorsaandtheir combination

with the rankingmethodR_ . (b) compareghe two differentranking methodsfor the individual detectors.

the precision
True positives

True positives+ False positives

Precision=

which clearlyindicatesthathow mary of our selectedeaturesareactuallyobjectdescriptors.
Naturally, we alsofavor more detectionswith the sameprecision,but onceagain,the recall-
rateis not a very suitablemeasurdor this. Resultsachiezing both high precisionand high
recallwith only oneor two detectionsn total arenot consideredo achieze goodperformance.
Thereforensteadof anRPC curve we shav the precisionasa functionof the averagenumber
of detectionsper image. This provides a realistic comparisonof the differentinterestpoint
detectordgn a scale-ivariantervironment.

Fig. 6 (a) shaws the classi cation resultsfor the two individual detectorson unseentest
imagesfrom the bicyclesdatabaseThe ENTR detectoiwasthe mostprecisein this caseE.g.
anaverageselectionof 30 pointsperimageprovided 85%precisionwith ENTR, but only 62%
with HL. The combinationof the two detectors(COMB) producedsimilar performanceto
ENTR alone,becausehe signi cant performancedifferencein the individual resultscaused
the combinedrankingto choosemainly ENTR part classi ers.

To comparethe performanceof different ranking methods,we shov a similar gure
(Fig. 6 (b)) on the samedatasetusing the two individual detectorswith the two different

rankingmethodsFor ENTR, the mutualinformationperformedthe same sometimeslightly

3Recall PrecisionCurves are one of the commonmeasuregor objectdetectionand databaseetrieval. Here we have to

usea different measurebecausaecall relies on the numberof true descriptorsand theseare differentfor eachdetector
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Fig. 7. Examplesof featureselectionwith increasingn. Mutual information selectsmore informatie clustersin the rst

place,which leadsto more positive detectionswith small n.

worseor slightly better But for HL the mutualinformationwasalwaysbelow the likelihood,
becausdr, selectedsomespeci c (very precise)part classi ersin 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) columnof the gure, our nal classi er hasalreadyselectedsomefeatureson the
testimageusingonly the top ranked cluster As a generalrule the top n part classi ers mark

more regionswith mutualinformationthanwith likelihood.R, rankingprefersaccuratebut
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speci ¢* part classi ers to generalones.WhereasR, selectsmore “general” informative
clusters,andis thus preferablein applicationsthat requirefocusof attentionmechanism®r
sparseaepresentationsf the featurespace Besidesthe bicyclesandfaces,similar examples
can be found for the peoplein Fig. 8. We also noticedthat in the caseof people(Fig. 8)
therewas no large differencebetweenthe top n part classi ers in performancd.e thereare

No very speci ¢ or very generalfeatures.

n=1 n=>5 n= 10 n=25
]
o
o
=
©
Y4
3
no points 1 point 3 points 19 points
c
s 5
€ w
5 E
=92
£
no points 1 point 6 points 30 points

Fig. 8. Featureselectionresultswith increasingn on asamplefrom the peopledatabaseThis is oneof the mostchallenging
databaseasthe appearancef the peopleis very variable.In this casdik elihoodandmutualinformationfocusedon different

part classi ers, therewere no “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 problemis

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

“We call a part classi er speci ¢ whenit hasa very high presisionwith a low recall rate. Correspondingparts appear

rarely on the objectbut almostnever on the background.
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Fig. 9. On the left, the ROC cures for image classi cation on the motorbikes databaseausing different detectorsand
estimatedp parametersOn the right the correspondingequal error rate curves. The dotted line with arronvs shaws the

connectionbetweenthe two curves. Seethe text for an explanation.

datasetsverebasedon the samecriteria. Recever OperatingCharacteristiROC) curvesare
the mostcommonway to reportthe ef ciency of classi ers. They shav correctdetections
as a function of incorrectdetections.There are several waysto comparetwo ROC curves.
Typically a speci ed operatingpointis choserdependingon the goal of the application.Here

we chosethe equalerrorrate,i.e. whentherateof true positvesandtrue negatvesareequal.
p(True Positive) = 1 p(FalsePositive): a7)

Fig. 9 shawvs an exampleof locating that point on the ROC curve. On Fig. 9 (a), besides
the ve ROC curvesthereis also a diagonalline labeled“Equal-ErrorRate”. Our chosen
operatingpoint is the highestpoint on the ROC curve below (or on) this diagonalline. For
illustration on the ROC curwve labeledasHLA the describedooint is singledout by anarraw.

In Sectionlll-D we introducedp as a parameterof our nal classier, specifying the
minimum numberof positive detectionson an imagerequiredto declarethe presenceof an
object. We estimatedp by maximizing (17) on the validation set

Fig. 9 (b) shaws a curve of equalerrorrateasa function of p. In our resultsthe maximum
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 | we presentthe resultsachieved with the combinationof HL and ENTR. In
this table all gures arereportedon the testsetsandwith likelihood (R, ) ranking.Ideal p

indicatesthe performancewith the ideally chosenp, while estimatedp are resultsrealized
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TABLE |
EQUAL-ERROR-RATE RESULTS ON IMAGE CLASSIFICATION USING THE COMBINATION OF HL AND ENTR DETECTORS

(COMB) AND R| RANKING. THE LAST COLUMN SHOWS THE BEST RESULTS REPORTED BY other groupsoN THE SAME

DATASETS.
This paper
pap - Others

Database Ideal p Estimatedp

p % p % %

Airplanes 94.0
25| 98:75 | 28 | 985

[11]

Faces 96.8
45| 99:54 | 33 | 99.08

[11]

Motorbikes 96.0
37| 995 | 37 | 995

[11]

Wild Cats 90.0
7 91:0 | 13| 870

[11]

Leaves 84
8 98:92 | 8 | 98:92

[27]

Bikes 86.5

26| 92:0 | 14| 880 '

[15]

People 80.8

13| 88:0 | 13 | 88:0 '

[15]

when the parameterp was learnedon the validation set. In the last column, the rates of
other groupsusing the samedatasetsare shovn 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 performanceTherewas only one databasethe wild cats,whenour COMB
resultswith an estimatedp performedworsethan[11]. The individual performance®f the
detectorsaresummarizedn Tablell. Theresultsrealizedfrom the outputof singledetectors
are comparableand most of the time betterthan existing methodsBelow we evaluatethe
resultsof differentinterestpoint detectorsHL performedbetterthan ENTR for airplanes,
faces,motorbikes and wild cats, while in caseof leaves, bicycles and peoplethe reverse

wastrue. So thereis no winner betweenthe two. However someinterestingfactsare worth
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Fig. 10. The outputof the HL and ENTR operatorson the leaves database.
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Fig. 11. Equal-errorate resultsof imageclassi cation on the leaves database.

mentioning.HL performedvery poorly (73% on the leavesdatabaseThis is dueto the fact
that the detectoritself performedvery poorly on the objectclass:few HL pointswere found
on the leaves,anddueto the natureof cornerdetectionandthe structureof the leaves, most
of the objectfeatules containeda hugeamountof backgroundSeeFig. 10 for an example
resultof the HL detectorcomparedo ENTR. Fig. 11 shows the equalerror rate,curve asa
function of p. The curve of HL never reaches’5% and startscollapsingafter p = 5. HLA,

the afne invariant version of the samedetector performedrelatively well with very few
parts(p = 3) becausehe correspondingegions of the extractedobject partscontainedless
backgroundowing to their af ne (ellipse)adaptationsHLA curve pealed at 83:9%, but the
poor detectioncountcausedhigh instability with changingp. E.g with p = 2 theresultonly
68.:8%, andincreasingp beyondscauseda similar drop.

The mostchallengingdatasetsverethe peopleandbicycles.The changesn viewpointand
scalewererelatively large comparedo the othertestsets,aswerethe changesn appearance
of the peopledueto poseand clothing. In the caseof the bicycles, the reportedresultsare
surprisingly good, with the exception of HLA. The poor performancewith afne adapted
regionswas dueto the structureof the objects— even whenthe cornerdetectioncorrectly

localizedsomesigni cant parts,the af ne estimationadjustedthe ellipse on the background
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TABLE I

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

Database| Detector Ideal p Estimatedp | Others
p % p % %
ENTR 18 | 970 8 96:00 94:.0
Airplanes | HL 14 | 9775 | 9 | 96:25
HLA 8 96:75 8 96:75
ENTR 12 | 9770 | 19 | 96:77 96:8
Faces HL 11 | 9954 | 11 | 9954
HLA 21 | 100:0 | 21 | 100:0
ENTR 4 9875 | 11 98.0 96:0
Motorbikes| HL 9 99:.0 5 98:.0
HLA 16 | 9875 | 13 | 9825
ENTR 7 830 | 25| 820 90:.0
Wild Cats| HL 12 | 93:0 10 | 910
HLA 12 | 92:0 68 | 89.0
ENTR 8 | 98:92 8 | 98:92
Leaves | HL 5| 7312 | 2 | 6559 84
HLA 3 8387 2 68:82
ENTR 29 | 92:0 19 | 90.0
Bikes HL 24 | 840 24 | 84.0
HLA 32| 700 12 | 640 86:5
ENTR 12| 88:0 | 29| 800
People | HL 27| 780 | 30| 760
HLA 21 76.0 17 74.0 80:8

betweenthe spoles or on rich texture just next to the tire or other tubular parts. With the
people databaseHL and HLA detectionscorrectly determinesigni cant object parts, but
the detectedregions were mostly on the boundarybetweenthe peopleand the background.
Since our representations basedon the full patchesmost of the object descriptorswere
contaminatedby backgroundtextures.For suchparts,the learning stagecannotgeneralize
well, thereforethe constructedpart classi ers are not discriminatve enough.The ENTR
detectorlocatedmore points on the people,leadingto more discriminatve 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 discriminatve part, the tire.

Fig. 12 demonstratethat ENTR detectsa large numberof regions alignedaroundthe tire.

Fig. 13 shavs a typical imagefrom the motorbike datasetvherethe outputof the different
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Fig. 12. Selectionresultson the bicycle databaseThe ENTR detectoroutputis shavn on the left, and the selected

discriminatie featuresare shavn on the right.

ENTR HL HLA

All

n at
EER

Fig. 13. Selectionresultsusing different feature detectors:Entropy of region histograms(ENTR) [8], Harris-Laplace
(HL) [19], Harris-Afne (HLA) [20]. The top row shavs the output of the interestpoint detectors,.e the input to our
selectionmethod.In the bottom row we mark only the n bestranked features.For this examplewe setour parametemn

accordingto the equall error rate operatingpoint from our ROC cunves.

detectorsand our correspondingselectionscan be visually compared.The top row displays
all of the featuresextracted by the different interestpoint detectors,and the bottom row
shaws the correspondingputcomeof our selectionmethod.

In our experimentsaddingafne invarianceseldomimproved the results,and often made
themworse.Thesedatasetslo not containsigni cant viewpoint changesothefactthatthere
iS no signi cant performancegain with afne adaptations not surprising.However, on the
facesdatabas®ur selectionmethodwith HLA resultedin a perfectclassi cation. Thereason

is thatthe elliptical representationf local neighborhooded to a morepreciserepresentation
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TABLE Il
EQUAL-ERROR-RATERESULTS ON IMAGE CLASSIFICATION USING LIKELIHOOD AND MUTUAL INFORMATION AS

RANKING METHODS.

R|_ RI
p % p %

Database

Airplanes | 25 | 98:75 | 37 | 985
Faces 45 | 99:54 | 16 | 99:54
Motorbikes| 37 | 99:55 | 49 | 99.0
Wild Cats| 7 91:0 | 41| 900
Leaves | 8 | 98:92 | 9 | 9785
Bikes 26 | 92:0 14 | 900
People | 13| 88:0 | 12 | 820

of speci c partssuchasthe eyesandthe mouth.

The combination(COMB) worked almostas we expected.lt producedimprovementsin
two casesmotorbikesandairplanesin thesecasesHL andENTR performedaboutequally
well, andthe combinationof resultsled to even betterperformanceThe right curve in Fig. 9
clearly illustratesthe power of a good combination.One can use higher p valuesand the
resultsare still high and stable,and the systemshaws reducedsensitvity to changesn p.
Combinationscan also provide useful protectionagainstdetectorsthat performing poorly
on certain databaseskig. 11 is an example of this with the leaves databaseThe COMB
curve almoststrictly follows the ENTR oneandin Tablell givesexactly the sameresultsas
would be expected.lt is not inevitable that combiningdifferent cuesalways leadsto better
performance Even though adding nev cuesprovides more information, poor quality and
additionalnoise canreducethe overall performanceo somethingbetweenthe effectiveness
of the individual ones.An exampleof this is the wild catsdatabasewherethe combination
performedintermediatelybetweenENTR and HL.

Using mutualinformation (R, ) asthe rankingcriterion doesnot changeour resultssignif-
icantly. Table lll compareghe two methodsusing the combineddetectorsand the ideally®
chosenp in eachcase.The results obtainedwith the R, ranking criteria for individual
detectorsgive similar conclusionsto R, thereforewe do not detail them individually.

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

The ideal p was chosenin orderto comparethe ranking methodsindependentlyof the estimationof p
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the parametem is hiddenand evidently lower in caseof mutual information. The overall

performanceof R_ wasalways greaterthanor similar to R, .

V. CONCLUSION

In this paper we have introduceda methodfor constructingpart classi er corresponding
to similar object partsor textures.The methodis basedon local descriptorsthus providing
robustnesgo occlusionand clutteredbackgrounds.

The local descriptorsare partially labeledby marking their sourceimagesas positive or
negative, so the nal selectionsystemis trainedin a weakly-supervisedashion,while the
learning of the parts(model estimation)is completelyunsupervisedThe learnedpartsand
descriptordn bothtraining andtestimagesareinvariantto illumination, scaleand optionally
to rotation and af ne deformations Alignment, normalizationand pre-sgmentationof the
imagesare thereforenot necessary

Two different ranking techniqueswere comparedfor selectingdiscriminatve parts and
dominanttextures of object classes.The comparisonshoved that likelihood is well suited
for object recognitionand detection,while mutual information is better suited for sparse
representatiorand for focus of attentionmechanismsthat is rapid localization basedon a
few classi ers.

The comparisonof interestpoint detectorsshoved that both cornerlike and blob-like
featuresare valuable,and provide sufcient information for appearancdasedrecognition.
However for particular database®ne can be better than the other Cornerlike detectors
capturemore valuableinformationon highly textured classesasthey provide well localized
featuresthat lie fully on the object, while blob detectorsare more suitablefor objectsbuilt
from homogeneousparts.

We shaved how to combinethe detectoroutputsby rankingdiscriminantfeaturesogethey
which not only madea choice betweenthe detectorsunnecessarybut also improved our
recognitionperformance.

Experimentson seven different databaseson rmed our expectationsand proved that a
simple appearancenodel can competeand most of the time outperformresults obtained
with more complicated spatialmodels.

This paperhasillustratedthe importanceof featureselectionandshovn goodresultsusing

purely appearancéasedmodeling.Our future work will include developmentthe next stage
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of objectlocalizationby extendingour learningphaseto establishspatialconstraintdetween
the detectedparts.
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