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1 Intr oduction

This paperaddressesthechallengingtaskof recognizingandlocatingobjectsin naturalimages.In
computervision,many successfulapproachesto objectrecognitionuselocal imagedescriptors.Such
descriptorsdo not requiresegmentation,in additionthey arerobust to partialocclusionandinvariant
to imagetransformations(particularlyscalechanges).Amongtheexistingdescriptors,a recentcom-
parison[4] showedthattheSIFT descriptor[2] wasparticularlyrobust.However, theSIFT descriptor
is high-dimensional(typically 128-dimensional)andthis penalizesclassi�cation. In this paper, we
proposeto usestatisticaldimensionreductiontechniquesto obtainamorediscriminantrepresentation
of data,in orderto increaserecognitionresults.

We will �rst describethetwo stagesof therecognitionprocess(SeeFig. 1), learningandrecog-
nition, thenwe will presentexperimentalresultsobtainedon motorbikesimages.

2 Learning the model

Our objectmodelconsistsof a setof imageparts. Learninghereis supervised,i.e. we manually
selectour partsfrom a setof automaticallyextractedfeatures(cf. section2.1). We thendeterminea
classi�er for eachpart(cf. section2.2).

2.1 Feature extraction

The�rst stepis to detectall characteristicpointsof theimagestructure,calledinterestpoints,for each
training imageusingtheHarris-Laplaceoperator[3]. This operatoris basedon theauto-correlation
matrix that describesthe local structureof the image. Pointsare thereforedistinctive and scale-
invariant. From thesepointswe manuallyselectthe onescorrespondingto our objectpartsandto
the background.We thencharacterizeeachpoint with the SIFT descriptor[2]. Eachdescriptoris
computedby samplingthemagnitudesandorientationsof the imagegradientin anareaaroundthe
interestpoint and then building smoothedorientationhistograms.For this, the areais divided in
4 � 4 sub-areas,eachof themcontaining8 orientations,which leadsto a descriptorin dimension
128= 4 � 4 � 8.
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Figure1: Theobjectrecognitionprocess.

2.2 Dimensionreduction and classi�cation

Theclassi�cationis basedon a Bayesianclassi�er. In orderto improve performance,we addbefore
adimensionreductionstep.

Dimensionreduction– A recenttechniquecalledPCA-SIFT [1] showedthatdimensionreduction
usingPrincipalComponentAnalysis(PCA) increasesrecognitionresultsin animageretrieval appli-
cation.TheauthorsdemonstratethatPCA-SIFT baseddescriptorsaremorerobust,discriminantand
morecompactthanstandardSIFT descriptor. They alsoshow thatmatchingbasedon this modi�ed
descriptorincreasesresultsandspeed.

We usedimensionreductionto obtaina morediscriminantrepresentationof thedescriptorsand
show thatthis improvesrecognitionresults.Morespeci�cally, wecomparethreemethods:two linear
methods(PCAandLDA) andonenonlinearmethod(LLE). Ourapproachis in asupervisedlearning
context so that we can useDiscriminantAnalysis method;LDA gives the (k � 1)1 discriminant
axesmaximizingtheinter-classvarianceandminimizing the intra-classvariance.TheLLE method,
introducedrecentlyby Roweiset al. [5], �nds anembeddingthatpreservesthe local geometryin a
linearneighborhoodof eachdatapoint in theoriginal space.We will alsoshow that thechoiceof a
dimensionreductiontechniquehasto tie up with thechoiceof aclassi�cationmethod.

Statisticalmodel– We considerthe statisticalmodelmadeof 6 classes,the backgroundand5
motorbike parts. For thebackgroundclass,thedensityof the featurex is supposedto be Gaussian
with meanm0 andcovariancematrix � 0. For eachof the5 motorbikeparts,thedensityf i of x is also
supposedto beGaussianwith meanm i andcovariancematrix � i , i = 1; :::; 5.

We learnon the learningsettheparametersm i and� i for eachclassesi = 0; :::; 5. Therefore,
duringtherecognition,we canclassifya testdescriptorx usinga Bayesianclassi�cation. However,
the Bayesianclassi�cation in this full version(R3) requiresthe estimationof the full covariance
matrix � i for eachclass,which is dif�cult in high dimension. Therefore,we have alsousedtwo
approximations:(R2) 8i; � i = � and(R1) 8i; � i = si :I d, where� is acommoncovariancematrix.

1k is thenumberof classes.
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3 Recognition

Recognitionconsistsin decidingwhethertest images(different from the training set) containthe
objectof interestor not. Like in the training stage,we computethe SIFT descriptorsfor the test
images. We obtainan imagerepresentationwhich we cancomparewith the onesobtainedin the
learningstep.Then,testdescriptorsareprojectedin thelearningspace.We have to decidenow if a
given descriptorbelongsto theobjectclassor not. Many classi�cationmethodsexist, but we have
chosento usetheBayesianclassi�cationmethodsbecausethey statisticallybased.TheBayesianrule
consistsin affectingthepoint x to theclassCi with themaximala posterioriprobability P(Ci jx) =
pi f i (x)=

P 5
j =0 pj f j (x), wherepi is theproportionof theclassi = 1; :::; 5 in thelearningset.

4 Experimental results

4.1 Datasetand protocol

For our experimentation,we choseto work with motorbikes images.We computedthe descriptors
for a setof 200 imagesandwe selectedtheonescorrespondingto 5 motorbike features:headlight,
front wheel,rearwheel,seatandhandlebars(SeeFig. 1-b). We obtainedthetwo following datasets:
learningsetandtestset. Thelearningsetis constitutedby 150descriptorsof eachof the5 character-
istic elementsand750descriptorsof thebackground.In thesamemanner, thetestsetis constituted
by 50descriptorsof eachcharacteristicelementsand250descriptorsof thebackground.

For eachdimensiond = 1; :::; 128, we reducedthe dimensionof the learningsetusingPCA,
LDA2 andLLE, thenwe learnedthedensityof eachclassfollowing thestatisticalmodel. Next, we
projectedthetestdescriptorsin thelearningspaceandcomputedthea posterioriprobabilityfor each
classusingthethreedecisionrules(R1); (R2) and(R3). Finally, weaffectedeachtestdescriptorsto
oneclassaccordingto (R1); (R2) and(R3).

4.2 Resultsand discussion

Theclassi�cationresultsarepresentedin Figure2; thetwo graphsshow theclassi�cationrate(y axis)
with respectto thedimensionreduction(x axis). On onehand,they show that reductiondimension
by PCAincreasesrecognitionresults,particularlywith thefull bayesianrule (R3). Thebetterresults
areobtainedin 40dimensionsandcomputingtimesarelarge.Ontheotherhand,LDA increasesalso
recognitionresultsaccordingto all classi�cationrules.LDA givesaverydiscriminantrepresentation
in (k � 1) dimensions(herek = 6) which allows to useef�ciently the (R2) rule. Consequently,
classi�cationresultsaregoodandcomputingtimesaresmall.

By lack of space,we do not presentresultsobtainedusingthe LLE method.Resultsareworse
thanmaximumof theothermethods(quantitatively, theclassi�cationrateis 4% less).LLE is a non-
linearmethodfor dimensionreduction,but it is penalizedby a dif�cult parametrization.In addition,
computingtimesarevery long. In this paper, in orderto carryout realisticexperiments,we hadto
considera largebackgroundclasswhich is themainreasonfor not sosatisfyingclassi�cationrates.

2For LDA, we take �rst the(k � 1) discriminantaxes,thenwe completewith PCAaxes.
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Figure2: Classi�cationresultswith (a)PCAand(b) LDA usingthreeclassi�cationrules.

5 Further work

In orderto increasefurthertherecognitionresults,wecouldchooseadifferentstatisticalmodelbased
on a Gaussianmixture. In addition,we look for a dimensionreductionfor eachclassusingPCA or
LDA. Anotherextensionto thepresentwork is to includesomespatialinformationor neighborhood
relationship,whichcouldbemodeledusingbayesiannetworksor hiddenMarkov models.
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