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1 Intr oduction

This paperaddressethe challengingtaskof recognizingandlocatingobjectsin naturalimages.In
computenvision, mary successfupproaches objectrecognitionuselocalimagedescriptorsSuch
descriptorsio not requiresggmentationjn additionthey arerobustto partial occlusionandinvariant
to imagetransformationgparticularlyscalechanges)Amongthe existing descriptorsa recentcom-
parison[4] shavedthatthe SIFT descriptof2] wasparticularlyrobust. However, the SIFT descriptor
is high-dimensiona(typically 128-dimensionalandthis penalizesclassi cation. In this paper we
proposdo usestatisticaldimensiorreductiontechniqueso obtainamorediscriminantepresentation
of data,in orderto increaseaecognitionresults.

We will rst describehetwo stagesof the recognitionprocesgSeeFig. 1), learningandrecog-
nition, thenwe will presenexperimentaresultsobtainedon motorbikesimages.

2 Learning the model

Our objectmodel consistsof a setof imageparts. Learninghereis supervisedj.e. we manually
selectour partsfrom a setof automaticallyextractedfeatureqcf. section2.1). We thendeterminea
classi erfor eachpart(cf. section2.2).

2.1 Feature extraction

The rst stepisto detectall characteristipointsof theimagestructurecalledinterestpoints,for each
trainingimageusingthe Harris-Laplaceoperatof3]. This operatoris basedon the auto-correlation
matrix that describeghe local structureof the image. Pointsare thereforedistinctive and scale-
invariant. From thesepointswe manuallyselectthe onescorrespondingo our objectpartsandto

the background.We then characterizeeachpoint with the SIFT descriptor[2]. Eachdescriptoris

computedby samplingthe magnitudesand orientationsof the imagegradientin an areaaroundthe

interestpoint and then building smoothedorientationhistograms. For this, the areais divided in

4 4 sub-areaseachof them containing8 orientationswhich leadsto a descriptorin dimension
128=4 4 8.
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Figurel: Theobjectrecognitionprocess.

2.2 Dimensionreduction and classi cation

Theclassi cationis basedon a Bayesiarclassi er. In orderto improve performancewe addbefore
adimensiorreductionstep.

Dimensionreduction— A recenttechniquecalledPCA-SIFT [1] shawvedthatdimensiorreduction
usingPrincipalComponenfnalysis(PCA) increasesecognitionresultsin animageretrieval appli-
cation. Theauthorsdemonstratéhat PCA-SIFT baseddescriptoraremorerobust, discriminantand
more compactthanstandardSIFT descriptor They alsoshav that matchingbasedon this modi ed
descriptolincreasesesultsandspeed.

We usedimensionreductionto obtaina morediscriminantrepresentationf the descriptorsand
shaw thatthisimprovesrecognitionresults.More speci cally, we compareghreemethodsiwo linear
methodgPCA andLDA) andonenonlinearmethod(LLE). Ourapproachs in a supervisedearning
context so that we can use DiscriminantAnalysis method; LDA givesthe (k  1)! discriminant
axesmaximizingtheinterclassvarianceandminimizing the intra-classvariance.The LLE method,
introducedrecentlyby Roweisetal. [5], nds anembeddinghatpreseresthe local geometryin a
linear neighborhoodf eachdatapointin the original space.We will alsoshav thatthe choiceof a
dimensiorreductiontechniquehasto tie up with the choiceof a classi cationmethod.

Statisticalmodel— We considerthe statisticalmodelmadeof 6 classesthe backgroundand5
motorbile parts. For the backgroundclass,the densityof the featurex is supposedo be Gaussian
with meanmg andcovariancematrix . For eachof the5 motorbile parts,thedensityf ; of x is also
supposedo be Gaussiawith meanm; andcovariancematrix j,i = 1;:::;5.

We learnon thelearningsetthe parametersn; and ; for eachclasses = 0;:::;5. Therefore,
duringthe recognition,we canclassifyatestdescriptorx usinga Bayesiarclassi cation. However,
the Bayesianclassi cation in this full version(R3) requiresthe estimationof the full covariance
matrix ; for eachclass,which is dif cult in high dimension. Therefore,we have also usedtwo

approximations(R») 8i; ;= and(R1)8i; = sj:ld, where isacommoncovariancematrix.

1k is thenumberof classes.
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3 Recognition

Recognitionconsistsin decidingwhethertestimages(different from the training set) containthe
objectof interestor not. Like in the training stage,we computethe SIFT descriptorsfor the test
images. We obtainan imagerepresentationvhich we can comparewith the onesobtainedin the
learningstep. Then,testdescriptorsareprojectedin thelearningspace.We have to decidenow if a
given descriptorbelongsto the objectclassor not. Many classi cation methodsexist, but we have
choserto usethe Bayesiarclassi cationmethodshecausé¢hey statisticallybased The Bayesiarrule
conS|stsB affectlngthe pointx to theclassC; with the maximala posterioriprobability P (Cijx) =

pifi(x)= J —o B fj(x), wherep; is theproportionof theclassi = 1;:::;5 in thelearningset.

4 Experimental results

4.1 Datasetand protocol

For our experimentationwe choseto work with motorbikesimages. We computedthe descriptors
for a setof 200imagesandwe selectedhe onescorrespondingo 5 motorbilke features:headlight,
front wheel,rearwheel,seatandhandlebargSeeFig. 1-b). We obtainedthetwo following datasets:
learningsetandtestset Thelearningsetis constitutecby 150descriptorsf eachof the5 character
istic elementsaand 750 descriptorof the backgroundIn the samemannerthetestsetis constituted
by 50 descriptorf eachcharacteristielementand250descriptorsof the background.

For eachdimensiond = 1;:::;128 we reducedthe dimensionof the learningsetusing PCA,
LDA? andLLE, thenwe learnedthe densityof eachclassfollowing the statisticalmodel. Next, we
projectedhetestdescriptorsn thelearningspaceandcomputedhea posterioriprobabilityfor each
classusingthethreedecisionrules(R1); (R2) and(R3). Finally, we affectedeachtestdescriptordo
oneclassaccordingo (R1); (R2) and(R3).

4.2 Resultsand discussion

Theclassi cationresultsarepresentedh Figure2; thetwo graphsshaw theclassi cationrate(y axis)
with respecto the dimensionreduction(x axis). On onehand,they shav thatreductiondimension
by PCAincreasesecognitionresults particularlywith thefull bayesiarrule (R3). Thebetterresults
areobtainedn 40 dimensionsandcomputingtimesarelarge. Onthe otherhand,LDA increaseslso
recognitionresultsaccordingo all classi cationrules.LDA givesavery discriminantrepresentation
in (k 1) dimensiongherek = 6) which allows to useefciently the (R») rule. Consequently
classi cationresultsaregoodandcomputingtimesaresmall.

By lack of spacewe do not presentresultsobtainedusingthe LLE method. Resultsareworse
thanmaximumof the othermethodgquantitatvely, the classi cationrateis 4% less).LLE is anon-
linearmethodfor dimensionreduction,but it is penalizedby a dif cult parametrizationln addition,
computingtimesarevery long. In this paper in orderto carry out realisticexperimentswe hadto
consideralarge backgrounctlasswhich is the mainreasorfor not sosatisfyingclassi cationrates.

2For LDA, wetake rst the(k 1) discriminantaxes,thenwe completewith PCA axes.
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Figure2: Classi cationresultswith (a) PCAand(b) LDA usingthreeclassi cationrules.

5 Further work

In orderto increasdurthertherecognitionresults we couldchoosea differentstatisticaimodelbased
on a Gaussiammixture. In addition,we look for a dimensionreductionfor eachclassusingPCA or
LDA. Anotherextensionto the presentwork is to includesomespatialinformationor neighborhood
relationshipwhich couldbe modeledusingbayesiametworks or hiddenMarkov models.
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