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Abstract

Objectrecanitionis a central problemin computervision
reseach. Mostobjectrecanitionsysteméavetakenoneof
two approades,usingeitherglobal or local featuesexclu-
sively Thismaybein part dueto thedif culty of combining
a singleglobal feature vectorwith a setof local featuresin
a suitablemanner

In this paper we showthat combininglocal and global
featulesis bene cial in an application whele rough sey-
mentationsof objectsare available We presenta method
for classi cation with local featuesusingnon-pamametric
densityestimation. Subsequent)ywe presenttwo methods
for combininglocal and global featues. The r st usesa
“stacking” ensembléechnique and the secondusesa hi-
erarchical classi cation system.Resultsshowthe superior
performanceof thesecombinedmethodsover the compo-
nentclassi ers, with a reductionof over 20%in the error
rateon a challengingmarinescienceapplication.

1 Intr oduction

Most objectrecognitionsystemstend to useeither global
imagefeatureswhich describeanimageasa whole, or lo-

cal features,which represenimage patches. Global fea-
tureshave the ability to generalizean entire objectwith a
singlevector Consequentlytheir usein standardclassi®-
cationtechniquess straightforvard. Local featurespn the
other hand, are computedat multiple pointsin the image
andare consequentlynorerobustto occlusionandclutter.

However, they may requirespecializedclassi®catioralgo-
rithmsto handlecasesn which therearea variablenumber
of featurevectorsperimage.
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Onecontribution of this paperis a novel methodfor ob-
ject recognitionwith local features.We proposeto model
classesof imagesas a probability distribution over local
features. The probability densityfunctionsare estimated
non-parametricallyandarethenusedto build a maximum
likelihoodclassi®er We will referto this classi®erasNon-
ParametricDensity (NPD). This methodis shovn to per
form betterthan several other local featureclassi®ers. It
also hasthe advantageof being ableto outputa posterior
distribution over labels,ratherthanasingleclasslabel.

Despite the robustnessadwantagesof local features,
globalfeaturesarestill usefulin applicationsvherearough
segmentationof the objectof interestis available. Auto-
matic detectorsexist for several broad classesf objects,
suchas faces[22] or signs[20]. For such applications
global featuresprovide informationthatis usefulfor class
discrimination.

Due to the fundamentaldifferencein how local and
global featuresare computedwe expectthat the two rep-
resentationsvould provide differentkinds of information.
Mostlocal featuregepresentexturein animagepatch.For
example,SIFT featuresusehistogramsof gradientorienta-
tions[11]. Globalfeaturesncludecontourrepresentations,
shapedescriptorsandtexture features.Global texture fea-
turesandlocal featuregrovide differentinformationabout
the imagebecausdhe supportover which texture is com-
putedvaries. We expectclassi®erghat useglobal features
will commiterrorsthatdiffer from thoseof classi®erdased
onlocalfeatures.Thisis supportedy the confusionmatri-
cesin Tablesl and2, whichwill bediscussedurtherbelow.

We presenttwo techniquego exploit this partial inde-
pendencef errorto improve classi®cationaccurag. The
®rst methodusesstacking[16] to combinethe output of
separateclassi®ersfor local and global features. The ap-
proachuseghefactthatthe NPD classi®erescribedabove
outputsposteriordistributions over classlabels. The sec-



(a) Euphausiid (b)
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Figurel: A few exampleimagesfrom the VPR dataset.

ondmethodformsatwo-tier hierarchyof classi®ersywhere
the®rst stageusesa globalfeatureclassi®erandthe second
stageusesa local featureclassi®er We groupthe classes
thatareconfusedn theglobalfeaturespaceandrely onthe
local classi®erto sort the resultingsuperclass Both tech-
niguessigni®cantly improved classi®cationaccurag over
ary singlecomponentlassi®er

The primaryapplicationof thesetechniquess to marine
sciencedatacollectedby a tool calledthe Video Plankton
Recorde(VPR)[2]. TheVideoPlanktonRecordercaptures
imagesof multicellular organismghathave organsandap-
pendagesvith distinctvisual appearance@-igurel). The
datasetconsistsof 1826 gray-scaldmagesthat belongto
one of 14 classeswhich have beenidenti®ed by experts.
The datasetis challengingfrom a classi®cationviewpoint
for severalreasons.Organismsare photographedrom ar-
bitrary three-dimensionaliews. The sizeof the organisms
relative to the ®eld of view of the cameraresultsin mary
imagesin which anorganismis only partially visible. The
highestaccurag that we were able to achieve with tech-
niguesthat useeitherlocal or global featuresaloneis ap-
proximately54%, while combiningthe two typesof fea-
turesboostedt to 65.5%. For comparisonPavis et al. [3]
report60-70%accurag on a similar datasetlsoacquired
by VPR, but only containing7 classeslt is consequentha
challengingandattractie datasourcefor testingour meth-
ods.

2 Classi cation with Global Features

Many object recognitionsystemsuse global featuresthat
describean entireimage. Most shapeandtexture descrip-
torsfall into this category. Suchfeaturesareattractve be-
causethey producevery compactrepresentation®f im-
ages,whereeachimagecorrespond$o a pointin a high-
dimensionafeaturespace As aresult,ary standarctlassi-
®er canbeused.
Ontheotherhandglobalfeaturesaresensitve to clutter
andocclusion.As aresultit is eitherassumedhatanimage
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Figure2: Global FeatureClassi®ers

only containsa single object, or that a good sggmentation
of the objectfrom the backgrounds available.In our case,
animageoften doescontaina singleobject,but sometimes
sev/eralorganismsor particlesarepresent.

We have found that a simple global bimodalsegmenta-
tion is usuallyeffective for separatinghe planktonfrom the
backgroundwhich tendsto be signi®cantlydarker thanthe
object.We useexpectatiormaximization(EM) to ®t a mix-
ture of two Gaussianso the histogramof grayvaluesfor a
givenimage[4]. The Bayesiandecisionboundaryde®nes
the cut point betweenforegroundand background. After
that, morphologicalhole ®lling [18] is usedto capturethe
straydarkpixelsinsidethe object.

Fromthe sgmentatiorof eachimagewe have computed
threesimple shapedescriptors:area,perimeter and com-
pactnesgperimetersquarecbver area). We have alsoused
two kinds of global texture features:local binary patterns
(LBP), which are gray-scaleandrotation invarianttexture
operatorg13], and shapeindex which is computedusing
theisophoteandthe o wline curvaturesof theintensitysur
face[14]. Thesefeatureompriseaneffective subsebf the
featuresexploredfor planktoncateorizationin [1]. Clas-
si®cationresultsfor several commonlyusedclassi®ersare
shawvn in Figure2.

3 Classi cation with Local Features

A differentparadigmis to uselocal featureswhich arede-
scriptorsof local imageneighborhoodsomputedat multi-
pleinterestpoints. In this sectionwe describeypical ways
in which local featuresare used. One of the key issuesin
dealingwith local featuresis that there may be differing
numberof featurepointsin eachimage,makingcomparing
imagesmorecomplicated We presenthe Hausdorf Aver-
age,a standardechniquefor comparingpoint setsof dif-
ferentsizes,andapply it to comparingimagesrepresented
with local features. Subsequentlyve offer a probabilistic
method,which evaluateshe averagelog likelihoodof fea-



ture pointsundera non-parametridensityestimatefor the
class,to evaluatethe likelihood of the classfor a particu-
larimage.Our proposednethodoutperformghe Hausdorf
Averagemethodandis animportantcomponenof ourcom-
binedlocal-plus-globamethod.

Typically, interestpointsare detectedat multiple scales
andareexpectedto berepeatablacrosdifferentviews of
anobject. The interestpointsare also expectedto capture
theessencef theobjectsappearancelhefeaturedescrip-
tor describesheimagepatcharoundaninterestpoint.

The usualparadigmof usinglocal featuresis to match
them acrossimages,which requiresa distancemetric for
comparingfeaturedescriptorsThis distancemetricis used
to devisea heuristicprocedurdor determiningwhena pair
of featureds considerech match,e. g. by usinga distance
threshold. The matchingproceduremay alsoutilize other
constraintssuchasthe geometricrelationshipsamongthe
interestpoints,if the objectis known to berigid.

Oneadwantageof usinglocalfeaturess thatthey maybe
usedto recognizethe objectdespitesigni®cantclutter and
occlusion. They alsodo not requirea segmentationof the
objectfrom the backgroundunlike mary texture features,
or representationsf theobject's boundaryshapdeatures).

In this papemwe have usedthe SIFT (ScalelnvariantFea-
ture Transform)eaturegroposedy Lowe [11], which use
localmaximaof thedifference-of-Gaussiarisnctionasin-
terestpoints and histogramsof gradientorientationscom-
putedaroundthe pointsasthedescriptors.

3.1 Feature Matching

Usually, localfeaturesrom a pair of imagesarematchedo
producea list of reliable point correspondencesThe cor-
respondencesanthenbeusedto performimageclassi®ca-
tion. In previouswork by Lowe [11], imagematchingwas
performedby countingthe numberof vectorsin the test-
ing imagethat "matched”to vectorsin the trainingimage.
Two vectorsmatchif their Euclideandistancefalls belov
athreshold.We decidedto usethe numberof matchede-
tweentwo imagesasour similarity measure.

Let be the numberof matchesobtainedby
matchingfeaturesfrom image to featuresfrom image

Note that in general , because

the distancethresholdprocedureallows mary-to-onefea-
ture matches. We canthen de®nesimilarity betweentwo
imagesas . Now we
caneasilybuild ak-nearest-neighbdKNN) classi®er This
approachhas performedvery well on a sign recognition
task[12] in which the goalwasto identify speci®cobjects
storedin adatabase.

The disadwantageof usingthe numberof matchesasa
similarity measuras thatimagematchingfails to general-
ize for the entire classconsistingof highly variableorgan-

isms. Thisis problematian this applicationdueto the high
in-classvariability. The accurag achieved by this method
onourdomainwasonly 25%usingl1 nearesheighbor Us-
ing more neighborsdecreasedhe accurag by 1-2%. To
mitigate this problem,we adopteda imagedistancemore
suitableto this task,the Hausdorf Average.

3.2 Hausdorff Average

The one-sidedHausdorf distance[9] betweentwo setsof
pointsin a spaces de®nedas

1)
where and arethetwo setsof points,and isanorm
for pointsin the sets.

In generalunderthis formulation .
To addresshis, the bi-directionalHausdorf distances de-
®nedas

(2)

The Hausdorf distanceis often usedfor objectdetec-
tion, whereanimageis representetly a setof edgepoints.
In our case we usethe Hausdorf distanceto comparesets
of pointsin a high-dimensionafeaturespace ratherthan
in theimageplane. Speci®cally we usea variationof the
Hausdorf distance known asthe Hausdorf Average,de-
®nedas

3)

where is the cardinalityof , and . The Haus-
dorff Averagehasbeenshavn to be the moststablevaria-
tion of the Hausdorf distanceunderimagedistortions[17].
Intuitively, thedistancebetweerntwo imageds madegreater
wheneeralocal featurein oneimageis notcloseto ary of
thelocal featuresn the otherimage,andvice versa.

The Hausdorf averageallows us to comparetwo im-
agegepresentely thecorrespondingetsof local features,
whichalsocanbeusedto build ak-nearest-neighbarassi-
®er. Onourdatasettheaccurag of aKNN classi®erusing
5 nearesheighborsvas45.66%.

3.3 Maximum Lik elihood Classi®er

While theaccurag of the Hausdorf-basedclassi®eris en-
couragingcomparedo the featurematchingtechniquede-

scribedin Section3.1, we believe that classesof images
canbebetterrepresentedly estimatinga probability distri-

bution overlocal featurepresentin thoseimages.Oncethe

distributionsfor eachclassof imagesareestimatedyve can
build amaximum-likelihoodclassi®er



Sincewe have little a priori knowledgeaboutstructure
in our data,we will usenon-parametriciensityestimation.
We start by gatheringlocal featuresfrom training images
of a particularclassinto a singleset. Thenfor every local
featurea Gaussiarkernelis placedn thefeaturespacewith
its meanat the feature. The probability density function
(PDF) of the classis then de®nedas the normalizedsum
of all the kernels. In theory it is possibleto estimatethe
distribution over local featuresfor eachindividual image.
However, aunionof thefeaturedrom all trainingimagesof
aclassgivesusa muchlargernumberof samplesresulting
in abetterdensityestimate.

We setthe covarianceof the kernelsusing ParzenWin-
dows|[6]. Theapproactkeepgshekernelsisotropic,andthe
standarddeviationsof all kernelsthe same. Thus,thereis
only oneparameter , which is setsuchthat the meanlog
likelihoodof every pointis maximizedusing a leave-one-
outscheme.

After the PDFsof all classesreestimatedye canbuild
amaximum-likelihoodclassi®er Let
be the setof imageclasses.Let bea
qgueryimage,and be one of its constituentiocal
featuresFirst,wecomputehelik elihoodof thequerygiven
eachclass:

— (4)

where is givenby the PDFof . Summingthe
log likelihoodsfor eachclasscorrespond$o anassumption
that the local featuresfound in eachimageare generated
independently We can then output the mostlikely class
labelfor
Furthermore the posteriorprobabilitiesfor eachclass
canbe easily computedby normalizingthe like-
lihoods:

(®)

We assumauniform priors,becaus@neof our objectvesis
to estimaterelative proportionsof the populationsof differ-
entplanktonspecies.

One of the dif®culties of using non-parametridensity
estimationis that in higher dimensionsone needsa very
largenumberof samplepoints.In thecaseof local features,
this problemis someavhat alleviated by the fact that there
aremary more local featuresthanthereareimages. Fur
thermorejn ourimplementatiorwe ®rst reducethe dimen-
sionalityof the SIFT featuredrom 128to 16 usingPrincipal
Component#nalysis.

This classi®cationtechniquediffers signi®cantly from
most methodsthat use local featuresin that it doesnot
explicitly computefeaturecorrespondenced-or example,
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Figure3: Local FeatureLlassi®ers

HelmerandLowe [8] proposea probabilisticobjectrecog-
nition methodthatmodelsanobjectasa collectionof parts,
andlooksfor mostlikely matchedbetweermodelpartsand
imagefeatures.The NPD approachpn the otherhandrep-
resentsa classof objectsasa probability distribution over
thefeaturespaceandcomputeshe likelihoodof animage
feature without expicitly assigningt to a particularmodel
part.

Comparatre resultsare shawvn for the threetechniques
for local featureclassi®catiordescribecherein Figure3.

4 Combination Methods

The key contribution of this paperis combiningthe differ-
entinformationprovided by local andglobal features.We
exploretwo methoddor achieving this. The®rstis theclas-
sical methodof stackingandthe secondis usinga classi-
®cation hierarchy Both signi®cantlyimprove resultsover
methodghatuseeitherglobalor local featuresalone.

4.1 Stacking

Ensemblemethodsare learningalgorithmsthat have been
shavn to improve performancédny combiningthe outputsof
multiple componentlassi®ersEnsemblenethoddor clas-
si®cationhave beenshavn to have betteraccurayg thanthe
componentlassi®ersf thecomponentlassi®ersareaccu-
rateanddiverse[5]. An accurateclassi®eris onethat out-
performsrandomguessinganddiverseclassi®ersarethose
that commitindependenerrors. One of the main areasof
ensemblaesearchs how to induceindependenceetween
the componentclassi®ers. Inducingindependencean be
achievedby manipulatingthetraining set,manipulatingthe
inputfeaturespr injectingrandomnesa thelearningalgo-
rithm.

As opposedto techniquesin which a ®xed ensemble
stratgy is used,meta-learningechniquesmploy a meta-



classi®erthat generalizesover the spaceof outputsfrom
baselevel classi®ers.In stadking [16] the outputsof con-
stituent classi®ersare concatenateénd usedas an input
featurevectorfor a meta-classi®erStackingis perhapghe
mostintuitive techniquefor meta-learningput hasfound
surprisinglylow adoptionin thevision community

We discussheretwo main variationsof stacking.In the
®rst, the input to the meta-classi®ers a concatenatiorof
classlabelsproducedby eachof the componentlassi®ers.
In the secondrariation,eachcomponentlassi®eroutputsa
posteriordistribution over classlabels,ratherthana single
label. Distributionsfrom the componentlassi®ersarecon-
catenate@ndusedasinput to the meta-classi®erStacking
with probability distributions,in essencetrainson an esti-
mateof classi®catiorcon®dencdrom the baselevel classi-
®er. Any classi®ercanbe usedat the baselevel if we only
requirea single catagory label, but stackingwith probabil-
ity distributionsrestrictsusto classi®erghat outputdistri-
butions over classlabels. The choiceof meta-classi®ers
notrestrictedn any way. In our experimentswith stacking
we have usedSVM asthe meta-classi®er

Our local featureclassi®erproducesposteriordistribu-
tions over labelsasdescribedn Section3.3. We have ex-
perimentedvith two variationsof baselevel classi®ersfor
global features. In the ®rst, we usednon-parametricden-
sity estimationto build severalmaximume-likelihoodclassi-
®ersusingdifferentglobalfeatures Using stackingto com-
bine only the global features,we achiezed an accurag of
50.32%. BecauseSVM had a higheraccurag for global
featurespur secondtechniqueusesSVM classi®ersat the
baselevel. The meta-classi®etakesa vectorconsistingof
onesin the elementscorrespondingdo the base-lgel clas-
si®cation,andzero elsavhere. Classi®cationaccuray for
theseexperimentds summarizedn Figures4(a)and4(b).

4.2 Classi®cationHierar chy

Giventhatlocal andglobalfeaturesprovide differentkinds
of informationaboutanimage,it is possiblethat a pair of

classesot separablén globalfeaturespacewill bedistin-

guishedby local features.In this section,we proposea 2-

tier hierarchicalclassi®cationsystemthat usesglobal and
local featuresn succession.

At thetop level, classeghatarenot separabldy global
featuresare memgedinto superclasses.The global feature
classi®elis thentrainedonthesesuperclassesA local fea-
tureclassi®eiis thentrainedto distinguishbetweerntheorig-
inal classegontainedn eachsuperclasswhenaqueryim-
ageis classi®edasbelongingto a superclass,it is passed
to the local featureclassi®ey which in turn determinego
which of the classegheimagebelongs.The reasoninge-
hind this is thatat the top level the imagesare categyorized
into broader more separablegroups,and at the bottom

Tablel: Confusionmatrix for SVM with globalfeatures
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Table2: Confusionmatrix for NPD with
[ 1 2 3 5 6 7 8 9 10
17
8
4
15

local features
1 12 13 14|
0

41
8
24
2
2
12
27
0
29 24
274 79
12 88 1
1 0 173 0

56
50
7

16
39
20
10
8

87
23
6
0
6
29
0
7
42
3

level theclassi®erhasto distinguishbetweerfewer classes.
Theglobalfeatureclassi®eris usedatthetop level because
it is fasterresultingin aspeedugor theoverall system.

For this combinationmethodwe usedthe bestperform-
ing classi®erfor global features(SVM) andfor local fea-
tures (NPD). The confusionmatricesfor the component
classi®ersaareshavn in Tablesl and2. Thegroupingshave
beenconstructedy iteratively meming two classes and

, suchthatthe percentag®f instanceof classi®edas
is the highest. This processstops,whenthe percentage
falls below athreshold.

The meming procedureon the VPR data set resulted
in the creationof two superclassesconsistingof 2 and4
classesrespectiely. The accurag of the SVM classi®er
ontheresultingl0-clasgproblemincreasedo 69%,andthe
overallaccurag increasedo 60%.
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5 Application Domain

In this papemwe areattemptingo classifygray-scalémages
of zooplanktonacquiredby the Video PlanktonRecorder
(VPR)[2]. TheVPR consistf asinglevideocameraand
synchronizeatrobethatimageshe contentsf a smallvol-
ume of waterat a rate of 60 Hz. In this studythe camera
imaged5.1 ml perimage,with a ®eld of view of 17.5mm
widex 11.7mmtall x 25 mm deep.Imagesweretransmit-
tedto thesurfacevia ®beroptic cablewheretime-coderom
a GPSsystemwasaddedanddatawerearchvedon S-VHS
videotape.In the lab, the video signalwasroutedthrough
a PC-basedmageprocessingsystem(lmaging Technolo-
gies)thatdigitized eachimageandlocatedobjectsmeeting
userde®nedcriteriafor size,brightnessandfocus.Objects
meetingthesecriteria (termedregions of interestor ROIS)



werecroppedandwrittento diskasindividual TIFF ®les. A
subsebf imageswasmanuallyclassi®ednto zooplankton
catgyoriesthat rangedfrom individual speciesto broader
groups,dependingon how mary taxonomicclassi®cation
featureswverepresent.

Oneissuewith thedataproducecdby the VPR is thatthe
video framesare interlaced. Sincethe camerasystemis
typically towed at over 4 m/s, eachvideo ®eld represents
a completescene.When ROIs are extractedby the image
processareachimagehasonly half of its horizontalscan
lines (eitherodd or even). Thereforetheimageshaveto be
interpolatedo recovertheir properaspectatio.

Theimageswe usedto testour classi®catiortechniques
shav zooplanktorbelongingto 13 categyoriesandonephy-
toplanktoncategory (Table 3). Microscopicplants(phyto-
plankton)are often radially-symmetricaland may appear
similar whenviewed from differentangles. On the other
hand,the animalsin ourimagesare 3D objects,whoseap-
pearancevery much dependson their orientationrelative
to the camera. Most of the animalsalso have variousap-
pendageshatmay be extendedor retractedandpossesr
ticulatedexoskeletonsthat cantwist andbend,resultingin
mary degreesof freedomof motion. In otherwords, they
arecapableof awide rangeof articulatedmotion, resulting
in greatvariety of possibleappearancesThesefactsmake
thetaskof classifyingtheseimagesvery challenging.

6 Results

The resultsof combining local and global featureswith

stacking,as describedin Section4.1, are shawvn in Fig-

ures4(a)and4(b). In each®gure,theaccurag of thecom-
ponentclassi®erds displayedfollowed by the accurag of
the stackingtechnique.

In Figure4(a),two componentlassi®ersvereused,in-
creasingthe accurag to 65.5%. The ®rst components
an SVM classi®ertrainedon global features.We usedthe
SVM implementationincludedin the Wekatoolkit [21].
The classi®eroutput was corvertedinto a vector with a
valueof 1 assignedo the predictedabel,anda valueof 0
to all the others.The secondclassi®erwasNPD with local
features.

In Figure4(b), 8 NPD componentlassi®ersvereused,
increasingthe accurag to 62%. One of themwastrained
with local featureswhile therestusedglobalfeatures.The
globalfeatureqdescribedn Section2) werecompactness,
perimeterarea,threekinds of local binary patterngLBP),
andshapeandex. Thelocal binarypatternfeaturesusedpix-
elssampledataradiusof 1, 2, and3, andsamplesizesof 8,
16,and24,respectiely.

In both casesposteriordistributions for all imagesin
the VPR dataset were producedby the componentclas-
si®ersusing 10-fold cross-walidation. The meanaccurag

Table3: TaxonomicCateyoriesof the VPR DataSet

| Catggory Name | TaxonomicGroup | #images|
Calanus copepodspecies 132
nmarchicus
Chaetognaths zooplanktorphylum 86
Condoecia ostracodyenus 100
Ostracods
Ctenophores zooplanktorphylum 34
Euphausiids zooplanktororder 131
Hyperiid zooplankton 68
Amphipods suborder
Pteropods zooplanktororder 142
DiatomRods phytoplanktorclass 97
Larvaceans zooplanktorclass 133
SmallCopepods zooplanktorclass 433
Unidenti®ed zooplanktororder 108
Cladocerans
Siphonophores zooplankton 202
suborder
Eudhaetanorvegica | copepodspecies 81
Siphonulae developmentaktage 78
of zooplankton
suborder

andthe standarderror for the NPD classi®erswere com-
putedusingtheresultsof the folds. The meanaccuray of
the SVM componentclassi®erwas computedby running
10-fold cross-walidation 10 times with different permuta-
tions of the data. This resultedin much tighter standard
errorbounds.Theresultingdistributionswereconcatenated
to form meta-featuresywhich were usedto train andtesta
meta-classi®efSVM) againusing10-fold cross-alidation.
The meanaccuray andthe standarderror were computed
thesameway asfor thecomponenSVM classi®er

Figure 4(c) shows the resultsof combininglocal and
global featuresusing the hierarchyof classi®ers(Section
4.2). At the top level of the hierarchytwo superclasses
werecreated pnememing classest (Ctenophoresand12
(Siphonophoreskndthe othercontainingclasses3 (Con-
choeciaOstracods),7 (Pteropods),10 (Small Copepods),
and 11 (Unidenti®edCladocerans).The numberof cate-
goriesat the top level hasbeenreducedto 10. An SVM
global featureclassi®eris trainedon thesenew categories
yielding an accuray of 69%. Whenthelocal featureclas-
si®eris appliedto the superclassesan overall accurag of
60%is achiesed.



(a) Stackingusinga SVM global
featureclassi®erandaNPDlocal

featureclassi®er featureclassi®er

(b) Stackingusingmary NPD global
feature classi®ers,and a NPD local

(c) Hierarchicalclassi®cationus-
ing SVM globalfeatureclassi®ey
andaNPD localfeatureclassi®er

Figure4: Classi®catiorresults.

7 Conclusionsand Futur e Work

In this paper we have presentedwo methodsfor com-
bining local and global features. We argue that global
and local featuresshould be usedfor recognitionin ap-
plicationswherean object detectoris available. We have
shawvn, throughexperimentalresults,that combiningthese
two typesof featuresis reduceserror by more than 20%.
Although the local and global featuresetsusedin this ex-
perimentboth largely describetexture we have neverthe-
lessshown thatboth provide differentkinds of information
aboutthe image. We expect that classi®cationaccurag
would increasdurther if we were ableto add more shape
descriptorsor contourfeatures. We have also presented
a novel methodfor classi®cationusinglocal featuresthat
hasoutperformedsereral image matchingmethods. This
methodis ableto generalizdor the entire classandthusis
capableof partially overcomingthe highin-classvariability
presentn ourdataset.In futurework we planto extendthe
hierarchaklassi®catiormodelandintroducea nex combi-
nationmethodthroughthe useof kernels.

We planto extendthe classi®catiorhierarchyapproach
to bemore e xible with respecto the classgroupings.Us-
ing unsupervisealusteringandthe entrogy of eachcluster
is a promisingtechniquefor revealingthe confusedclasses
in globalfeaturespace By traininglocal featureclassi®ers
on the classeghatbelongto clusterswith low entrogy, we
allow theindividual classego be presenin morethanone
superclasswhich givesthe modelmore e xibility. Since
theclustersformedwould be easilyseparablén globalfea-
ture space,we obtainan accuratetop level classi®er We
alsoplanto analyzethe effect of a top level global feature
classi®ewvs atop level local featureclassi®er

Several recentpapershave suggeste@pproacheso tie
image matchingwith local featuresto the supportvector
framawork [7][10][19]. The supportvectorframenorkis a
generalmethodfor classi®cationderived from inner prod-
uctsover featurevectors[15]. A key featureof the SVM
framework is thatit allows for the replacemenof strictin-
ner productsin the original featurespacewith Mercer ker-
nels functionsthatareequialentto innerproductsbetween
projectionsof the original vectorinto a, usually higherdi-
mensionalfeaturespace.Thoughthedatamaynotbewell
separatedn the lower dimensionalspace their projection
into higherdimensionamay be. Positively weightedlinear
combinationsof Mercerkernelsare Mercerkernelsthem-
selves.We planto developanew SVM kernelconsistingof
alinearcombinationof a kernelto matchlocal featuresand
akernelappliedto a globalimagedescriptor
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