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Abstract

Objectrecognition is a central problemin computervision
research. Mostobjectrecognitionsystemshavetakenoneof
twoapproaches,usingeitherglobalor local featuresexclu-
sively. Thismaybein part dueto thedif�culty of combining
a singleglobal feature vectorwith a setof local featuresin
a suitablemanner.

In this paper, weshowthat combininglocal andglobal
features is bene�cial in an application where rough seg-
mentationsof objectsare available. We presenta method
for classi�cation with local featuresusingnon-parametric
densityestimation.Subsequently, we presenttwo methods
for combininglocal and global features. The �r st usesa
“stacking” ensembletechnique, and the secondusesa hi-
erarchical classi�cation system.Resultsshowthesuperior
performanceof thesecombinedmethodsover the compo-
nentclassi�ers, with a reductionof over 20% in the error
rateona challengingmarinescienceapplication.

1 Intr oduction

Most object recognitionsystemstend to useeitherglobal
imagefeatures,which describeanimageasa whole,or lo-
cal features,which representimagepatches. Global fea-
tureshave the ability to generalizean entireobjectwith a
singlevector. Consequently, their usein standardclassi®-
cationtechniquesis straightforward. Local features,on the
other hand,are computedat multiple points in the image
andareconsequentlymorerobust to occlusionandclutter.
However, they may requirespecializedclassi®cationalgo-
rithmsto handlecasesin which therearea variablenumber
of featurevectorsperimage.

�
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Onecontributionof this paperis a novel methodfor ob-
ject recognitionwith local features.We proposeto model
classesof imagesas a probability distribution over local
features. The probability density functionsare estimated
non-parametrically, andarethenusedto build a maximum
likelihoodclassi®er. We will referto this classi®erasNon-
ParametricDensity (NPD). This methodis shown to per-
form better than several other local featureclassi®ers. It
alsohasthe advantageof beingable to outputa posterior
distributionover labels,ratherthanasingleclasslabel.

Despite the robustnessadvantagesof local features,
globalfeaturesarestill usefulin applicationswherearough
segmentationof the object of interestis available. Auto-
matic detectorsexist for several broadclassesof objects,
such as faces[22] or signs [20]. For such applications
global featuresprovide informationthat is useful for class
discrimination.

Due to the fundamentaldifferencein how local and
global featuresarecomputed,we expectthat the two rep-
resentationswould provide differentkinds of information.
Most local featuresrepresenttexturein animagepatch.For
example,SIFT featuresusehistogramsof gradientorienta-
tions[11]. Globalfeaturesincludecontourrepresentations,
shapedescriptors,andtexturefeatures.Global texturefea-
turesandlocal featuresprovidedifferentinformationabout
the imagebecausethe supportover which texture is com-
putedvaries.We expectclassi®ersthatuseglobal features
will commiterrorsthatdiffer from thoseof classi®ersbased
on local features.This is supportedby theconfusionmatri-
cesin Tables1 and2,whichwill bediscussedfurtherbelow.

We presenttwo techniquesto exploit this partial inde-
pendenceof error to improve classi®cationaccuracy. The
®rst methodusesstacking[16] to combinethe output of
separateclassi®ersfor local andglobal features. The ap-
proachusesthefactthattheNPDclassi®erdescribedabove
outputsposteriordistributionsover classlabels. The sec-
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(a)Euphausiid (b)
Siphonophore

(c) Ctenophore

Figure1: A few exampleimagesfrom theVPRdataset.

ondmethodformsa two-tier hierarchyof classi®ers,where
the®rst stageusesaglobalfeatureclassi®erandthesecond
stageusesa local featureclassi®er. We groupthe classes
thatareconfusedin theglobalfeaturespaceandrely on the
local classi®erto sort the resultingsuperclass.Both tech-
niquessigni®cantly improved classi®cationaccuracy over
any singlecomponentclassi®er.

Theprimaryapplicationof thesetechniquesis to marine
sciencedatacollectedby a tool calledthe Video Plankton
Recorder(VPR)[2]. TheVideoPlanktonRecordercaptures
imagesof multicellularorganismsthathave organsandap-
pendageswith distinct visual appearances(Figure1). The
datasetconsistsof 1826gray-scaleimagesthat belongto
oneof 14 classes,which have beenidenti®edby experts.
Thedatasetis challengingfrom a classi®cationviewpoint
for several reasons.Organismsarephotographedfrom ar-
bitrary three-dimensionalviews. Thesizeof theorganisms
relative to the ®eld of view of the cameraresultsin many
imagesin which anorganismis only partially visible. The
highestaccuracy that we were able to achieve with tech-
niquesthat useeither local or global featuresaloneis ap-
proximately54%, while combiningthe two typesof fea-
turesboostedit to 65.5%.For comparison,Davis et al. [3]
report60-70%accuracy on a similar datasetalsoacquired
by VPR,but only containing7 classes.It is consequentlya
challengingandattractive datasourcefor testingour meth-
ods.

2 Classi�cation with Global Features

Many object recognitionsystemsuseglobal featuresthat
describean entireimage. Most shapeandtexture descrip-
tors fall into this category. Suchfeaturesareattractive be-
causethey producevery compactrepresentationsof im-
ages,whereeachimagecorrespondsto a point in a high-
dimensionalfeaturespace.As a result,any standardclassi-
®er canbeused.

On theotherhandglobal featuresaresensitive to clutter
andocclusion.As aresultit is eitherassumedthatanimage

Figure2: GlobalFeatureClassi®ers

only containsa singleobject,or that a goodsegmentation
of theobjectfrom thebackgroundis available.In our case,
animageoftendoescontaina singleobject,but sometimes
severalorganismsor particlesarepresent.

We have found that a simpleglobal bimodalsegmenta-
tion is usuallyeffectivefor separatingtheplanktonfrom the
background,which tendsto besigni®cantlydarker thanthe
object.Weuseexpectationmaximization(EM) to ®t amix-
tureof two Gaussiansto thehistogramof grayvaluesfor a
given image[4]. The Bayesiandecisionboundaryde®nes
the cut point betweenforegroundand background.After
that,morphologicalhole ®lling [18] is usedto capturethe
straydarkpixelsinsidetheobject.

Fromthesegmentationof eachimagewehavecomputed
threesimpleshapedescriptors:area,perimeter, andcom-
pactness(perimetersquaredover area).We have alsoused
two kinds of global texture features:local binary patterns
(LBP), which aregray-scaleandrotationinvarianttexture
operators[13], andshapeindex which is computedusing
theisophoteandthe�o wline curvaturesof theintensitysur-
face[14]. Thesefeaturescompriseaneffectivesubsetof the
featuresexploredfor planktoncategorizationin [1]. Clas-
si®cationresultsfor several commonlyusedclassi®ersare
shown in Figure2.

3 Classi�cation with Local Features

A differentparadigmis to uselocal features,which arede-
scriptorsof local imageneighborhoodscomputedat multi-
ple interestpoints.In thissection,wedescribetypicalways
in which local featuresareused. Oneof the key issuesin
dealingwith local featuresis that theremay be differing
numbersof featurepointsin eachimage,makingcomparing
imagesmorecomplicated.We presenttheHausdorff Aver-
age,a standardtechniquefor comparingpoint setsof dif-
ferentsizes,andapply it to comparingimagesrepresented
with local features.Subsequentlywe offer a probabilistic
method,which evaluatestheaveragelog likelihoodof fea-
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turepointsundera non-parametricdensityestimatefor the
class,to evaluatethe likelihoodof the classfor a particu-
lar image.OurproposedmethodoutperformstheHausdorff
Averagemethodandis animportantcomponentof ourcom-
binedlocal-plus-globalmethod.

Typically, interestpointsaredetectedat multiple scales
andareexpectedto berepeatableacrossdifferentviews of
an object. The interestpointsarealsoexpectedto capture
theessenceof theobject'sappearance.Thefeaturedescrip-
tor describestheimagepatcharoundaninterestpoint.

The usualparadigmof using local featuresis to match
them acrossimages,which requiresa distancemetric for
comparingfeaturedescriptors.This distancemetric is used
to devisea heuristicprocedurefor determiningwhena pair
of featuresis considereda match,e. g. by usinga distance
threshold.The matchingproceduremay alsoutilize other
constraints,suchasthegeometricrelationshipsamongthe
interestpoints,if theobjectis known to berigid.

Oneadvantageof usinglocal featuresis thatthey maybe
usedto recognizethe objectdespitesigni®cantclutter and
occlusion.They alsodo not requirea segmentationof the
objectfrom the background,unlike many texture features,
or representationsof theobject'sboundary(shapefeatures).

In thispaperwehaveusedtheSIFT(ScaleInvariantFea-
tureTransform)featuresproposedby Lowe[11], whichuse
localmaximaof thedifference-of-Gaussiansfunctionasin-
terestpointsandhistogramsof gradientorientationscom-
putedaroundthepointsasthedescriptors.

3.1 FeatureMatching

Usually, local featuresfrom apairof imagesarematchedto
producea list of reliablepoint correspondences.The cor-
respondencescanthenbeusedto performimageclassi®ca-
tion. In previouswork by Lowe [11], imagematchingwas
performedby countingthe numberof vectorsin the test-
ing imagethat ”matched”to vectorsin the training image.
Two vectorsmatchif their Euclideandistancefalls below
a threshold.We decidedto usethenumberof matchesbe-
tweentwo imagesasoursimilarity measure.

Let �
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be the numberof matchesobtainedby
matchingfeaturesfrom image
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the distancethresholdprocedureallows many-to-onefea-
ture matches.We can thende®nesimilarity betweentwo
imagesas �
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. Now we
caneasilybuild ak-nearest-neighbor(KNN) classi®er. This
approachhas performedvery well on a sign recognition
task[12] in which thegoalwasto identify speci®cobjects
storedin adatabase.

The disadvantageof usingthe numberof matchesasa
similarity measureis that imagematchingfails to general-
ize for theentireclassconsistingof highly variableorgan-

isms.This is problematicin thisapplicationdueto thehigh
in-classvariability. The accuracy achievedby this method
onourdomainwasonly 25%using1 nearestneighbor. Us-
ing more neighborsdecreasedthe accuracy by 1-2%. To
mitigate this problem,we adopteda imagedistancemore
suitableto this task,theHausdorff Average.

3.2 Hausdorff Average

The one-sidedHausdorff distance[9] betweentwo setsof
pointsin aspaceis de®nedas
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for pointsin thesets.

In general,underthis formulation
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To addressthis, thebi-directionalHausdorff distanceis de-
®nedas
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The Hausdorff distanceis often usedfor object detec-
tion, whereanimageis representedby a setof edgepoints.
In our case,we usetheHausdorff distanceto comparesets
of points in a high-dimensionalfeaturespace,ratherthan
in the imageplane. Speci®cally, we usea variationof the
Hausdorff distance,known as the Hausdorff Average,de-
®nedas
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where
,

�

,

is thecardinalityof
�

, and
.BADC

�

. TheHaus-
dorff Averagehasbeenshown to be themoststablevaria-
tion of theHausdorff distanceunderimagedistortions[17].
Intuitively, thedistancebetweentwo imagesis madegreater
whenevera local featurein oneimageis not closeto any of
thelocal featuresin theotherimage,andviceversa.

The Hausdorff averageallows us to comparetwo im-
agesrepresentedby thecorrespondingsetsof local features,
whichalsocanbeusedto build ak-nearest-neighborclassi-
®er. On our datasettheaccuracy of a KNN classi®erusing
5 nearestneighborswas45.66%.

3.3 Maximum Lik elihoodClassi®er

While theaccuracy of theHausdorff-basedclassi®eris en-
couragingcomparedto the featurematchingtechniquede-
scribedin Section3.1, we believe that classesof images
canbebetterrepresentedby estimatinga probabilitydistri-
butionoverlocal featurespresentin thoseimages.Oncethe
distributionsfor eachclassof imagesareestimated,wecan
build amaximum-likelihoodclassi®er.
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Sincewe have little a priori knowledgeaboutstructure
in our data,we will usenon-parametricdensityestimation.
We start by gatheringlocal featuresfrom training images
of a particularclassinto a singleset. Thenfor every local
feature,aGaussiankernelis placedin 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 thefeaturesfrom all trainingimagesof
aclassgivesusa muchlargernumberof samples,resulting
in abetterdensityestimate.

We setthecovarianceof thekernelsusingParzenWin-
dows[6]. Theapproachkeepsthekernelsisotropic,andthe
standarddeviationsof all kernelsthesame.Thus,thereis
only oneparameter� , which is setsuchthat themeanlog
likelihoodof every point is maximizedusinga leave-one-
outscheme.

After thePDFsof all classesareestimated,we canbuild
amaximum-likelihoodclassi®er. Let
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bea
query image,and 
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� be one of its constituentlocal
features.First,wecomputethelikelihoodof thequerygiven
eachclass:
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where
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is given by the PDF of
�

A

. Summingthe
log likelihoodsfor eachclasscorrespondsto anassumption
that the local featuresfound in eachimageare generated
independently. We can then output the most likely class
labelfor � .

Furthermore,the posteriorprobabilitiesfor eachclass
�
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canbe easilycomputedby normalizingthe like-
lihoods:
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Weassumeuniformpriors,becauseoneof ourobjectivesis
to estimaterelativeproportionsof thepopulationsof differ-
entplanktonspecies.

One of the dif®culties of usingnon-parametricdensity
estimationis that in higher dimensionsone needsa very
largenumberof samplepoints.In thecaseof local features,
this problemis somewhat alleviatedby the fact that there
aremany more local featuresthanthereare images. Fur-
thermore,in our implementationwe ®rst reducethedimen-
sionalityof theSIFTfeaturesfrom 128to 16usingPrincipal
ComponentsAnalysis.

This classi®cationtechniquediffers signi®cantly from
most methodsthat use local featuresin that it doesnot
explicitly computefeaturecorrespondences.For example,

Figure3: LocalFeaturesClassi®ers

HelmerandLowe [8] proposea probabilisticobjectrecog-
nition methodthatmodelsanobjectasacollectionof parts,
andlooksfor mostlikely matchesbetweenmodelpartsand
imagefeatures.TheNPD approach,on theotherhandrep-
resentsa classof objectsasa probability distribution over
thefeaturespace,andcomputesthe likelihoodof an image
feature,without expicitly assigningit to a particularmodel
part.

Comparative resultsareshown for the threetechniques
for local featureclassi®cationdescribedherein Figure3.

4 Combination Methods

Thekey contribution of this paperis combiningthediffer-
ent informationprovidedby local andglobal features.We
exploretwo methodsfor achieving this. The®rst is theclas-
sical methodof stackingandthe secondis usinga classi-
®cationhierarchy. Both signi®cantlyimprove resultsover
methodsthatuseeitherglobalor local featuresalone.

4.1 Stacking

Ensemblemethodsarelearningalgorithmsthat have been
shown to improveperformanceby combiningtheoutputsof
multiplecomponentclassi®ers.Ensemblemethodsfor clas-
si®cationhavebeenshown to havebetteraccuracy thanthe
componentclassi®ersif thecomponentclassi®ersareaccu-
rateanddiverse[5]. An accurateclassi®eris onethatout-
performsrandomguessing,anddiverseclassi®ersarethose
that commit independenterrors. Oneof the main areasof
ensembleresearchis how to induceindependencebetween
the componentclassi®ers. Inducing independencecanbe
achievedby manipulatingthetrainingset,manipulatingthe
input features,or injectingrandomnessin thelearningalgo-
rithm.

As opposedto techniquesin which a ®xed ensemble
strategy is used,meta-learningtechniquesemploy a meta-
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classi®erthat generalizesover the spaceof outputsfrom
baselevel classi®ers.In stacking [16] the outputsof con-
stituentclassi®ersare concatenatedand usedas an input
featurevectorfor a meta-classi®er. Stackingis perhapsthe
most intuitive techniquefor meta-learning,but hasfound
surprisinglylow adoptionin thevisioncommunity.

We discussheretwo mainvariationsof stacking.In the
®rst, the input to the meta-classi®eris a concatenationof
classlabelsproducedby eachof thecomponentclassi®ers.
In thesecondvariation,eachcomponentclassi®eroutputsa
posteriordistribution over classlabels,ratherthana single
label.Distributionsfrom thecomponentclassi®ersarecon-
catenatedandusedasinput to themeta-classi®er. Stacking
with probabilitydistributions,in essence,trainson anesti-
mateof classi®cationcon®dencefrom thebaselevel classi-
®er. Any classi®ercanbeusedat thebaselevel if we only
requirea singlecategory label,but stackingwith probabil-
ity distributionsrestrictsus to classi®ersthatoutputdistri-
butionsover classlabels. The choiceof meta-classi®eris
not restrictedin any way. In our experimentswith stacking
wehaveusedSVM asthemeta-classi®er.

Our local featureclassi®erproducesposteriordistribu-
tionsover labelsasdescribedin Section3.3. We have ex-
perimentedwith two variationsof baselevel classi®ersfor
global features. In the ®rst, we usednon-parametricden-
sity estimationto build severalmaximum-likelihoodclassi-
®ersusingdifferentglobalfeatures.Usingstackingto com-
bine only the global features,we achieved an accuracy of
50.32%. BecauseSVM hada higheraccuracy for global
features,our secondtechniqueusesSVM classi®ersat the
baselevel. Themeta-classi®ertakesa vectorconsistingof
onesin the elementscorrespondingto the base-level clas-
si®cation,andzeroelsewhere. Classi®cationaccuracy for
theseexperimentsis summarizedin Figures4(a)and4(b).

4.2 Classi®cationHierar chy

Giventhat local andglobal featuresprovidedifferentkinds
of informationaboutan image,it is possiblethat a pair of
classesnot separablein global featurespacewill bedistin-
guishedby local features.In this section,we proposea 2-
tier hierarchicalclassi®cationsystemthat usesglobal and
local featuresin succession.

At thetop level, classesthatarenot separableby global
featuresaremergedinto super-classes.The global feature
classi®eris thentrainedonthesesuper-classes.A local fea-
tureclassi®eris thentrainedto distinguishbetweentheorig-
inal classescontainedin eachsuperclass.Whenaqueryim-
ageis classi®edasbelongingto a super-class,it is passed
to the local featureclassi®er, which in turn determinesto
which of theclassesthe imagebelongs.Thereasoningbe-
hind this is thatat the top level the imagesarecategorized
into broader, more separable,groups,and at the bottom

Table1: Confusionmatrix for SVM with globalfeatures
1 2 3 4 5 6 7 8 9 10 11 12 13 14

1 21 5 3 1 1 2 0 1 2 96 0 0 0 1
2 4 33 0 0 6 3 0 1 3 30 0 5 1 0
3 3 2 22 0 0 0 11 1 1 54 3 0 1 2
4 3 2 0 10 8 1 0 0 1 2 0 7 0 0
5 1 4 0 2 94 2 0 0 0 5 0 10 13 0
6 1 2 1 0 11 4 1 0 0 39 1 1 7 0
7 0 3 11 0 0 1 29 0 3 70 21 0 1 3
8 3 3 2 0 0 0 0 83 2 1 1 1 0 1
9 5 0 1 2 2 0 3 0 89 24 3 1 0 3
10 12 11 10 0 1 2 21 3 6 339 16 0 4 8
11 0 0 3 0 0 0 16 1 2 18 67 0 0 1
12 1 13 1 5 11 0 1 6 3 5 0 155 1 0
13 3 0 0 0 19 5 0 0 0 23 0 1 30 0
14 4 2 2 0 0 0 2 1 17 33 5 1 1 10

Table2: Confusionmatrix for NPD with local features
1 2 3 4 5 6 7 8 9 10 11 12 13 14

1 18 0 0 0 17 0 0 0 0 41 0 56 1 0
2 2 13 0 0 8 0 1 0 1 8 0 50 1 1
3 1 0 47 2 4 0 7 0 7 24 0 7 0 0
4 0 0 0 0 15 1 0 0 0 2 0 16 0 0
5 0 0 0 0 87 0 0 0 0 2 0 39 2 0
6 1 0 1 0 23 6 0 0 0 12 1 20 4 0
7 3 0 10 0 6 0 74 0 4 27 2 10 3 2
8 0 0 0 0 0 0 0 89 0 0 0 8 0 0
9 4 0 0 0 6 1 3 0 57 29 3 24 0 6
10 7 1 5 1 29 2 14 0 3 274 0 79 16 0
11 1 0 1 0 0 0 3 0 1 12 88 1 0 1
12 0 0 0 0 7 0 0 21 0 1 0 173 0 0
13 0 0 0 0 42 0 0 0 0 3 0 28 8 0
14 1 1 1 0 3 0 0 0 8 21 1 28 0 14

level theclassi®erhasto distinguishbetweenfewerclasses.
Theglobalfeatureclassi®eris usedat thetop level because
it is faster, resultingin a speedupfor theoverall system.

For this combinationmethodwe usedthebestperform-
ing classi®erfor global features(SVM) andfor local fea-
tures (NPD). The confusionmatricesfor the component
classi®ersareshown in Tables1 and2. Thegroupingshave
beenconstructedby iteratively merging two classes

�

and
�

, suchthat the percentageof instancesof
�

classi®edas
�

is the highest. This processstops,whenthe percentage
fallsbelow a threshold.

The merging procedureon the VPR data set resulted
in the creationof two super-classes,consistingof 2 and4
classes,respectively. The accuracy of the SVM classi®er
ontheresulting10-classproblemincreasedto 69%,andthe
overallaccuracy increasedto 60%.

5 Application Domain

In thispaperweareattemptingto classifygray-scaleimages
of zooplanktonacquiredby the Video PlanktonRecorder
(VPR) [2]. TheVPR consistsof a singlevideocameraand
synchronizedstrobethatimagesthecontentsof asmallvol-
umeof waterat a rateof 60 Hz. In this studythe camera
imaged5.1 ml per image,with a ®eld of view of 17.5mm
wide x 11.7mm tall x 25 mm deep.Imagesweretransmit-
tedto thesurfacevia®ber-opticcablewheretime-codefrom
aGPSsystemwasaddedanddatawerearchivedonS-VHS
videotape.In the lab, thevideo signalwasroutedthrough
a PC-basedimageprocessingsystem(Imaging Technolo-
gies)thatdigitizedeachimageandlocatedobjectsmeeting
user-de®nedcriteriafor size,brightness,andfocus.Objects
meetingthesecriteria (termedregionsof interestor ROIs)
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werecroppedandwrittento diskasindividualTIFF ®les.A
subsetof imageswasmanuallyclassi®edinto zooplankton
categoriesthat rangedfrom individual speciesto broader
groups,dependingon how many taxonomicclassi®cation
featureswerepresent.

Oneissuewith thedataproducedby theVPR is that the
video framesare interlaced. Since the camerasystemis
typically towed at over 4 m/s, eachvideo ®eld represents
a completescene.WhenROIs areextractedby the image
processor, eachimagehasonly half of its horizontalscan
lines(eitheroddor even). Thereforetheimageshave to be
interpolatedto recover their properaspectratio.

Theimageswe usedto testour classi®cationtechniques
show zooplanktonbelongingto 13 categoriesandonephy-
toplanktoncategory (Table3). Microscopicplants(phyto-
plankton)areoften radially-symmetrical,andmay appear
similar whenviewed from differentangles. On the other
hand,theanimalsin our imagesare3D objects,whoseap-
pearancevery much dependson their orientationrelative
to the camera.Most of the animalsalsohave variousap-
pendagesthatmaybeextendedor retracted,andpossesar-
ticulatedexoskeletonsthat cantwist andbend,resultingin
many degreesof freedomof motion. In otherwords,they
arecapableof a wide rangeof articulatedmotion,resulting
in greatvarietyof possibleappearances.Thesefactsmake
thetaskof classifyingtheseimagesverychallenging.

6 Results

The resultsof combining local and global featureswith
stacking,as describedin Section4.1, are shown in Fig-
ures4(a)and4(b). In each®gure,theaccuracy of thecom-
ponentclassi®ersis displayedfollowedby theaccuracy of
thestackingtechnique.

In Figure4(a),two componentclassi®erswereused,in-
creasingthe accuracy to 65.5%. The ®rst componentis
an SVM classi®ertrainedon global features.We usedthe
SVM implementationincludedin the Weka toolkit [21].
The classi®eroutput was converted into a vector with a
valueof 1 assignedto thepredictedlabel,anda valueof 0
to all theothers.Thesecondclassi®erwasNPD with local
features.

In Figure4(b), 8 NPD componentclassi®erswereused,
increasingthe accuracy to 62%. Oneof themwastrained
with local features,while therestusedglobalfeatures.The
global features(describedin Section2) werecompactness,
perimeter, area,threekindsof local binarypatterns(LBP),
andshapeindex. Thelocalbinarypatternfeaturesusedpix-
elssampledata radiusof 1, 2, and3, andsamplesizesof 8,
16,and24,respectively.

In both casesposteriordistributions for all imagesin
the VPR dataset were producedby the componentclas-
si®ersusing10-fold cross-validation. The meanaccuracy

Table3: TaxonomicCategoriesof theVPR DataSet

CategoryName TaxonomicGroup # images

Calanus copepodspecies 132
�nmarchicus
Chaetognaths zooplanktonphylum 86
Conchoecia ostracodgenus 100
Ostracods
Ctenophores zooplanktonphylum 34
Euphausiids zooplanktonorder 131
Hyperiid zooplankton 68
Amphipods suborder
Pteropods zooplanktonorder 142
DiatomRods phytoplanktonclass 97
Larvaceans zooplanktonclass 133
SmallCopepods zooplanktonclass 433
Unidenti®ed zooplanktonorder 108
Cladocerans
Siphonophores zooplankton 202

suborder
Euchaetanorvegica copepodspecies 81
Siphonulae developmentalstage 78

of zooplankton
suborder

and the standarderror for the NPD classi®erswere com-
putedusingtheresultsof the folds. Themeanaccuracy of
the SVM componentclassi®erwas computedby running
10-fold cross-validation 10 times with different permuta-
tions of the data. This resultedin much tighter standard
errorbounds.Theresultingdistributionswereconcatenated
to form meta-features,which wereusedto train andtesta
meta-classi®er(SVM) againusing10-foldcross-validation.
The meanaccuracy andthe standarderror werecomputed
thesameway asfor thecomponentSVM classi®er.

Figure 4(c) shows the resultsof combining local and
global featuresusing the hierarchyof classi®ers(Section
4.2). At the top level of the hierarchytwo super-classes
werecreated,onemerging classes4 (Ctenophores)and12
(Siphonophores),andthe 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 anaccuracy of 69%. Whenthe local featureclas-
si®er is appliedto thesuper-classes,anoverall accuracy of
60%is achieved.
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(a) Stackingusinga SVM global
featureclassi®er, andaNPDlocal
featureclassi®er.

(b) Stackingusingmany NPD global
feature classi®ers,and a NPD local
featureclassi®er

(c) Hierarchicalclassi®cationus-
ing SVM globalfeatureclassi®er,
andaNPDlocal featureclassi®er.

Figure4: Classi®cationresults.

7 Conclusionsand Futur e Work

In this paper, we have presentedtwo methodsfor com-
bining local and global features. We argue that global
and local featuresshould be usedfor recognitionin ap-
plicationswherean objectdetectoris available. We have
shown, throughexperimentalresults,that combiningthese
two typesof featuresis reduceserror by more than20%.
Although the local andglobal featuresetsusedin this ex-
perimentboth largely describetexture we have neverthe-
lessshown thatbothprovidedifferentkindsof information
about the image. We expect that classi®cationaccuracy
would increasefurther if we wereableto addmoreshape
descriptorsor contour features. We have also presented
a novel methodfor classi®cationusing local featuresthat
hasoutperformedseveral imagematchingmethods. This
methodis ableto generalizefor theentireclassandthusis
capableof partiallyovercomingthehighin-classvariability
presentin ourdataset.In futurework weplanto extendthe
hierarchalclassi®cationmodelandintroducea new combi-
nationmethodthroughtheuseof kernels.

We plan to extendtheclassi®cationhierarchyapproach
to bemore�e xible with respectto theclassgroupings.Us-
ing unsupervisedclusteringandtheentropy of eachcluster
is a promisingtechniquefor revealingtheconfusedclasses
in global featurespace.By traininglocal featureclassi®ers
on theclassesthatbelongto clusterswith low entropy, we
allow the individual classesto bepresentin morethanone
superclass,which gives the modelmore �e xibility . Since
theclustersformedwouldbeeasilyseparablein globalfea-
ture space,we obtainan accuratetop level classi®er. We
alsoplan to analyzetheeffect of a top level global feature
classi®ervs a top level local featureclassi®er.

Several recentpapershave suggestedapproachesto tie
imagematchingwith local featuresto the supportvector
framework [7][10][19]. Thesupportvectorframework is a
generalmethodfor classi®cationderived from inner prod-
uctsover featurevectors[15]. A key featureof the SVM
framework is that it allows for thereplacementof strict in-
nerproductsin theoriginal featurespacewith Mercer ker-
nels, functionsthatareequivalentto innerproductsbetween
projectionsof theoriginal vectorinto a, usuallyhigherdi-
mensional,featurespace.Thoughthedatamaynotbewell
separatedin the lower dimensionalspace,their projection
into higherdimensionsmaybe. Positively weightedlinear
combinationsof MercerkernelsareMercerkernelsthem-
selves.Weplanto developanew SVM kernelconsistingof
a linearcombinationof a kernelto matchlocal featuresand
akernelappliedto a globalimagedescriptor.
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