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Abstract

Thispaperpresentsan extensionto category classi�ca-
tion with bag-of-features,which representsan image asan
orderlessdistribution of features. We proposea methodto
exploit spatialrelationsbetweenfeaturesbyutilizing object
boundariesprovidedduring supervisedtraining. We boost
theweightsof featuresthatagreeon thepositionandshape
of the objectand suppressthe weightsof backgroundfea-
tures,hencethenameof our method—“spatial weighting”.
Theproposedrepresentationis thusricherandmore robust
to backgroundclutter. Experimentalresultsshowthat our
approach improvestheresultsof oneof thebestcurrentim-
age classi�cation techniques.Furthermore, we proposeto
applythespatialmodelto objectlocalization.Initial results
arepromising.

1. Intr oduction

The recognitionof objectcategoriesis oneof the most
challengingproblemsin computervision, especiallyin the
presenceof posechanges,intra-classvariation, occlusion
andbackgroundclutter. Methodsbasedonsparselocal fea-
tures[1, 3, 5] andbag-of-features[23, 24] wereproposed
to dealwith posechangesandintra-classvariations.They
haveshown to giveexcellentresults.However, they aresen-
sitiveto backgroundclutter, becausethey cannotdistinguish
betweenobjectsandbackground.Effortshavebeenmadeto
overcomethisproblemby usingfeatureselection[3], boost-
ing [19] or designingnovel kernelswith high discrimina-
tive power [9, 16]. Robustnessto occlusionswasimproved
by introducingsimilarity measuresbasedon partialmatch-
ing (EMD distance[21]) or histogramcomparison(� 2 dis-
tance[10]). On thosedistancesrobustGaussiankernelsfor
SupportVectorMachines(SVM) [22] werebuilt. However,
therestill seemsto beastrongpotentialfor improving back-
groundclutter robustnessof bag-of-keypoints representa-
tion [25].

It hasbeenshown that consideringspatialrelationships
betweenfeatures,which are ignoredby the standardbag-
of-keypoints representation,may lead to high recognition

results[12]. This motivatesus to extendthe original bag-
of-keypointsrepresentationto incorporatespatialinforma-
tion. It was also shown that interestpoints can generate
accuratehypothesesaboutlocalizationof the objectin the
image [13, 15]. Extendingthose ideas, we introducea
methodin which thefeaturesthatagreeon the localization
andshapeof theobjectboosttheimportanceof eachother.
We nameour technique“spatial weighting”. We test the
performanceof ourapproachon thePASCAL VisualObject
ClassesChallengedataset [4] (see�g. 1). We evaluatea
state-of-the-artmethodof this challenge[4, 25] andshow
thatapplyingtheproposedmethodcanimprove results.

Our approachusesall the information provided dur-
ing supervisedtraining, i.e., not only the imagelabel, but
alsotheobjectlocalization.Traditionalbag-of-featuresap-
proachescanuseduring trainingeitherall-imageinforma-
tion (weaklysupervisedsetting)or object-onlyinformation.
As wasshown in [25], bothmethodshave drawbacks.We
will overcomethis by employing all the informationgiven
duringthetrainingphase.

Furthermore,it is worth noticing that the segmentation
information,which is producedas a side effect of spatial
weighting,maybeusedfor localization.It hasbeenshown
recentlythat combiningthe power of generative modeling
with a discriminative classi�er allows to obtain good re-
sultsfor objectcategory localization[7]. We show promis-
ing resultsfor thegenerationof segmentationmasksfor the
Graz02dataset[18]. Theresultsindicatethatusingthegen-
eratedmasksto guidethediscriminative classi�er canlead
to theconstructionof anovel,effectivelocalizationmethod.
For now, weshow somepreliminaryresultsonthedirectuse
of themasksfor localization.

A somewhatsimilarsolutionfor approximateimageseg-
mentationusinglocal featuresandspatialinformationwas
proposedby Leibe et al. [13]. We have, however, experi-
encedthat a patch-basedapproachfor segmentationdoes
not work well in combinationwith a sparseimagerepre-
sentation.Thediscriminative objectpartsthatagreeon the
localizationof theobjectcanbecoveredwith accurateseg-
mentationpatches.Nevertheless,for a full segmentationof
theobject,segmentationof non-discriminative objectparts
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Figure 1. PASCAL challeng e image examples with ground-truth object annotation.

is alsorequired.We �nd that a combinationof full masks
leadsto betterresultscomparedto theuseof local segmen-
tationpatchesthatwe have implementedat anearlierstage
of our research.

We avoided using the Hough transform[15], as it re-
quiresde�ning a parameterspaceandthuslimits theshape
hypothesesto forms like rectangles,ellipses, etc. Our
methoddoesnot make assumptionsabouttheobjectshape
norsimpli�es it to basicshapes.It usesthefull shapeinfor-
mationprovided by the training objectsandperformsvot-
ing ontheentireobjectboundary. For agiventestimagewe
computeafull segmentationmaskestimateandobtaingood
resultsevenfor objectswith irregularshapes.

In section 2 we describethe category classi�cation
framework of Zhangetal. [25] which is thebag-of-features
approachour methodbuilds on. We presentour spatial
weighting methodin section3. Experimentalresultsare
givenin section4. Proposedfuturework, includingthedis-
cussionaboutusing the methodfor object localization,is
outlinedin section5.

2. Local features and kernels for object cate-
gory recognition

In the following we describethe basic blocks of the
framework by Zhangetal. [25] thatwehaveextended.This
methodhasshown excellent resultsin the PASCAL VOC
Challenge[4] achieving thebestclassi�cationaccuracy for
themoredif�cult testset.It �rst extractsaninvariantimage
representationbasedonlocal imagedescriptionandbag-of-
features,andthenusesnon-linearSupportVectorMachines

(SVMs)with extendedGaussiankernelsfor classi�cation.

2.1. Detection of in terest poin ts

We use two complementarylocal region detectorsto
extract salientimagestructures:the Harris-Laplacedetec-
tor [17] respondingto corner-likeregionsandtheLaplacian
detector[14] extractingblob-like regions.

Thesetwo detectorsare invariant to scaletransforma-
tions, i.e., they outputcircular regionsat a certaincharac-
teristicscale.To achieve rotationinvariance,wemayrotate
thecircularregionsin thedirectionof thedominantgradient
orientation[15, 17]. Theaf�ne adaptationprocedure[8, 17]
allows to obtainanaf�ne-invariantversionof thedetectors.
Af�nely adapteddetectorsoutput elliptical regions which
arethennormalizedinto circles.

Note that it is unreasonableto usea moreinvariantde-
scriptionthanrequiredfor a given dataset[25]. For most
natural object data setsthe vertical direction is well de-
�ned, andtheorientationof the featuresthereforecontains
valuableinformation. Thus, even thoughwe can gener-
alize our methodto work with af�nely adaptedfeatures,
we will consideronly the scale-invariant versionsof the
detectorsin the experimentalsection. We will denotethe
scale-invariantHarris-LaplacedetectorasHSandthescale-
invariantLaplaciandetectorasLS.

2.2. Lo cal description

To computeappearance-baseddescriptorsonthepatches
obtainedby thedetectorsdescribedin theprevioussubsec-
tion, we employ the SIFT [15] descriptor. We have also
evaluatedthe SPIN [12] descriptor, but have not included



it into our �nal system,asit did not producepromisingre-
sults.

TheSIFTdescriptorcomputesagradientorientationhis-
togramwithin thesupportregion. For eachof 8 orientation
planes,the gradientimageis sampledover a 4� 4 grid of
locations,thusresultingin a 128-dimensionalfeaturevec-
tor for eachregion. A Gaussianwindow function is used
to assigna weight to the magnitudeof eachsamplepoint.
This makes the descriptorlesssensitive to small changes
in thepositionof thesupportregion andputsmoreempha-
sis on the gradientsthat arenearthe centerof the region.
To obtainrobustnessto illumination changes,the descrip-
tors are madeinvariant to illumination transformationsof
theform aI (x)+ bby scalingthenormof eachdescriptorto
unity [15].

Following theterminologyof [12], weconsidereachde-
tector/descriptorchainasa separatechannel. We will de-
notethechannelsasHS-SIFTor LS-SIFT.

2.3. Bag-of-features represen tation

Givenasetof local invariantdescriptors,wewantto rep-
resenttheir per-imagedistributionsin trainingandtestim-
ages.We thereforebuild a visualvocabulary by clustering
thedescriptorsfrom thetrainingsetandthenrepresenteach
imagein thedatasetasa histogramof visualwordsdrawn
from thevocabulary [24]. Eachhistogramentryh ij 2 H i

is theproportionof all descriptorsin imagei having labelj
to thetotalnumberof descriptorscomputedfor theimage.

Our evaluationhasshown that vocabulary construction
haslittle impactonthe�nal classi�cationresults.Wethere-
fore randomlysubsamplethe training set and cluster50k
featuresusing K-meansas clusteringmethodto createa
1000-elementsvocabulary.

2.4. Classi�cation with non-linear SVMs

For classi�cation,weusenon-linearSupportVectorMa-
chines(SVMs) [22]. In a two-classsetupthat we usefor
binary detection,i.e., classifyingimagesas containingor
not containinga given object class,the decisionfunction
for a testsamplex hasthefollowing form:

g(x) =
X

i

� i yi K (x i ; x) � b (1)

whereK (x i ; x) is the value of a kernel function for the
training samplex i and the test samplex, yi 2 f +1 ; � 1g
is theclasslabelof x i , � i is a learnedweightof thetraining
samplex i , andb is a learnedthreshold.The trainingsam-
pleswith weight� i > 0 areusuallycalledsupportvectors.

To obtaina detectorresponse,we usetheraw outputof
the SVM, given by eq. (1). By placing different thresh-
olds on this output, we in�uence the decisionand obtain
ReceiverOperatingCharacteristic(ROC)curves.

WeuseanextendedGaussiankernel[2, 11]:

K (H i ; H j ) = e� 1
A D (H i ;H j ) (2)

whereH i = f hin g andH j = f hj n g areimagehistograms
andD(H i ; H j ) is the� 2 distancede�ned as

D(H i ; H j ) =
1
2

NX

n =1

(hin � hj n )2

hin + hj n
(3)

whereN is thesizeof thevocabulary(N = 1000in ourex-
periments).Theresulting� 2 kernelis a Mercerkernel[6].
TheparameterA is themeanvalueof thedistancesbetween
all trainingimages[25].

We may combinedifferent channelsby summingtheir
distances,sothatD =

P
n Dn whereDn is the� 2 distance

for channeln. We will denotea combinationof HS-SIFT
andLS-SIFTchannelsas(HS+LS)-SIFT.

3. Spatial weighting

The ideaof spatialweightingis to reducethe in�uence
of backgroundclutterbyemployingspatialrelationshipsbe-
tweenthefeatures.In thestandardbag-of-featuresapproach
presentedin section2, eachfeatureequally in�uences the
bag-of-featuresrepresentation.Thegoalof spatialweight-
ing is to give lower weightsto backgroundfeatures.This
is achievedby having eachfeatureboostotherfeaturesthat,
from its spatialpoint of view, shouldbelongto an object,
e.g., a featurebelongingto the wheel of a car shouldin-
creasethe weightsof the featuresbelongingto the other
partsof thecar.

Seethe�g. 2 for a visualizationof theeffect we wantto
achieve. Let's assumethat the“drop” featureindicatesthe

Figure 2. Visualization of spatial weighting.
Three central features agree on the object lo-
calization, the two other s are mistakes. Note
the ambiguity intr oduced by the `leaf' feature .



presenceof theumbrellajustbelow, while the“leaf” feature
suggeststhatit is justabove,but (weshouldconsiderpossi-
bleambiguity)it maybeto theleft or to theright, asleaves
happento stick to both sidesof the umbrella. Given the
setof featuresfound on the test image,eachfeaturemay
producea hypothesisaboutthe localizationof the object.
Notethattrueforegroundfeatureswhichagreeon theposi-
tion andshapeof the objectwill quickly producea strong
response(theumbrellais obviouslyin thecenterof thevisu-
alizationimage)andthosetrueforegroundfeatureswill be
rewardedlater, asthey arelocalizedon theproducedmask.
The featuresthatbelongto thebackgroundclutterwill not
producestrongmasksandwill thushave low weights.

3.1. Poten tial of the approac h

As we have describedearlier, we have a strongmotiva-
tion to employ spatialrelationshipsbetweenthefeaturesin
thebag-of-keypointsrepresentation.We canusethespatial
informationto estimatethepositionof theobjectin theim-
ageanddiscardthebackground.Theusefulnessof spatial
weighting in the bag-of-featuresframework canbe evalu-
atedby usingground-truthsegmentation.Fig. 4 shows that
if we remove backgroundclutterby usingonly foreground
segments,we areableto signi�cantly improve theclassi�-
cationresults. The ROC curve achieved by testingon the
objectcroppedout from an imageis often well above the
original ROC curve wheretestingis performedon the full
image.Note,however, thattrainingis alwaysperformedon
full images,asit shouldnot beperformedusinga training
set that is easierthan the expectedtestset,aswasshown
in [25].

3.2. Algorithm

In thefollowing weexplainhow to produceasegmenta-
tion maskbasedon the training information. We will de-
scribe the useof the maskfor backgroundclutter reduc-
tion by boostingthe foregroundfeaturesand suppressing
the backgroundones. For the applicationto localization,
oneshouldrefer to subsection5.2. Our spatialweighting
procedureis describedby thepseudo-codepresentedin list-
ing 1.

During training,ground-truthsegmentationinformation
is usedto learn(remember)thepositionof theobjectfrom
a “point of view” relative to the training features.In fact,
aswe have ground-truthdatafor the training set,we �rst
�lter (line 1) the training datato include foregroundfea-
turesonly. We performthis operationto avoid noisethat
would be introducedby matchingtest featureswith back-
groundfeatures.Thepositionof backgroundfeaturescan-
not be correlatedwith the position of the object, even if
thosefeatureswould give hints aboutthe objectcategory,
e.g.,a streetsigncouldgive ushintsaboutcarsobjectcat-
egory, but it is impossibleto draw any preciseconclusions

01 T r ai ni ngSet . F i l t er Feat u r es ( ) ;
02 f or each Test I mage i n T est Set
03 Segmentat i on = 0 ;
04 f or each T est Feat ur e i n Test I mage
05 Hypothesi s = 0 ;
06 f or N c l osest T r ai nFeat ur e i n T r ai ni ngSet
07 M = T r ai nFeat ur e . GetI mage ( ) .

GetGroundTruthSegmentat i onM ask ( ) ;
08 T = f i nd t r ansf or mat i on (

T r ai nFeat ur e . GetPoi ntOf V i ew ( ) ,
T est Feat ur e . GetPoi ntOf V i ew ( ) ) ;

09 M' = M. A ppl yT ransf ormat i on (T ) ;
10 W = gaussi an (

d i st ance ( T est Feat ur e , T r ai nFeat ur e ) ,
0 , Sigma ) ;

11 Hypothesi s = Hypothesi s + W � M' ;
12 Hypothesi s . Normal i ze ( ) ;
13 Segmentat i on = Segmentat i on + Hypothesi s ;
14 Hi stogram [ Test I mage ] = 0 ;
15 f or each T est Feat ur e i n Test I mage
16 T est Feat ur e . Wei ght ( Segmentat i on ) ;
17 Hi stogram [ Test I mage ] . Add( T est Feat ur e ) ;

Listing 1. Pseudo-code describing the spatial
weighting procedure .

aboutthe location of a car from the position of the sign.
However, assegmentationinformationonly roughlyfollows
objectedgesandlocal descriptorsneedsomesupportarea,
it is worthdilating(ourchoice)or blurringthesegmentation
imageby somepixels(wechose32)before�ltering out the
backgroundfeatures.

Having preparedthe training set, we can generatehy-
pothesesaboutpossibleobjectlocationsandshapesfor each
featureof a test image(line 4). For eachtest featurewe
look for the featuresfrom the trainingdatathatareclosest
(we useEuclideandistancehere) in the 128-dimensional
feature-space(for our SIFT implementation).We choose
N = 100mostsimilar training features(line 6). For each
interestpoint that is found, we are given not only its po-
sition, but with scale-invariantdetectorswe alsoknow its
scale[14]. By �nding dominantgradientorientation[15]
we may determinethe orientationof the point and with
af�ne-adaptationtechnique[8, 17] it is possibleto �nd all
af�ne deformationparameters.We call this informationa
“point of view” of a given feature. The point of view is
necessaryto normalizetheretrievedmaskshapes(line 7) to
compensatefor viewpoint changes(lines 8-9). For exam-
ple,in thecaseof scaleinvariantfeatures,afeaturedetected
at scale6 may correspondto a featuredetectedat scale3
in the training image. Thenwe needto shift the maskof
thetrainingimageto therelativepositionof thepoint in the
test imageand rescalethe maskby a factor of 2. In the
samemannerwe userotationcompensationfor rotationin-
variantfeaturesandaf�ne transformationfor af�ne invari-
ant features.We sumthe transformedmasksandcreatea
hypothesiscastby the test feature(line 11). Masksin the



Winner[4]
Reimpl.of Zhangetal. [25] Spatial weighting
HS- LS- (HS+LS)- HS- LS- (HS+LS)-

Gain
-SIFT -SIFT -SIFT -SIFT -SIFT -SIFT

te
st

se
t1 bikes 93.0 85.1 90.4 92.1 86.8 91.2 92.1

cars 96.1 93.5 93.8 94.5 93.5 94.9 96.0 +1.5
motorbikes 97.7 94.0 95.8 96.3 92.6 95.4 96.3

people 91.7 89.3 88.1 91.7 89.3 89.3 92.9 +1.2

te
st

se
t2 bikes 72.8 72.6 73.4 74.8 75.3 75.9 76.8 +2.0

cars 72.0 72.5 73.9 75.8 73.7 73.9 76.8 +1.0
motorbikes 79.8 72.9 77.1 78.8 74.3 78.2 79.3 +0.5

people 71.9 75.1 74.5 76.9 76.3 74.9 77.9 +1.0

Table 1. Equal Error Rates (EER) of ROC cur ves for the classi�cation task of the PASCAL chal-
leng e. Best result achieved during the challeng e (`winner'), perf ormance of our reimplementation of
Zhang' s method and impr ovement intr oduced with our spatial weighting are presented.

sumareweightedwith a Gaussianfunctionof thedistance
betweenthe training and test features(line 10). We have
foundSigma = 0:15 to bea reasonablevaluefor � .

The normalizedhypotheses(line 12) of all the features
in thetestimageareaddedto createthesegmentationmask
(line 13),see�g. 3 for examplesof theresultingmasks.

Figure 3. Test images of Graz02 data set (on
the left), generated masks (in the mid dle) and
multiplication of the two (on the right).

Onemayalsoconsiderthe�nal maskto bea scoremap
describingthe likelihoodthat a given imagepixel belongs
to anobject.Thescorevalueis thencomputedbasedonthe
numberof featuresagreeingon a hypothesisthat a given
pixel is a foregroundpixel, i.e., belongsto an object. The
scoresarethenusedto boosttheimportanceof thefeatures
lying on the objectandsuppressthe backgroundfeatures.
We have redesignedthe histogrambuilding algorithm to
weightfeaturesaccordingto themaskvaluecorresponding
to their positions(line 16). Thusthefeaturesconsideredto
beforegroundfeatureswill moststronglyin�uence therep-

resentationandthe backgroundfeatureswill have a minor
impacton thehistogram.

4. Experimental results

To measurethe performanceof our spatial weighting
technique,we have reimplementedthemethodof Zhanget
al. [25] andevaluatedit on thePASCAL VOCChallenge[4]
datasetwith andwithout spatialweighting. We have eval-
uatedthebinaryclassi�cationperformanceusingReceiver
OperatingCharacteristic(ROC).We have performedquan-
titative evaluation of the ROC curves by computing the
EqualError Rates(EER) following the procedurede�ned
for thechallenge[4].

Table 1 summarizesthe results. For eachof the eight
testsetswepresentthebestreportedresultof thechallenge,
the performanceof the evaluatedmethodwithout spatial
weighting(for eachchannelseparatelyandfor the combi-
nation)andtheperformanceafterintroducingourtechnique
(againfor eachchannelseparatelyandfor thecombination).
Wealsoshow thegainachievedby ourmethod.

Onemayhavetheimpressionthattheachievedimprove-
ment is not so high comparedto the overall result. How-
ever, our 1.5% improvementshould not be comparedto
theoriginal 94.5%ERR,but ratherto theremaining5.5%.
It shouldbe taken into accountthat we are improving the
method,which givesthe bestknown resultsfor 5 out of 8
PASCAL testsetsandfor all of themostchallengingones.
Our methodachievesthesimilar performanceon theeasier
datasetsandoutperformsthebestknown methodson 3 out
of 4 moredif�cult testsets.

It is worth noting that the performanceof the reimple-
mentedmethoditself is slightly betterthantheonereported
duringthechallenge[4]. This is dueto theimprovementin
theA parameterselection[25] for the� 2 kernel(seeeq.(2)
in subsection2.4).
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Figure 4. Selected Receiver Operating Characteristic (ROC) cur ves for classi�cation on PASCAL test
sets. Results for a reimplementation of Zhang et al. [25] frame work, our spatial weighting method
and ground-truth based segmentation are presented. Please note that onl y the most interesting
par ts of the cur ves are sho wn to impr ove readability .

Fig. 4 presentssomeof thecomputedROCcurves.Plots
areshown for theevaluatedmethodwithoutspatialweight-
ing, for the samemethodwith spatialweightingandfor a
ground-truthestimatedpotential that motivatedus to de-
velop the technique. The curves were selectedto show
caseswith andwithout improvement.Resultsfor othertest
setsaresupportingour conclusions,theselectionwasdone
purelydueto spacelimitations.

Onecannoticethat the methoddoesnot give improve-
ment for all testsets. It is worth comparingthe achieved
gainwith thepotentialestimatedusingtheground-truthseg-
mentation.A conclusionmaybedrawn thatin caseswhere
theground-truthROCcurve fallscloseto theROCcurveof
the original approach,minor improvementor no improve-
mentat all is observed. This canbe easilyunderstood.If
there is little backgroundclutter, removal of background
doesnot help. For example,thebackgroundof motorbikes
in testset1 ismostlyuniformandtheEERcannotbepushed
above 96.3%. On the otherhand,the backgroundof bicy-

clesin testset2 is heavily clutteredandspatialweighting
gives2.0%improvementin thiscase.

5. Extensionsand futur e work

Spatialweightinghasseveralpotentialextensions.Two
of themarediscussedin thefollowing. Wealsoshow some
promisinginitial resultsfor localization.

5.1. Feature selection and iterativ e version

In the sameway aswe �lter the training featureset to
reducethenoisecausedby falsematcheswith background
features,we couldtry to �lter thetestimagefeaturesto re-
ducethe numberof consideredbackgroundfeatures. Fil-
tering with ground-truthsegmentationinformationreveals
a potentialof improving the resultspresentedin section4
by further 1% on averageand even by up to 2.5% in the
caseof Pacal test set 1 containingpeople. Naturally, we
maynot useground-truthfor thepurposedescribedabove,



Figure 5. Iterating the spatial weighting pro-
cedure: �r st iteration (on the left), last itera-
tion (in the mid dle) and original image (on the
right).

so one could chooseto implementfeatureselectiontech-
niques,e.g.,thelikelihoodratioof theclassi�cation[3].

Wehavedecidedto evaluateaniterativeapproachto spa-
tial weightinginstead.It is possibleto build segmentation
masksiteratively, by weighting the test featuresusing the
segmentationmaskfrom thepreviousstep.Effectively, we
shouldachievearesultsimilar to �ltering with ground-truth
information. The masksusuallyconverge to a stableform
in about10 iterations.See�g. 5 for overview of theeffect.
Note the differencebetweenmore(top two rows) andless
(bottomrow) clutteredimages.Fromtop to bottomit took
9, 8 and3 iterationsto converge.

5.2. Lo calization

Segmentationmasksproducedby the spatial weight-
ing methodseemto be promisingfor localization. Note
that they arenot suf�cient for thegenerallocalizationtask,
wherewe have to distinguishbetweenseparateobject in-
stancesononeimage.However, themasksaredirectlysuit-
able for a task wherewe can assumethat one object per
imageis present.Herewe searchfor the highestvalue in
themaskto selectthepoint with thehighestprobabilityof
beinglocalizedon theobject.Objectboundaryapproxima-
tion canbedeterminedby simplethresholding.We planto
further develop the methodto supportmultiple object in-
stancesononeimage.

As the PASCAL data set containsmultiple object in-
stancesper image, it is not suitablefor evaluationof the
producedsegmentationmasks.We have thereforefollowed
theexperimentalsettingof OpeltandPinz[20] de�ned for
the Graz02[18] dataset.We have evaluatedthe localiza-
tion performanceof ourmethodfollowing thecriterioncho-
senby the authors.It is basedon the criterion established

Opelt[20]
Spatial weighting

HS-SIFT LS-SIFT
bikes 76.7 78.7 82.7
cars 55.3 62.7 68.0

people 48.0 83.3 71.3

Table 2. Percenta ge of the images that satisfy
the localization criterion [20].

by Agarwal et al. [1], which requiresthepositiongivenby
the systemto fall within an ellipsedrawn at the centerof
the localizedobject. However, due to differentparameter
settings,Opelt's ellipse is larger and thus the criterion is
weaker then Agarwal's. Table 2 presentsthe comparison
with Opelt'sapproach.

Wehavealsoevaluatedthelocalizationaccuracy by gen-
eralizingtheboundingbox evaluationcriterionde�ned for
thePASCAL challenge[4] to any boundingshapes.Wevar-
ied the overlaprequirement,i.e., the localizationwascon-
sideredto becorrectwhen

jH \ Gj
jH [ Gj

� t (4)

whereH is a computedlocalizationmask,G is ground-
truth localizationmaskandt is anoverlapthreshold.Fig. 6
shows the localizationaccuracy—i.e, the numberof cor-
rect localizationswith respectto the total numberof test
images—asa functionof thethresholdt. As onecouldex-
pect,our methodgivesmorepreciselocalizationfor rigid
objectslike carsandfails wherevery precisesegmentation
is requiredfor objectswith highly variablesilhouetteslike
people. The localizationaccuracy grows rapidly while re-
laxing the threshold.Pleasenotethat for arbitrarysilhou-
ettesthe masksful�lling the 33% overlaprequirementare
usuallyvisually satisfying.We only give resultsfor thede-
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tectorthatobtainedbestresultsin table2. Theotherdetec-
tor achievedslightly lower resultsasexpected.

6. Summary

In this paperwe have proposedanextensionto category
classi�cationwith bag-of-featuresthat incorporatesspatial
relationsbetweenfeatures.Wehave introducedthe“spatial
weighting” technique,which usesspatialrelationsto boost
the weightsof foregroundfeaturesandto decreasethe in-
�uence of backgroundfeatureson the representation,thus
makingit morerobustto backgroundclutter.

Theexperimentalevaluationhasshown thatapplyingthe
proposedextensionto one of the state-of-the-artmethods
further improves the classi�cation results. The classi�ca-
tion rateachievedbyourmethodonthePASCAL VOCChal-
lengedatasetoutperformsthestate-of-the-art[4].

We have also demonstratedthe possibility of applying
ourmethodto objectlocalization.Preliminaryresultsshow
promise. Future researchcould focus on guiding a dis-
criminative classi�er usingthe mapsproducedby the spa-
tial weighting techniqueto createan ef�cient localization
method.
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