Spatial Weighting for Bag-of-Features

Marcin Marsza ek

CordeliaSchmid

INRIARNhONne-AlpesL EAR- GRA/IR
665av del'Europe 38330MontbonnotfFrance
Marcin.Marszalek@inrialpes.fr Cordelia.Sbmid@inrialpes.fr

Abstract

This paperpresentsan extensionto category classi ca-
tion with bag-of-featues,which representsan image asan
orderlessdistribution of featues. We proposea methodto
exploit spatialrelationsbetweerfeatuesby utilizing object
boundariesprovidedduring supervisedraining. We boost
theweightsof featuesthat agreeon the positionandshape
of the objectand suppessthe weightsof badkgroundfea-
tures,hencethe nameof our method—spatial weighting”.
Theproposedepresentations thusricher and mote robust
to badkgroundclutter Experimentakesultsshowthat our
appioac improvestheresultsof oneof the bestcurrentim-
age classi cation techniques. Furthermole, we proposeto
applythespatialmodelto objectlocalization.Initial results
are promising

1. Intr oduction

The recognitionof objectcateyoriesis one of the most
challengingproblemsin computervision, especiallyin the
presenceof posechangesjntra-classvariation, occlusion
andbackgroundtlutter. Methodsbasedn sparsdocal fea-
tures[1, 3, 5] andbag-of-feature$23, 24] were proposed
to dealwith posechangesandintra-classvariations. They
have shavn to give excellentresults.However, they aresen-
sitiveto backgrounatlutter, becaus¢hey cannotdistinguish
betweerobjectsandbackgroundEffortshave beermadeto
overcomehisproblemby usingfeatureselectior{3], boost-
ing [19] or designingnovel kernelswith high discrimina-
tive power [9, 16]. Rolustnesgo occlusionsvasimproved
by introducingsimilarity measuredasedon partial match-
ing (EMD distancg21]) or histogramcomparisor( ? dis-
tance[10]). Onthosedistancesobust Gaussiarkernelsfor
SupportVectorMachinegSVM) [22] werebuilt. However,
therestill seemdo beastrongpotentialfor improving back-
ground clutter robustnessof bag-of-leypoints representa-
tion [25].

It hasbeenshavn that consideringspatialrelationships
betweenfeatures which areignoredby the standardbag-
of-keypoints representationmay lead to high recognition

results[12]. This motivatesusto extendthe original bag-
of-keypointsrepresentatiomo incorporatespatialinforma-
tion. It was also shown that interestpoints can generate
accuratehypothesesboutlocalizationof the objectin the
image[13, 15]. Extendingthoseideas, we introducea
methodin which the featureghatagreeon thelocalization
andshapeof the objectboosttheimportanceof eachother
We nameour technique“spatial weighting”. We testthe
performancef our approactonthe PAscAL Visual Object
Classe<Challengedataset[4] (see g. 1). We evaluatea
state-of-the-armethodof this challenge[4, 25 and shav
thatapplyingthe proposednethodcanimprove results.

Our approachusesall the information provided dur-
ing supervisedraining, i.e., not only the imagelabel, but
alsothe objectlocalization. Traditionalbag-of-featuresp-
proachesanuseduring training eitherall-imageinforma-
tion (weaklysupervisedetting)or object-onlyinformation.
As wasshawn in [25], both methodshave dravbacks. We
will overcomethis by emplagying all the informationgiven
duringthetrainingphase.

Furthermorejt is worth noticing that the segmentation
information, which is producedas a side effect of spatial
weighting,may be usedfor localization.It hasbeenshavn
recentlythat combiningthe power of generatire modeling
with a discriminative classi er allows to obtain good re-
sultsfor objectcategory localization[7]. We shav promis-
ing resultsfor the generatiorof sgmentatiormasksfor the
Graz02dataset[18]. Theresultsndicatethatusingthegen-
eratedmasksto guidethe discriminative classi er canlead
to theconstructiorof anovel, effective localizationmethod.
For now, we shav somepreliminaryresultsonthedirectuse
of themasksfor localization.

A somevhatsimilar solutionfor approximatémageseg-
mentationusinglocal featuresand spatialinformationwas
proposedby Leibe et al. [13]. We have, however, experi-
encedthat a patch-base@pproachfor segmentationdoes
not work well in combinationwith a sparsemagerepre-
sentation.The discriminative objectpartsthatagreeon the
localizationof the objectcanbe coveredwith accurateseg-
mentationpatchesNeverthelessfor a full sggmentatiorof
the object,segmentatiorof non-discriminatie objectparts
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Figure 1. PASCAL challeng e image examples with ground-truth object annotation.

is alsorequired. We nd thata combinationof full masks
leadsto betterresultscomparedo the useof local segmen-
tation patcheghatwe have implementecat an earlierstage
of ourresearch.

We avoided using the Hough transform[15], asit re-
guiresde ning a parametespaceandthuslimits the shape
hypothesesto forms like rectangles,ellipses, etc. Our
methoddoesnot make assumptiongboutthe objectshape
nor simpli es it to basicshapeslt useghefull shapenfor-
mation provided by the training objectsand performsvot-
ing ontheentireobjectboundary For agiventestimagewe
computeafull sggmentatiormaskestimateandobtaingood
resultsevenfor objectswith irregularshapes.

In section 2 we describethe cateyory classi cation
framework of Zhangetal. [25] whichis thebag-of-features
approachour methodbuilds on. We presentour spatial
weighting methodin section3. Experimentalresultsare
givenin sectiord. Proposeduturework, includingthedis-
cussionaboutusing the methodfor objectlocalization,is
outlinedin section5.

2. Local featuresand kernels for object cate-
gory recognition

In the following we describethe basic blocks of the
framavork by Zhangetal. [25] thatwe have extended.This
methodhas shawvn excellentresultsin the PAscaL VOC
Challengg4] achieving the bestclassi cationaccurag for
themoredif cult testset.It rst extractsaninvariantimage
representatiobasedn localimagedescriptiorandbag-of-
featuresandthenusesnon-linearSupportVectorMachines

(SVMs) with extendedGaussiarkernelsfor classi cation.
2.1. Detection of interest points

We use two complementarylocal region detectorsto
extract salientimagestructures:the Harris-Laplacedetec-
tor [17] respondindo cornerlik e regionsandtheLaplacian
detector14] extractingblob-like regions.

Thesetwo detectorsare invariantto scaletransforma-
tions, i.e., they outputcircular regionsat a certaincharac-
teristicscale.To achieve rotationinvariance we mayrotate
thecircularregionsin thedirectionof thedominantgradient
orientation[15, 17]. Theafne adaptatiorprocedurg8, 17]
allows to obtainanaf ne-invariantversionof the detectors.
Af nely adapteddetectorsoutputelliptical regions which
arethennormalizednto circles.

Notethatit is unreasonabléo usea moreinvariantde-
scriptionthanrequiredfor a given dataset[25]. For most
natural object data setsthe vertical direction is well de-

ned, andthe orientationof the featureshereforecontains

valuableinformation. Thus, even thoughwe can gener
alize our methodto work with afnely adaptedfeatures,
we will consideronly the scale-ivariant versionsof the
detectorsin the experimentalsection. We will denotethe
scale-ivariantHarris-LaplacaletectorasHS andthescale-
invariantLaplaciandetectorasLS.

2.2. Local description

To computeappearance-base@scriptoronthepatches
obtainedby the detectorglescribedn the previous subsec-
tion, we employ the SIFT [15] descriptor We have also
evaluatedthe SPIN [12] descriptoy but have not included



it into our nal systemasit did not producepromisingre-
sults.

TheSIFT descriptorcomputes gradientorientationhis-
togramwithin the supportregion. For eachof 8 orientation
planes.the gradientimageis sampledovera4 4 grid of
locations,thusresultingin a 128-dimensionafeaturevec-
tor for eachregion. A Gaussiarwindow functionis used
to assigna weightto the magnitudeof eachsamplepoint.
This makes the descriptorlesssensitve to small changes
in the positionof the supportregion andputsmoreempha-
sis on the gradientsthat are nearthe centerof the region.
To obtainrobustnesdo illumination changesthe descrip-
tors are madeinvariantto illumination transformationof
theform al (x)+ bby scalingthenormof eachdescriptorto
unity [15].

Following theterminologyof [12], we considereachde-
tector/descriptochainas a separatechannel. We will de-
notethechannelsasHS-SIFTor LS-SIFT.

2.3. Bag-of-features represen tation

Givenasetof localinvariantdescriptorsye wantto rep-
resenttheir perimagedistributionsin training andtestim-
ages.We thereforebuild a visual vocahulary by clustering
thedescriptordrom thetrainingsetandthenrepreseneach
imagein the datasetasa histogramof visualwordsdravn
from the vocatulary [24]. Eachhistogramentryhy 2 H;
is the proportionof all descriptorsn imagei having label]
to thetotal numberof descriptorsomputedor theimage.

Our evaluationhasshawn that vocahulary construction
haslittle impactonthe nal classi cationresults.Wethere-
fore randomly subsampléehe training setand cluster50k
featuresusing K-meansas clusteringmethodto createa
1000-elementgocalulary.

2.4. Classi cation with non-linear SVMs

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

X
g(x) = iYiK(xi;x) b 1)

whereK (x;; x) is the value of a kernel function for the
training samplex; andthe testsamplex, y; 2 f+1; 1g
istheclasslabelof x;,  isalearnedveightof thetraining
samplex;, andbis alearnedthreshold. The training sam-
pleswith weight ; > 0 areusuallycalledsupportvectors.

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

We useanextendedGaussiarkernel[2, 11]:
K(Hi;Hj) = e #PHiH) (2)

whereH; = fhi, gandH; = fh;,g areimagehistograms
andD (H;; H;) isthe 2 distancede nedas

. — 1 X (hin hjn)2
DHH) =5 vy 3)
whereN isthesizeof thevocahulary (N = 1000in our ex-
periments).Theresulting ? kernelis a Mercerkernel[6].
TheparameteA is themearnvalueof thedistancebetween
all trainingimageq25].

We may combinedigferentchannelsby summingtheir
distancessothatD = | D, whereD,, isthe 2 distance
for channeln. We will denotea combinationof HS-SIFT
andLS-SIFTchannelas(HS+LS)-SIFT

3. Spatial weighting

The ideaof spatialweightingis to reducethein uence
of backgrounclutterby employing spatialrelationshipde-
tweenthefeaturesln thestandardag-of-featureapproach
presentedn section2, eachfeatureequallyin uencesthe
bag-of-featuresepresentationThe goal of spatialweight-
ing is to give lower weightsto backgroundeatures. This
is achievedby having eachfeatureboostotherfeatureghat,
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 avisualizationof the effect we wantto
achieve. Let's assumeéhatthe “drop” featureindicatesthe

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



presencef theumbrellajustbelav, while the“leaf” feature
suggestshatit is justabove, but (we shouldconsidempossi-
ble ambiguity)it maybeto theleft or to theright, asleaves
happento stick to both sidesof the umbrella. Given the
setof featuresfound on the testimage, eachfeaturemay
producea hypothesisaboutthe localizationof the object.
Notethattrueforegroundfeaturesvhich agreeon the posi-
tion and shapeof the objectwill quickly producea strong
responsé¢theumbrellais obviouslyin thecenterof thevisu-
alizationimage)andthosetrue foregroundfeatureswill be
rewardedlater, asthey arelocalizedon the producedmask.
The featureghatbelongto the backgroundtlutterwill not
producestrongmasksandwill thushave low weights.

3.1. Potential of the approac h

As we have describedearlier we have a strongmotiva-
tion to employ spatialrelationshipdbetweerthe featuresn
the bag-of-leypointsrepresentationWe canusethe spatial
informationto estimatehe positionof the objectin theim-
ageanddiscardthe background.The usefulnes®f spatial
weightingin the bag-of-featuregramenork canbe evalu-
atedby usingground-truthsggmentation Fig. 4 shavs that
if we remove backgrounctlutter by usingonly foreground
segmentswe areableto signi cantly improve the classi -
cationresults. The ROC curve achieved by testingon the
objectcroppedout from animageis often well above the
original ROC curve wheretestingis performedon the full
image.Note, however, thattrainingis alwaysperformedon
full images,asit shouldnot be performedusinga training
setthatis easierthanthe expectedtestset, aswas shavn
in [25].

3.2. Algorithm

In thefollowing we explain how to producea sggmenta-
tion maskbasedon the training information. We will de-
scribethe use of the maskfor backgroundclutter reduc-
tion by boostingthe foregroundfeaturesand suppressing
the backgroundones. For the applicationto localization,
one shouldrefer to subsectiorb.2. Our spatialweighting
procedures describedy thepseudo-codpresentedh list-
ing 1.

During training, ground-truthsegmentationinformation
is usedto learn(remember}he positionof the objectfrom
a “point of view” relative to the training features.In fact,
aswe have ground-truthdatafor the training set, we rst

Iter (line 1) the training datato include foregroundfea-
turesonly. We performthis operationto avoid noisethat
would be introducedby matchingtestfeatureswith back-
groundfeatures.The positionof backgroundeaturescan-
not be correlatedwith the position of the object, even if

thosefeatureswould give hints aboutthe object category,

e.g.,astreetsign could give us hints aboutcarsobjectcat-
egory, but it is impossibleto drav ary preciseconclusions

01 TrainingSet. FilterFeatures();

02 for each Testlmage in TestSet

03 Segmentation = 0;

04 for each TestFeature in Testlmage

05 Hypothesis = 0;
06 for N closest TrainFeature in TrainingSet
07 M = TrainFeature.Getlmage().

GetGroundTruthSegmentationMask () ;
= find_transformation (

TrainFeature. GetPointOfView (),

TestFeature. GetPointOfView ());

08 T

09 M' = M. ApplyTransformation(T);

10 W = gaussian(
distance(TestFeature, TrainFeature),
0, Sigma);

11 Hypothesis = Hypothesis +W M';

12 Hypothesis. Normalize();

13 Segmentation = Segmentation + Hypothesis;

14 Histogram|[ Testimage] = O;

15 for each TestFeature in Testlmage

16 TestFeature.Weight( Segmentation);

17 Histogram[ Testimage].Add( TestFeature);

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

aboutthe location of a car from the position of the sign.
However, assggmentatiorinformationonly roughlyfollows
objectedgesandlocal descriptormeedsomesupportarea,
it is worth dilating (our choice)or blurringthesegmentation
imageby somepixels (we chose32) before ltering outthe
backgroundeatures.

Having preparedthe training set, we can generatehy-
pothesesboutpossibleobjectlocationsandshapegor each
featureof a testimage(line 4). For eachtestfeaturewe
look for the featuresfrom the training datathat are closest
(we use Euclideandistancehere)in the 128-dimensional
feature-spacé¢for our SIFT implementation). We choose
N = 100mostsimilar training featureqline 6). For each
interestpoint that is found, we are given not only its po-
sition, but with scale-ivariantdetectorswe 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
afne deformationparametersWe call this informationa
“point of view” of a given feature. The point of view is
necessaryo normalizetheretrievedmaskshapegline 7) to
compensatdor viewpoint changegqlines 8-9). For exam-
ple,in thecaseof scaleinvariantfeaturesafeaturedetected
at scale6 may correspondo a featuredetectecat scale3
in the training image. Thenwe needto shift the maskof
thetrainingimageto therelative positionof the pointin the
testimage and rescalethe maskby a factorof 2. In the
samemannemwe userotationcompensatioffor rotationin-
variantfeaturesandaf ne transformatiorfor af ne invari-
antfeatures. We sumthe transformedmasksand createa
hypothesiscastby the testfeature(line 11). Masksin the



Reimpl. of Zhangetal. [25] Spatial weighting
Winner([4] HS- LS- | (HS+LS)- || HS- LS- | (HS+LS)- Gain
-SIFT | -SIFT -SIFT -SIFT | -SIFT |  -SIFT
o bikes 93.0 85.1 | 90.4 92.1 86.8 | 91.2 92.1
o cars 96.1 935 | 93.8 94.5 93.5 | 94.9 96.0 +1.5
‘qw: motorbikes 97.7 94.0 | 95.8 96.3 92.6 | 954 96.3
- people 91.7 89.3 | 88.1 91.7 89.3 | 89.3 92.9 +1.2
N bikes 72.8 726 | 73.4 74.8 75.3 | 75.9 76.8 +2.0
o cars 72.0 725 | 73.9 75.8 73.7 | 73.9 76.8 +1.0
‘g motorbilkes 79.8 729 | 77.1 78.8 74.3 | 78.2 79.3 +0.5
- people 71.9 751 | 745 76.9 76.3 | 74.9 77.9 +1.0

Table 1. Equal Error Rates (EER) of ROC curves for the classi cation

task of the PASCAL chal-

leng e. Best result achieved during the challeng e (winner’), performance of our reimplementation of
Zhang's method and improvement introduced with our spatial weighting are presented.

sumareweightedwith a Gaussiarfunction of the distance
betweenthe training andtest features(line 10). We have
foundSigma = 0:15to beareasonablealuefor

The normalizedhypothesegline 12) of all the features
in thetestimageareaddedo createthe segmentatiormask
(line 13),see g. 3for examplesof theresultingmasks.

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

Onemayalsoconsiderthe nal maskto bea scoremap
describingthe likelihoodthat a given imagepixel belongs
to anobject. Thescorevalueis thencomputedasednthe
numberof featuresagreeingon a hypothesisthat a given
pixel is a foregroundpixel, i.e., belongsto an object. The
scoresarethenusedto boosttheimportanceof the features
lying on the objectand suppresghe backgroundfeatures.
We have redesignedhe histogrambuilding algorithm to
weightfeaturesaccordingto the maskvaluecorresponding
to their positions(line 16). Thusthe featuresconsideredo
beforegroundfeatureswill moststronglyin uence therep-

resentatiorandthe backgroundeatureswill have a minor
impacton thehistogram.

4. Experimental results

To measurethe performanceof our spatial weighting
techniquewe have reimplementedhe methodof Zhanget
al.[25] andevaluatedt onthePAascaL VOC Challengdg4]
datasetwith andwithout spatialweighting. We have eval-
uatedthe binary classi cation performanceausing Recever
OperatingCharacteristi§ROC). We have performedquan-
titative evaluation of the ROC curves by computingthe
Equal Error Rates(EER) following the procedurede ned
for thechallengd4].

Table 1 summarizeghe results. For eachof the eight
testsetswe presenthebestreportedresultof thechallenge,
the performanceof the evaluatedmethodwithout spatial
weighting (for eachchannelseparatelyandfor the combi-
nation)andtheperformancefterintroducingourtechnique
(againfor eachchannekeparatelandfor thecombination).
We alsoshav the gain achieved by our method.

Onemayhave theimpressiorthattheachiezedimprove-
mentis not so high comparedo the overall result. How-
ever, our 1.5% improvementshould not be comparedto
the original 94.5%ERR, but ratherto the remaining5.5%.
It shouldbe takeninto accountthat we areimproving the
method,which givesthe bestknown resultsfor 5 out of 8
PascaL testsetsandfor all of the mostchallengingones.
Our methodachievesthe similar performancen the easier
dataset@andoutperformghe bestknown methodson 3 out
of 4 moredif cult testsets.

It is worth noting that the performanceof the reimple-
mentedmethoditself is slightly betterthantheonereported
duringthechallengd4]. Thisis dueto theimprovementin
the A parameteselection{25] for the 2 kernel(seeeq.(2)
in subsectior?.4).
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parts of the curves are shown to impr ove readability .

Fig. 4 presentsomeof thecomputedROC curves.Plots
areshawn for the evaluatedmethodwithout spatialweight-
ing, for the samemethodwith spatialweightingandfor a
ground-truthestimatedpotential that motivated us to de-
velop the technique. The curves were selectedto shav
caseswvith andwithoutimprovement.Resultsfor othertest
setsaresupportingour conclusionsthe selectiorwasdone
purelydueto spacdimitations.

Onecannoticethatthe methoddoesnot give improve-
mentfor all testsets. It is worth comparingthe achieved
gainwith thepotentialestimatedisingtheground-truthsey-
mentation.A conclusionmaybedrawn thatin casesvhere
theground-truthROC curwe falls closeto the ROC curve of
the original approachminor improvementor no improve-
mentat all is obsened. This canbe easily understood.If
thereis little backgroundclutter, removal of background
doesnot help. For example,the backgroundf motorbikes
in testsetl is mostlyuniformandtheEERcannotepushed
above 96.3%. On the otherhand,the backgroundf bicy-

clesin testset2 is heavily clutteredand spatialweighting
gives2.0%improvementin this case.

5. Extensionsand futur e work

Spatialweightinghasseveral potentialextensions.Two
of themarediscussedh thefollowing. We alsoshav some
promisinginitial resultsfor localization.

5.1. Feature selection and iterativ e version

In the sameway aswe lter the training featuresetto
reducethe noisecausedyy falsematcheswith background
featureswe couldtry to Iter thetestimagefeaturego re-
ducethe numberof consideredackgroundeatures. Fil-
tering with ground-truthsegmentationinformationreveals
a potentialof improving the resultspresentedn section4
by further 1% on averageand even by up to 2.5%n the
caseof Pacaltestset1 containingpeople. Naturally, we
may not useground-truthfor the purposedescribedabore,



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

so one could chooseto implementfeatureselectiontech-
nigues.e.g.,thelikelihoodratio of theclassi cation[3].

We have decidedo evaluateaniterative approacho spa-
tial weightinginstead.It is possibleto build sggmentation
masksiteratively, by weightingthe testfeaturesusingthe
segmentatiormaskfrom the previous step. Effectively, we
shouldachieve aresultsimilarto Itering with ground-truth
information. The masksusually corverge to a stableform
in aboutl0iterations.See g. 5 for overview of the effect.
Note the differencebetweenmore (top two rows) andless
(bottomrow) clutteredimages.Fromtop to bottomit took
9, 8 and3 iterationsto corverge.

5.2. Localization

Segmentationmasksproducedby the spatial weight-
ing methodseemto be promisingfor localization. Note
thatthey arenot sufcient for the generalocalizationtask,
wherewe have to distinguishbetweenseparatebjectin-
stance®n oneimage.However, themasksaredirectly suit-
ablefor a taskwherewe can assumethat one object per
imageis present. Here we searchfor the highestvaluein
the maskto selectthe point with the highestprobability of
beinglocalizedon the object. Objectboundaryapproxima-
tion canbe determinedy simplethresholding.We planto
further develop the methodto supportmultiple objectin-
stance®n oneimage.

As the PAscAL data set containsmultiple object in-
stanceger image, it is not suitablefor evaluationof the
producedseggmentatiormasks.We have thereforefollowed
the experimentalsettingof OpeltandPinz[20] de ned for
the Graz02[18] dataset. We have evaluatedthe localiza-
tion performancef our methodfollowing thecriterioncho-

senby the authors. It is basedon the criterion established

Spatial weighting

Opeltl20] s SiFTT 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. Percentage of the images that satisfy
the localization criterion [20].

by Agarwal et al. [1], which requiresthe positiongiven by
the systemto fall within an ellipse dravn at the centerof
the localizedobject. However, dueto differentparameter
settings,Opelt's ellipse is larger and thus the criterion is
wealer then Agarwal's. Table 2 presentshe comparison
with Opelt'sapproach.

We have alsoevaluatedhelocalizationaccurag by gen-
eralizingthe boundingbox evaluationcriterion de ned for
the PascaL challengg4] to any boundingshapesWe var
ied the overlaprequirementj.e., the localizationwas con-
sideredo becorrectwhen

jH\ Gj
JH[ G]

(4)

whereH is a computedlocalizationmask, G is ground-
truth localizationmaskandt is anoverlapthreshold.Fig. 6
shaws the localizationaccurag—i.e, the numberof cor
rect localizationswith respectto the total numberof test
images—as function of thethresholdt. As onecould ex-
pect, our methodgives more preciselocalizationfor rigid
objectslik e carsandfails wherevery precisesegmentation
is requiredfor objectswith highly variablesilhouettedike
people. The localizationaccurag grows rapidly while re-
laxing the threshold. Pleasenote that for arbitrary silhou-
ettesthe masksful lling the 33% overlaprequirementare
usuallyvisually satisfying.We only give resultsfor the de-
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Figure 6. Localization accuracy evaluated us-
ing the overlap criterion.



tectorthatobtainedbestresultsin table2. The otherdetec-
tor achievedslightly lower resultsasexpected.

6. Summary

In this papemwe have proposedan extensionto category
classi cationwith bag-of-featureshatincorporatespatial
relationsbetweerfeatures We have introducecthe “spatial
weighting” techniquewhich usesspatialrelationsto boost
the weightsof foregroundfeaturesandto decreasghe in-

uence of backgroundeatureson the representationthus
makingit morerobustto backgroundlutter.

Theexperimentakvaluationhasshavn thatapplyingthe
proposedextensionto one of the state-of-the-artmethods
further improves the classi cation results. The classi ca-
tion rateachievedby ourmethodonthePascaL VOCChal-
lengedatasetoutperformghe state-of-the-arf4].

We have also demonstratedhe possibility of applying
our methodto objectlocalization.Preliminaryresultsshav
promise. Futureresearchcould focus on guiding a dis-
criminative classi er usingthe mapsproducedby the spa-
tial weightingtechniqueto createan ef cient localization
method.
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