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Abstract

Visual codebookbasedquantizationof robust appear-
ancedescriptors extractedfrom local image patchesis an
effective meansof capturing image statistics for texture
analysisand sceneclassi�cation. Codebooksare usually
constructedby usinga methodsuch as k-meansto cluster
the descriptor vectors of patchessampledeither densely
(`textons') or sparsely (`bags of features' basedon key-
pointsor saliencemeasures)froma setof training images.
This works well for texture analysisin homogeneousim-
ages,but the images that arise in natural object recogni-
tion taskshavefar lessuniform statistics. We showthat
for densesampling, k-meansover-adaptsto this,clustering
centresalmostexclusivelyaround the densestfew regions
in descriptorspaceandthusfailing to codeother informa-
tive regions.Thisgivessuboptimalcodesthat are no better
thanusingrandomlyselectedcentres. We describea scal-
ableacceptance-radiusbasedclusterer that generatesbet-
ter codebooksandstudyits performanceon several image
classi�cation tasks. We also showthat denserepresenta-
tions outperformequivalentkeypoint basedoneson these
tasksand that SVM or Mutual Information basedfeature
selectionstarting from a densecodebookfurther improves
theperformance.

1. Intr oduction
Representationsbasedon loosecollectionsof invariantap-
pearancedescriptorsextracted from local image patches
have becomevery popularfor texture analysisandvisual
recognition[1, 5, 7, 9, 12, 17, 18, 19, 25,24, 26, 27]. They
are�e xible andrelatively easyto construct,they capturea
signi�cant proportionof the complex statisticsof real im-
agesandvisualclassesin aconvenientlocal form, andthey
havegoodresistanceto occlusions,geometricdeformations
and illumination variations. In particular, the statisticsof
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Figure1: Top: sampleimagesfrom four categoriesof the
`Xerox 7' dataset.Bottom: the imageregionsassignedto
the 100 codewordswith maximal inter-category discrimi-
nationin this dataset.Thecodewordsrepresentmeaningful
objectparts,even thoughthey werelearnedwithout using
thecategory labels.

naturalimageclassescanbeencodedby vectorquantizing
the appearancespaceandaccumulatinghistogramsor sig-
naturesof patchappearancesbasedon this coding. Tradi-
tionally onecodesadensesetof patches(`texton' represen-
tation) [18], but sparsersetsbasedon keypointsor `points
of interest'detectedby invariantlocalfeaturedetectorshave
generatedalot of interestrecently[1, 5,7, 17, 26, 27]. Key-
pointspotentiallyprovidegreaterinvarianceandmorecom-
pactcoding,but they werenot designedto selectthemost
informative regionsfor classi�cationand,aswe will show
below, densesamplingfollowed by explicit discriminative
featureselectiongivessigni�cantly betterresults.

Both sparseanddensecodebooksare typically created
from a set of training imagesusing a standardclustering
algorithm suchas k-means. This works well for texture
analysison imagescontainingonly a few homogeneousre-
gions,andadequatelyfor keypointbasedrepresentationsin
general,but we will show that it is suboptimalfor recog-
nition usingdensepatchesfrom naturalscenes.The wide
rangeof region sizesin suchscenesleadsto a highly non-
uniform, power-law-like sampledistribution in descriptor
space. This leadsk-meansto choosesuboptimalcode-
booksin which mostof the centersclusternearhigh den-
sity regions [11, 3], thus under-representingequally dis-
criminant low-to-mediumdensityones. x3 describesour



methodfor allocatingcentersmoreuniformly, inspiredby
meanshift [4] andon-linefacility location[20].

Finally, mostcurrentmethodsfor learningcodebooksare
generative – they captureoverall imagestatisticsbut not
necessarilythe �ne distinctionsneededto discriminatebe-
tweenclasses.This canbe palliatedby generatinga large
codebookandselectingadiscriminantsubsetof `parts' (in-
formative classesof patches)from it – see�g. 1 andx4.4.
The selectedpartstendto have intermediateprobabilities,
allowing many rarepartsto bediscardedwhile still preserv-
ing a fairly sparseandhencecompactrepresentation.

A codebookalgorithmcontainsthreecomponents:the
patchselector, the appearancedescriptor, and the quanti-
zationalgorithm. This paperfocuseson the �rst andlast.
Appearanceis representedsimplyasvectorsof raw pixel in-
tensitiescomparedusingZNCC,but othervectorvaluedap-
pearancedescriptorscanbeusedandinformal experiments
with SIFTdescriptors[19] gavesimilar results.

Thereare indicationsthat despitetheir good matching
performance,existing keypoint detectors(Förstner, Harris-
af�ne, etc.) oftenfail to detectthemostinformativepatches
for imageclassi�cation [14]. Anotherstrategy is to select
patchesby testingmany potentialtemplatesandselecting
the onesthat maximizean informativenessscoresuchas
mutualinformation[25, 24]. We will do this,denselysam-
pling patchesat all imagescales,quantizing,thenselecting
themostinformativecentresusinga separatefeatureselec-
tion algorithm.

1.1. PreviousWork

By `textons' (c.f. [13]) we meana set of representative
classesof imagepatchesthatsuf�ce to characterizean im-
ageobjector texture. Suchtextonsaretypically extracted
densely, representingsmall and relatively generic image
micro-structures[10, 18, 28] – blobs, bars, corners,etc.
Whenlarger, moresemanticallymeaningfulstructuresare
wanted,sparsesamplingis typically used. For example,
Weberet al. [26] learna generativemodelfor facerecogni-
tion from asetof trainingimagesby detectingFörstnerkey-
pointsat a singlescaleandquantizingtheselected(small)
raw image patchesusing k-means. Similarly, Leung et
al. [18] useGabortexturefeaturesfor textureclassi�cation.
Recently, severalgroups(e.g. [5, 7, 15, 19]) have proposed
`bagof features'methodsbasedon normalizedpatchesor
SIFT descriptors[19] over Differenceof Gaussian,Harris-
scaleor Harris-af�ne keypoints[22], vectorquantizedus-
ing k-means.Leibe et al. [17] proposeda similar method
basedona codebooklearnedby agglomeratively clustering
raw pixel intensityvectorsof Harriskeypoints.Agarwal et
al. [1] adopteda similar approachincorporatingspatialre-
lationsbetweenparts.

2. Local AppearanceStatistics
To avoid the suboptimalchoicesmade by keypoint de-
tectors, we baseour representationon denselysampled
patches. The inter-class discrimination provided by k-
meanscodebooksis highly dependenton thesampledistri-
bution in descriptorspace,degradingasthis becomesmore
nonuniform. K-meansworks well for imagescontaining
only uniform texture patches,and tolerably well for key-
point baseddescriptorsin more generalimages,although
thedistributionis alreadyquitenonuniformin thiscase.But
with denselysampleddescriptorsetsin generalimages,the
distribution becomesso nonuniformthat k-meansdevotes
most of its centresto the immediateneighborhoodof the
centralpeak,and the coding suffers. The nonuniformity
is essentiallydue to two effects: (i) certainpatches(uni-
form regions, stepedges,etc.) occur far more frequently
thanothers(faces,stopsigns);and(ii) the amountof any
given texture that appearsis extremely variableowing to
themultiscaleregion structureof naturalscenes(thestatis-
tics of this is capturedquite well by “deadleaves” [16] –
setsof opaque,homogeneouspatchesoccurringrandomly
at all positionsandscales– andsimilar fractalmodels).K-
meanscentresdrift towardshigh densityregionsowing to
the`meanshift like' k-meansupdaterule. Asymptotically,
they aredistributedaccordingto theunderlyingdensity, i.e.
in thesamewayasrandomsamples.

This point is critical becausethe patchesthat aremost
informative for classi�cationtendto have intermediatefre-
quencies.Over-frequentpatchestypically containgeneric
imagestructureslike edgesthat occuroften in all classes,
giving little discriminant information. Conversely, rare
patchesmay be highly discriminantwhen they occur, but
they occursoseldomthatthey havelittle in�uence onover-
all performance.Theseeffectsareprobablyevengreaterin
man-madeenvironments,wherelarge uniform uninforma-
tive regionsarecommon.

To illustrate the non-uniformity, we use our (below)
clusteringalgorithm to analyzethe probability densityof
variance-normalizedpatchesfrom natural images. These
are11� 11graylevel patches,sampleddenselyfrom multi-
scalepyramidswith 10 layersspacedby 2

1
4 in scale.Other

patchsizesfrom 6� 6 to 20� 20 give very similar results.
For now, theonly importantpropertiesof our clustererare
that it choosesthedensestregions�rst and�lls themwith
uniformly-sizedballs. Hence,any nonuniformityin there-
sultingtexton countsis directevidenceof nonuniformityat
thescaleof theballsin theunderlyingdistribution.

We have run several experimentsusingdifferent image
collections: one containing500 natural imagesof width
300–800pixels, andseveral othersthat includemorespe-
ci�c objects(seex4 for details). Fig. 2(left) shows the
statisticsfor two of theseimage sets. The bin densities
roughlyfollow apowerlaw (exponent� � 1:6) – c.f. Zipf 's
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Figure2: Log-log plots of the local densityof imagefea-
turesfor the mostprobable800 bins, for denselysampled
patches(left) andfor keypoint basedpatches(right). The
distributionis markedlymorepeakedfor densepatchesthan
for keypoints.

law from textual word frequency analysis[29]. The law
persistsover a wide rangeof naturalimagetypesandbin
probabilities,�attening out to equiprobabilityonly for very
rarecenters.In contrast,asshown in �g. 2(right), thecorre-
spondingdistribution for patchesselectedusinga keypoint
detector(here,Lowe's [19]) is much more uniform, with
mostof thebinshaving comparatively similar probabilities
andonly a few beingrare.

3. Clustering Algorithm
Existing Methods: Before describingour clusteringal-
gorithm,wegiveabrief review of vectorquantizationmeth-
odsfor largesetsof vectorsin high dimensionalspaces.In
our casethe featuredimensionis in thehundreds(121 for
11� 11 patches)soquantizationbasedon a uniform grid of
centersis infeasibleandclusteringis thepreferredmethod
for �nding the centers.With denselysampledpatchesthe
numberof samplesto beclusteredcanbemorethan108 for
medium-sizeddatasets.

Featurespacesaretypically designedto capturepercep-
tually meaningfuldistinctionswhile providing goodresis-
tanceto extraneousdetailssuchaschangesin illumination.
In a well-chosenrepresentation,distancesin featurespace
thus tend to coincideroughly with distinguishabilitywith
respectto suchperceptual“noise”. This impliesthata per-
ceptuallyef�cient codingshouldhaveroughlyuniformcell
sizes,or at leastenforcea lowerboundon thecell size:it is
wastefulto codedenseregionsmore�nely thantheunder-
lying “noise” level.

Owing to its simplicity, k-meansis a popularalgorithm
for perceptualcoding. Unfortunatelyit hasthe defectthat
clustercentersaredrawn irresistiblytowardsdenserregions
of the sampledistribution by the `meanshift' like process
thatis usedto updatethem,with theresultthatthey tendto
betightly clusteredneardenseregionsandsparselyspread
in sparseones.Thiseffect is especiallypronouncedin high
dimensionswhereit is infeasibleto tile the region of the
peakdenselywith cells. The typical result is a clusterof

centerssurroundingthepeak,with Voronoicellsthatextend
radially outwardsfor a signi�cant distance,eachincluding
a few moredistantpoints. This givesa perceptuallyvery
nonuniformcoding. K-meanshasother drawbacks. It is
non-robust – points lying far from any of the centerscan
signi�cantly distort the positionof the centrethat they are
assignedto – andthenumberof centersmustbeknown in
advance,whereasthe overall goal is to codean unknown
numberof “distinguishableparts”.

Several authorshave usedagglomerative clusteringfor
thecentreallocationproblem[17, 1]. Theproposedmeth-
ods are ratherinef�cient but thereare interestingalterna-
tives suchas the on-line facility location algorithm [20].
Theseapproacheshandlethe unbalanceddensityproblem
well, but they cannot beappliedto largedatasetsowing to
theirhighalgorithmiccomplexity. Meanshift hasbeenused
in asimilarcontext [11], but it cannotbeuseddirectlywith
naturalimagesbecauseinformative partsseldomcoincide
with well-separateddensitymodes.

Severalstudiesof clusteringfor largedatasetshave ap-
pearedin thedataminingliterature.Suchmethodstypically
usesomeform of subsamplingfor speed[6, 21]. In practice,
subsamplingbasedmethodshave troublewith unbalanced
densities,especiallyif uniform subsamplingis used [8].
Like k-means,they tendto allocatemostof their centresto
afew denseregionsthus`starving' lowerdensityones.Pro-
posedsolutionsincludedifferentformsof resamplingsuch
asrandomoversampling,randomundersampling,andim-
portanceweightingmethodsthatadjustthecostof thevari-
ousregionsto countertheimbalance[3].

Our algorithm: Our proposedstrategy combinesthe ad-
vantagesof on-line clustering[20] and mean-shift[4] in
an undersamplingframework [8]. The algorithmproduces
an orderedlist of centers,with the quantizationrule that
patchesareassignedto the �rst centrein the list that lies
within a �x edradiusr of them,or left unlabeledif thereis
nosuchcentre.

Theparametersof thealgorithmarethenumberof sub-
samplesN , the cell radiusr and the meanshift radiush
(which we always set to r ). Centersare createdone by
onein list order. For eachentry, the centreis setwhenit
is addedto the list andnever changedafter that. At each
step,we draw N patchesuniformly andrandomlyfrom the
currentlyunlabeledpartof thedataset,computetheirmax-
imal densityregion by runninga mean-shiftestimator[4]
with a Gaussiankernelof width h on them,allocatea new
centreat themaximaldensityposition,and(notionally– in
practicethis is donelazily) sweepthedataset,labelingand
eliminatingall of thepatchesthatareassignedto this cen-
tre. Eliminating the labeledpatchespreventsthealgorithm
from repeatedlyassigningcentersto thesamehigh density
region. As wearemainly interestedin codingregionsof in-
termediateprobability, thealgorithmcaneitherbestopped



Figure3: The 100 most frequentcodewordsproducedby
quantizingthe Agarwal et al. [1] dataset.The parameters
of thealgorithmwereN = 1000andh= r=0 :8 (whichgives
clusterswith a fairly loosesetof appearances).

by monitoring the informativenessof the clusterscreated
(seex4), or simply run until a “suf�ciently large” number
of clustershasbeenfound.

Thecomputationalcomplexity is governedmainlyby the
costof the meanshift iterations,which in practice(given
thehigh dimension)needto be initialized at eachof theN
samplecentersin turnto ensurereliablemode-�nding.This
quadraticcostis acceptablebecauseit is appliedto only to
a small (N element)subsetof theavailablepatches.Find-
ing andeliminatingthelabeledpatchesis at worst linearin
thenumberof trainingsamples,timesthe averagenumber
of centersthatneedto betestedbeforeelimination.In prac-
tice, the centersare found in roughly decreasingorderof
frequency, sotheaveragenumberof centrestestedis effec-
tively independentof thetotal numberof centresin the list
(althoughit doesdependstronglyon r ). In theexperiments
below, the averagenumberof centerstestedper vector is
generallylessthan9 for codebooksof severalthousandcen-
ters.As anillustration,�g. 3 showsthe�rst 100codewords
for theAgarwal-Rothsetof sideviewsof cars.

4. Categorizationand Object Detection
Wedemonstratetheperformanceof ourcodebookswith ex-
perimentson objectrecognitionandimagecategorization.
For simplicity we formulate categorizationas supervised
learningover a `bagof features'representation[5, 7, 15].
Despitethefactthatthey captureonly localstatisticsandig-
noregeometricrelationships,bagsof featuresperformsur-
prisingly well. Herethey providea convenientbaselinefor
comparingtheperformanceof differentcodebooks,without
thecomplexitiesinherentin strategiesthatincorporatemore
geometry.

We comparedtwo linearclassi�ers:simpleNaiveBayes
andlinearSupportVectorMachines.SVM's areknown to
producereliableresultsin high-dimensionalproblems,and
herethey easilyoutperformNaive Bayesin all of the tests
performed– see�g 6.

We testedtwo ways of producingfeaturevectorsfrom
codebookbasedlabelings:binaryindicatorvectorsandhis-

Figure4: Threeimagesfrom eachclassof the `Xerox 7'
dataset[27]: faces,buildings,trees,cars,phones,bikesand
books.Intra-classvariabilitymakesthecategorizationprob-
lemquitechallenging.

tograms.In thehistogramrepresentation,thefeaturevector
is just thenormalized(scaledto total sum1) histogramof
occurrencecountsfor thedifferentcodewords. For indica-
tor vectors,eachcodeword's featureis 1 if a patchwith the
codewordoccursin theimageand0 otherwise[25]. In fact,
ratherthanusingsimplepresence/absence,wethresholdthe
numberof occurrencesof thecodewordin theimageto pro-
ducethebinaryvector. Thethresholdsareselectedautomat-
ically to maximizethemutualinformation(MI) betweenthe
thresholdedcodeword frequency andtheclass.

The size of the codebooksis potentially very large so
theremaybeover�tting (toomany “noise” featuresfor good
classi�cation). To show how the approachbehaveswhen
only a restrictedsubsetof the vocabulary is used,we re-
port on three different featureselectionmethods: maxi-
mizationof mutual information(MI) [2, 25], andof odds
ratio (OR) [2], andtrainingan initial linearSVM classi�er
on the full featuresetandretainingonly the featuresthat
have thehighestweights(SVM) [2, 23]. InformationGain
wasalsotested[2, 25] but performedlesswell thanMI.

The number of possible combinationsof descriptor
types,codebooks,featureselectorsandclassi�ers is quite
large,soonly themostrelevantcombinationsweretested.

4.1. Data sets

We testedon threedatasets. The �rst, sideviews of cars
from Agarwal & Roth[1], wasdesignedto evaluateobject
detectionalgorithms. Performanceis measuredby preci-
sion/recallassuggestedin [1].

Thesecond,̀Xerox 7' [27], contains1776imagesfrom
sevencategories.Fig. 4 shows someexamples.Theobject
posesarehighly variableandthereis a signi�cant amount
of backgroundclutter, someof which belongsto the other
categories(notablybuildings, treesandcars),making the
classi�cationtaskfairly challenging.We reporttheconfu-
sion matrix andthe overall error rateunder10-fold cross-
validationwith a standardizedsetof folds.

The last datasetcontains4 classesfrom the ETH80
database[17]: modelsof cars,horses,dogsandcows. At
the individual patchlevel, the horses,dogsandcows have
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Figure5: MI basedfeatureselectionon theAgarwal-Roth
cardataset. Top: the100bestcodewordsfor densecode-
booksbasedon our clusterer(left) andk-means(middle),
anda keypoint codebookbasedon k-means(right). Note
therelativelackof diversityin thedensek-meanscodebook.
Bottom: the Precision-Recallcurvesfor thesecodebooks,
usinga linearSVM classi�er over600featuresselectedus-
ing MI. Ourdenseapproachperformsbest.

rathersimilar appearances.Thereis no background,and
henceneithervisual context to help, nor clutter to hinder,
theclassi�cation.Wereportoverallclassi�cationerrorrates
under10-fold cross-validation.

4.2. DenseversusSparseCodebooks

The �rst experimentusesthe Agarwal & Roth testset[1].
The problemis to detectthe objects(car sides)andreturn
their imagelocations.Thereare500positive and500neg-
ative100� 400pixel trainingimagesat10scalelevelsfrom
100� 400 to 17� 70. Somepositive imagesare shown in
�g. 3(left). We report resultsfor three2500-centrecode-
booksbasedon bothpositive andnegative imagesfrom the
trainingset:onebuilt by denselysamplingpatchesandus-
ing our clusteringmethod;one built using densepatches
andk-means;andonebuilt with k-meansusingkeypoints
detectedby Lowe'sDoG detector[19]. In eachcasewe se-
lect the600bestcodewordsby maximizingthemutualin-
formationbetweenoptimally thresholdedcodeword occur-
rencecountsandcategories,andusealinearSVM classi�er
with 10-fold crossvalidation. Fig. 5 shows the Precision-
Recall curves. The proposedmethodclearly outperforms
the k-meansbaseddenseone, which in turn outperforms
the keypoint basedone. Furtherexperimentswith differ-
ent classi�ersandcodebooksizescon�rmed theserelative
performances.Comparisonsof our methodwith agglom-
erative, k-meansandon-linek-meansclustererson several

otherdatasetsin thesparsecasegavesimilar results.
We alsoran similar experimentson theETH80dataset.

Fig. 6(top left) shows the overall error for variousnum-
bersof centers,selectionmethodsandclassi�ers. For ev-
erycombinationof featureselectorandclassi�er tested,our
clusteringmethodproducedthebestcodebook.

Onemajor determinantof classi�er performanceis the
numberof imagepatchesusedto computethe test image
histogram. Fig. 6(top centre)shows the overall misclas-
si�cation rate for the `Xerox 7' datasetas a function of
this number, for randomlysampledandkeypoint basedtest
patchesandusinga �x ed codebookbuilt usingour dense
approach.Randomlyselectedpatchesperformat leastas
well askeypoint basedonesandin bothcasesperformance
increasessubstantiallyasmorepatchesaresampled,asymp-
totically reachingthat of the densemethod(the last `ran-
dom' point). Similar resultsappearto hold for keypoint
basedcodebooks.

Therearetwo main conclusions:(i) adoptinga sparse,
keypoint basedimagerepresentationinsteadof a densely
sampledone often leadsto a signi�cant loss of discrimi-
native power; (ii) with densesampling,k-meansproduces
poorcodebooks– it is betterto usemoreevenlydistributed
coding centres,e.g. basedon an algorithm that enforces
�x ed-radiusclusters.

4.3. Histogram Encoding

We evaluatedtwo methodsof convertingraw codewordoc-
currencecountsto classi�cation features:normalizedhis-
tograms(normalizingthesumof thecountsto one)andbi-
nary featurevectors(thresholdingeachcountat the value
that optimizesthe MI w.r.t. the classlabelson the train-
ing set,andcodingthe resultasa binary vector). In each
casethedimensionof thedescriptorvectoris thenumberof
codewordsafter featureselection. Histogramsperformed
better for the Agarwal-Roth and Xerox 7 datasets– see
�g. 6(top right, bottomleft & centre)– but thedifferences
aresmall.

Hopingto reducetheeffectsof theverynon-uniformdis-
tribution of occurrencecounts,we alsotestedfeaturevec-
tors producedby ranking the codeword countsand using
1=(1 + rank) asa codeword feature,but the resultswere
similar to or worsethanthoseof standardhistograms.His-
togramfeaturesthus seemto be a reasonablechoice for
codebookbasedvisualdetectionandcategorization.

4.4. Feature Selectionand Inf ormativeness

Whenconstructingcodebooksfor visual learning,it is im-
portant to include codewords in regions with intermedi-
ateoccurrenceprobabilities. Thesecodewordsarenot the
�rst onesto be producedby our algorithm, so the initial
codebookwill generallybe larger thanthe �nal numberof
useful features,andsubsequentfeatureselectionis advis-
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Figure6: Top left: ETH80dataset.For all featureselectorsandclassi�erstested,ourdensecodebookoutperformskeypoint-
basedk-means.Top centre: Classi�cationperformancedependscritically on thenumberof patchessampledfrom thetest
image.Keypoint basedpatchesdo no betterthanrandomor sparsegrid sampling.This is with our densecodebookon the
Xerox7 dataset,but similar resultsappearto holdfor keypointbasedcodebooks.Top right: OurdensemethodontheXerox
7 dataset.The linearSVM classi�er over histogramfeatureshasthe lowesterror rate,with eitherMI (for many centres)or
LSVM (for few centres)featureselection.Bottom left & centre: CardetectionontheAgarwal-Rothdatasetusingourdense
codebooks.Naive Bayes(left) andlinearSVM (centre)classi�ers. LSVM featureselectionwith eitherhistogramor binary
basedcodingperformsbest.Bottom right: Our approachoutperformsthatof Agarwal et al., eventhoughit doesnot code
spatialrelationsbetweenfeatures.

able. We studiedthreefeatureselectionmethods:mutual
information(MI), oddsratio (OR) andlinearSVM weights
(LSVM). Whenthereweremorethantwo classes,theOR
andLSVM criteriawerecalculatedby averagingthecorre-
spondingtwo-classcriteriaoverthepossibleone-against-all
subproblems.Usingthemaximumvalueover thesubprob-
lemsinsteadgavesimilar or slightly worseresults.

LSVM selectiontoppedmost of our experiments(see
�g. 6 top left, bottomleft & centre),but onXerox7 MI was
preferred(�g. 6 topright). However, notethatthefull code-
booksgenerallyoutperformedany of the reducedones,so
featureselectionshouldonly be usedif the computational
costof thealgorithmneedsto bereduced.Fig. 1 shows the
partscorrespondingto thetop 100MI codewordsfor a few
imagesof theXerox7 dataset.

4.5. Comparing absoluteperformances

The high quality of our codebooksallows simplerecogni-
tion schemesto outperformmore complex onesbasedon
othercodebooks.Fig. 6(bottomright) comparesour sys-
tem's precision/recallto that of Agarwal et al. [1]. We

Labeln True FacesBldgs Trees Cars PhonesBikes Books
Faces 98.6 0 0 0.4 1.3 0.8 4.2
Bldgs 0.2 92.0 3.3 1.9 1.8 0 0.7
Trees 0.3 2.6 94.0 0 0 0.8 0
Cars 0.2 1.3 1.3 93.5 0.9 0.8 3.5
Phones 0.1 0 0.67 1.4 91.6 0 3.5
Bikes 0 0 0.6 0 0.4 96.8 1.4
Books 0.3 4.0 0 2.4 3.7 0.8 86.6

Figure7: Theconfusionmatrix for our methodonXerox7.

use(webelieve)thesameexperimentalandprecision/recall
protocolas [1]. Our precisionat equalrateerror is more
than10%higherthanthebestresultsof [1], despitethefact
thatwe rely ona simplelinearSVM classi�er andincorpo-
rateno inter-patchgeometry(whereas[1] usesspatialrela-
tionsbetweenpairsof features).

On the Xerox 7 dataset,the bestresultswereobtained
with ourcodebooksandalinearSVM. Fig.7 showsthecon-
fusionmatrix for this con�guration, using600codewords.
Ouroverallerrorrateis 4:8%with standarddeviation1:2%,
whereasthe (k-meansandsparsefeaturebased,but other-
wisecomparable)methodof [27] hasanerrorrateof 15%.



5. Summary and Conclusions
We have presenteda simple but effective algorithm for
building codebooksfor visual recognition. The method
is basedon two key observations: (i) restrictingattention
to patchesbasedat sparsekeypointsoften losesa signi�-
cantamountof discriminantinformation,so denselysam-
pled patchesshouldbe coded; and (ii) for denselysam-
pledpatches,descriptorsaredistributedvery nonuniformly
in descriptorspace,which leadsk-means-like clusterersto
concentratemost of their centersin high densityregions,
thus `starving' mediumdensityonesand leadingto poor
codebooks.As analternative,we describeda simple�x ed-
radiusclustererbasedonmeanshift, thatscaleswell to large
datasetsandwhosecodebookssigni�cantly outperformk-
meansbasedones.The approachwasvalidatedon several
`bag-of-features'basedobjectdetectionand imageclassi-
�cation tasks,showing resultsthat are clearly superiorto
otherstate-of-the-artapproaches.

Futur e work: We are currently consolidatingour results
on denseversuskeypoint methodsandevaluatingour ap-
proachonSIFTdescriptorsratherthannormalizedpatches.
We also hopeto integratediscriminative information into
the centreselectionprocessso that it directly selectsdis-
criminantfeatures.
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