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Abstract

Visual codebookbasedquantizationof robust appear
ancedescriptos extractedfrom local image patcesis an
effective meansof capturing image statistics for texture
analysisand sceneclassi cation. Codebooksre usually
constructedoy usinga methodsud as k-meango cluster
the descriptor vectos of patcthes sampledeither densely
(‘textons') or sparsely ("bags of features' basedon key-
pointsor saliencemeasues)froma setof training images.
This works well for texture analysisin homaeneousim-
ages, but the imagesthat arise in natural objectrecayni-
tion taskshavefar lessuniform statistics. We showthat
for densesampling k-meangver-adaptsto this, clustering
centes almostexclusivelyaround the densesfew regions
in descriptorspaceand thusfailing to codeotherinforma-
tive regions. Thisgivessuboptimalcodeghat are no better
thanusingrandomlyselectedcenties. We describea scal-
able acceptanceadiusbasedclusteer that geneatesbet-
ter codebooksand studyits performanceon several image
classi cation tasks. We also showthat denserepresenta-
tions outperformequivalentkeypoint basedoneson these
tasksand that SVM or Mutual Information basedfeature
selectionstarting from a densecodebookurther improves
theperformance

1. Intr oduction

Representationsasedon loosecollectionsof invariantap-
pearancedescriptorsextractedfrom local image patches
have becomevery popularfor texture analysisand visual
recognition[1, 5, 7,9, 12, 17, 18, 19, 25, 24, 26, 27]. They
are e xible andrelatively easyto constructthey capturea
signi cant proportionof the comple statisticsof realim-
agesandvisualclassesn acorvenientlocal form, andthey
have goodresistanceo occlusionsgeometricdeformations
andillumination variations. In particular the statisticsof
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Figure 1: Top: sampleimagesfrom four cateyoriesof the
“Xerox 7' dataset.Bottom: the imageregionsassignedo
the 100 codavordswith maximal inter-category discrimi-
nationin this datasetThe codevordsrepresenimeaningful
objectparts,eventhoughthey werelearnedwithout using
the category labels.

naturalimageclassesanbe encodedy vectorquantizing
the appearancepaceandaccumulatinghistogramsor sig-
naturesof patchappearancelasedon this coding. Tradi-
tionally onecodesa densesetof patcheg texton' represen-
tation) [18], but sparseisetsbasedon keypointsor “points
of interest'detectedy invariantlocal featuredetectorhave
generatea lot of interestrecently[1, 5,7, 17, 26, 27]. Key-
pointspotentiallyprovide greatelinvarianceandmorecom-
pactcoding, but they werenot designedo selectthe most
informative regionsfor classi cationand,aswe will shov
belov, densesamplingfollowed by explicit discriminatve
featureselectiongivessigni cantly betterresults.

Both sparseand densecodebooksare typically created
from a setof training imagesusing a standardclustering
algorithm such as k-means. This works well for texture
analysisonimagescontainingonly afew homogeneouee-
gions,andadequatelyor keypointbasedepresentationis
general,but we will shav thatit is suboptimalfor recog-
nition using densepatchesrom naturalscenes.The wide
rangeof region sizesin suchscenedeadsto 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 underrepresentingequally dis-
criminant low-to-mediumdensity ones. x3 describesour



methodfor allocatingcentersmore uniformly, inspiredby
meanshift [4] andon-linefacility location[2Q].

Finally, mostcurrentmethoddor learningcodebooksire
genemtive — they captureoverall image statisticsbut not
necessarilthe ne distinctionsneededo discriminatebe-
tweenclasses.This canbe palliatedby generatinga large
codeboolandselectinga discriminantsubsebf “parts' (in-
formative classef patchesfrom it — see g. 1 andx4.4.
The selectedpartstendto have intermediateprobabilities,
allowing mary rarepartsto bediscardedvhile still preserv-
ing afairly sparseandhencecompactrepresentation.

A codebookalgorithm containsthree components:the
patchselectoy the appearancelescriptor and the quanti-
zationalgorithm. This paperfocuseson the rst andlast.
Appearancés representedimply asvectorsof raw pixelin-
tensitiescomparedisingZNCC, but othervectorvaluedap-
pearanca@escriptorcanbe usedandinformal experiments
with SIFT descriptorg19] gave similar results.

Thereare indicationsthat despitetheir good matching
performanceexisting keypoint detectorgForstner Harris-
af ne, etc) oftenfail to detectthe mostinformative patches
for imageclassi cation[14]. Anotherstratay is to select
patcheshy testingmary potentialtemplatesand selecting
the onesthat maximize an informativenessscoresuchas
mutualinformation[25, 24]. We will dothis, denselysam-
pling patchesat all imagescalesguantizing thenselecting
themostinformative centresusinga separatdeatureselec-
tion algorithm.

1.1 Previous Work

By “textons' (c.f. [13]) we meana set of representatie

classef imagepatcheghatsufce to characterizeanim-

ageobjector texture. Suchtextonsaretypically extracted
densely representingsmall and relatively genericimage
micro-structureq10, 18, 28] — blobs, bars, corners, etc

Whenlarger, more semanticallymeaningfulstructuresare
wanted, sparsesamplingis typically used. For example,
Weberetal. [26] learna generatie modelfor facerecogni-
tion from asetof trainingimagesby detecting-orstnerkey-

pointsat a single scaleand quantizingthe selected'small)

rawv image patchesusing k-means. Similarly, Leung et

al. [18] useGabortexturefeaturedor textureclassi cation.
Recently severalgroups(e.g. [5, 7, 15, 19]) have proposed
“bagof features'methodshasedon normalizedpatchesor

SIFT descriptord19] over Differenceof GaussianHarris-

scaleor Harris-afne keypoints[22], vectorquantizedus-

ing k-means. Leibe et al. [17] proposeda similar method
basedn acodeboolearnedby agglomeratiely clustering
raw pixel intensityvectorsof Harris keypoints. Agarwal et

al. [1] adopteda similar approachncorporatingspatialre-

lationsbetweerparts.

2. Local AppearanceStatistics

To avoid the suboptimalchoicesmade by keypoint de-
tectors, we baseour representatioron denselysampled
patches. The inter-class discrimination provided by k-
meanscodebookss highly dependenon the sampledistri-
butionin descriptorspacedegradingasthis becomesnore
nonuniform. K-meansworks well for imagescontaining
only uniform texture patches,and tolerably well for key-
point baseddescriptorsin more generalimages,although
thedistributionis alreadyquite nonuniformin thiscase But
with denselysampleddescriptorsetsin generaimagesthe
distribution becomesso nonuniformthat k-meansdevotes
mostof its centresto the immediateneighborhoodf the
central peak, 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 ary
given texture that appeardss extremely variable owing to
the multiscaleregion structureof naturalscenegthe statis-
tics of this is capturedquite well by “deadleaves” [16] —
setsof opaque homogeneoupatchesoccurringrandomly
atall positionsandscales- andsimilar fractal models).K-
meanscentresdrift towardshigh densityregionsowing to
the ‘'meanshift like' k-meansupdaterule. Asymptotically
they aredistributedaccordingo theunderlyingdensity i.e.
in thesameway asrandomsamples.

This point is critical becausdahe patcheshat are most
informative for classi cationtendto have intermediatdre-
guencies.Over-frequentpatchegypically containgeneric
imagestructuredike edgesthat occuroftenin all classes,
giving little discriminantinformation. Corversely rare
patchesmay be highly discriminantwhenthey occur, but
they occursoseldomthatthey havelittle in uence onover-
all performanceTheseeffectsareprobablyevengreaterin
man-madeervironments,wherelarge uniform uninforma-
tive regionsarecommon.

To illustrate the non-uniformity, we use our (below)
clusteringalgorithm to analyzethe probability density of
variance-normalizeghatchesfrom naturalimages. These
arell 11graylevel patchessampleddenselyfrom multi-
scalepyramidswith 10 layersspacecdy 2% in scale.Other
patchsizesfrom 6 6 to 20 20 give very similar results.
For now, the only importantpropertiesof our clustererare
thatit chooseghe densestegions rst and lls themwith
uniformly-sizedballs. Hence,ary nonuniformityin there-
sulting texton countsis directevidenceof nonuniformityat
the scaleof the ballsin the underlyingdistribution.

We have run several experimentsusing differentimage
collections: one containing500 naturalimagesof width
300-800pixels, and several othersthat include more spe-
cic objects(seex4 for details). Fig. 2(left) shavs 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
patchegqleft) andfor keypoint basedpatcheqright). The
distributionis markedly morepealedfor densepatcheghan
for keypoints.

law from textual word frequeng analysis[29]. The law

persistsover a wide rangeof naturalimagetypesandbin

probabilities, attening outto equiprobabilityonly for very
rarecentersln contrastasshavnin g. 2(right), thecorre-
spondingdistribution for patchesselectedusinga keypoint
detector(here, Lowe's [19]) is much more uniform, with

mostof the bins having comparatiely similar probabilities
andonly afew beingrare.

3. Clustering Algorithm

Existing Methods: Before describingour clusteringal-
gorithm,we giveabrief review of vectorquantizatiormeth-
odsfor large setsof vectorsin high dimensionakpacesin
our casethe featuredimensionis in the hundredq121 for
11 11 patchesyoquantizatiorbasedon a uniform grid of
centerds infeasibleand clusteringis the preferredmethod
for nding the centers.With denselysampledpatcheghe
numberof samplego beclustereccanbe morethan10® for
medium-sizediatasets.

Featurespacesretypically designedo capturepercep-
tually meaningfuldistinctionswhile providing goodresis-
tanceto extraneougletailssuchaschangesn illumination.
In a well-chosenrepresentationgistancesn featurespace
thustendto coincideroughly with distinguishabilitywith
respecto suchperceptualnoise”. Thisimpliesthata per
ceptuallyef cient codingshouldhave roughlyuniformcell
sizesor atleastenforcealower boundonthecell size:it is
wastefulto codedenseregionsmore nely thanthe under
lying “noise” level.

Owing to its simplicity, k-meands a popularalgorithm
for perceptuatoding. Unfortunatelyit hasthe defectthat
clustercentersaredrawn irresistiblytowardsdenseregions
of the sampledistribution by the ‘meanshift' like process
thatis usedto updatethem,with theresultthatthey tendto
betightly clusteredheardenseregionsandsparselyspread
in sparseones.This effectis especiallypronouncedn high
dimensionswhereit is infeasibleto tile the region of the
peakdenselywith cells. The typical resultis a clusterof

centerssurroundinghepeak,with Voronoicellsthatextend
radially outwardsfor a signi cant distance gachincluding
a few moredistantpoints. This givesa perceptuallyvery
nonuniformcoding. K-meanshasotherdravbacks. It is
non-rolust— pointslying far from ary of the centerscan
signi cantly distortthe positionof the centrethatthey are
assignedo — andthe numberof centeramustbe known in
adwance,whereagthe overall goal is to codean unknown
numberof “distinguishableparts”.

Several authorshave usedagglomeratie clusteringfor
the centreallocationproblem[17, 1]. The proposedneth-
ods areratherinef cient but thereare interestingalterna-
tives such as the on-line facility location algorithm [20].
Theseapproachesiandlethe unbalancediensity problem
well, but they cannot be appliedto large dataset®wing to
theirhighalgorithmiccompleity. Meanshift hasbeenused
in asimilar contet [11], but it cannotbeuseddirectly with
naturalimagesbecausenformative partsseldomcoincide
with well-separatedensitymodes.

Several studiesof clusteringfor large datasetshave ap-
pearedn thedatamining literature.Suchmethoddypically
usesomeform of subsamplindor speed6, 21]. In practice,
subsamplingbasedmethodshave trouble with unbalanced
densities,especiallyif uniform subsamplings used [8].
Like k-meansthey tendto allocatemostof their centrego
afew denseegionsthus’starving'lower densityones.Pro-
posedsolutionsincludedifferentforms of resamplingsuch
asrandomoversampling randomundersamplingandim-
portanceveightingmethodghatadjustthe costof the vari-
ousregionsto countertheimbalancea3].

Our algorithm: Our proposedstratgyy combinesthe ad-
vantagesof on-line clustering[20] and mean-shift[4] in
anundersamplindramework [8]. The algorithmproduces
an orderedlist of centers,with the quantizationrule that
patchesare assignedo the rst centrein the list that lies
within a x edradiusr of them,or left unlabeledf thereis
no suchcentre.

The parametersf the algorithmarethe numberof sub-
samplesN, the cell radiusr and the meanshift radiush
(which we always setto r). Centersare createdone by
onein list order For eachentry, the centreis setwhenit
is addedto the list and never changedafter that. At each
step,wedrav N patchesuniformly andrandomlyfrom the
currentlyunlabeledpartof the dataset,computetheir max-
imal densityregion by running a mean-shiftestimator[4]
with a Gaussiarkernelof width h onthem,allocatea nen
centreat the maximaldensityposition,and(notionally—in
practicethis is donelazily) sweepthe dataset|abelingand
eliminatingall of the patcheghatareassignedo this cen-
tre. Eliminating the labeledpatchegreventsthe algorithm
from repeatedlyassigningcentergo the samehigh density
region. As we aremainly interestedn codingregionsof in-
termediateprobability;, the algorithmcaneitherbe stopped



Figure 3: The 100 mostfrequentcodavords producedby
guantizingthe Agarwal et al. [1] dataset.The parameters
of thealgorithmwereN = 1000andh=r=0:8 (which gives
clusterswith afairly loosesetof appearances).

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

Thecomputationatompleity is governedmainly by the
costof the meanshift iterations,which in practice(given
the high dimension)needto be initialized at eachof the N
samplecentersn turnto ensureeliablemode- nding. This
guadraticcostis acceptabldecausét is appliedto only to
asmall(N element)subsebf the availablepatches.Find-
ing andeliminatingthe labeledpatchess atworstlinearin
the numberof training samplestimesthe averagenumber
of centerghatneedto betestedbeforeelimination.In prac-
tice, the centersare found in roughly decreasingprder of
frequeng, sothe averagenumberof centregesteds effec-
tively independenbf the total numberof centredn thelist
(althoughit doesdependstronglyonr). In theexperiments
below, the averagenumberof centerstestedper vectoris
generallylessthan9 for codebook®f severalthousanden-
ters.As anillustration, g. 3 shavsthe rst 100codavords
for the Agarwal-Rothsetof sideviews of cars.

4. Categorizationand Object Detection

We demonstrat¢heperformancef our codebooksvith ex-
perimentson objectrecognitionandimage cateyorization.
For simplicity we formulate cateyorization as supervised
learningover a "bag of features'representatiofs, 7, 15].
Despitethefactthatthey captureonly local statisticsandig-
noregeometricrelationshipspagsof featuregperformsur
prisingly well. Herethey provide a corvenientbaselinefor
comparingheperformancef differentcodebookswithout
thecompleitiesinherentin strat@iesthatincorporatemore
geometry

We comparedwo linearclassi ers: simpleNaive Bayes
andlinear SupportVectorMachines.SVM's areknown to
producereliableresultsin high-dimensionaproblems,and
herethey easilyoutperformNaive Bayesin all of the tests
performed-seeg 6.

We testedtwo ways of producingfeaturevectorsfrom
codeboolbasedabelings:binaryindicatorvectorsandhis-

Figure4: Threeimagesfrom eachclassof the "Xerox 7'
datasef27]: faceshuildings,treescars,phoneshikesand
books.Intra-classvariability makesthecatayorizationprob-
lem quitechallenging.

tograms.In the histogramrepresentatiorthe featurevector
is just the normalized(scaledto total sum1) histogramof

occurrencecountsfor the differentcodevords. For indica-
tor vectors,eachcodevord'sfeatureis 1 if a patchwith the
codevord occursin theimageandO otherwise[25]. In fact,
ratherthanusingsimplepresence/absenage thresholdhe
numberof occurrencesf thecodavordin theimageto pro-

ducethebinaryvector Thethresholdsreselectecautomat-
ically to maximizethemutualinformation(MI) betweerthe
thresholdeadodevord frequeny andtheclass.

The size of the codebookss potentially very large so
theremaybeover tting (toomary “noise” featuredor good
classi cation). To shav how the approachbehaeswhen
only a restrictedsubsetof the vocahlulary is used,we re-
port on three different feature selectionmethods: maxi-
mization of mutualinformation (M) [2, 25], and of odds
ratio (OR) [2], andtraininganinitial linear SVM classi er
on the full featuresetandretainingonly the featuresthat
have the highestweights(SVM) [2, 23]. InformationGain
wasalsotested2, 25] but performedesswell thanMI.

The number of possible combinationsof descriptor
types,codebooksfeatureselectorsand classi ersis quite
large,soonly the mostrelevantcombinationsveretested.

4.1 Data sets

We testedon threedatasets. The rst, sideviews of cars
from Agarwal & Roth[1], wasdesignedo evaluateobject
detectionalgorithms. Performancds measuredy preci-
sion/recallassuggesteéh [1].

Thesecond, Xerox 7' [27], containsl776imagesfrom
se/encataories. Fig. 4 shovs someexamples.The object
posesare highly variableandthereis a signi cant amount
of backgroundclutter, someof which belongsto the other
catgyories (notably buildings, treesand cars), making the
classi cationtaskfairly challenging.We reportthe confu-
sion matrix andthe overall error rate under10-fold cross-
validationwith a standardizedetof folds.

The last datasetcontains4 classesfrom the ETH80
databas¢l17]: modelsof cars,horses,dogsandcows. At
the individual patchlevel, the horsesdogsand cows have
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Figure5: Ml basedfeatureselectionon the Agarwal-Roth

cardataset. Top: the 100 bestcodavordsfor densecode-
booksbasedon our clusterer(left) and k-means(middle),

and a keypoint codebookbasedon k-means(right). Note

therelativelack of diversityin thedense&-meansodebook.
Bottom: the Precision-Recalturvesfor thesecodebooks,
usingalinearSVM classi er over 600featuresselectedis-

ing MI. Ourdenseapproactperformsbest.

rathersimilar appearancesThereis no background,and
henceneithervisual context to help, nor clutter to hinder,
theclassi cation.Wereportoverallclassi cationerrorrates
under10-fold cross-alidation.

4.2 DenseversusSparseCodebooks

The rst experimentusesthe Agarwal & Rothtestset[1].
The problemis to detectthe objects(car sides)andreturn
theirimagelocations. Thereare500 positive and 500 neg-
ative 100 400pixeltrainingimagesat 10 scalelevelsfrom
100 400to 17 70. Somepositive imagesare shavn in
g. 3(left). We reportresultsfor three2500-centrecode-
booksbasedon both positive andnegative imagesfrom the
training set: onebuilt by denselysamplingpatchesandus-
ing our clusteringmethod; one built using densepatches
andk-means;andonebuilt with k-meansusing keypoints
detectedby Lowe's DoG detectof19]. In eachcasewe se-
lect the 600 bestcodavordsby maximizingthe mutualin-
formationbetweenoptimally thresholdedcodevord occur
rencecountsandcateyories,andusealinearSVM classi er
with 10-fold crossvalidation. Fig. 5 shaws the Precision-
Recallcurves. The proposedmethodclearly outperforms
the k-meansbaseddenseone, which in turn outperforms
the keypoint basedone. Furtherexperimentswith differ-
entclassi ersandcodebooksizescon rmed theserelative
performances.Comparisonof our methodwith agglom-
eratve, k-meansandon-line k-meansclustererson several

otherdataset$n the sparsecasegave similar results.

We alsoran similar experimentson the ETH80 dataset.
Fig. 6 (top left) shavs the overall error for variousnum-
bersof centersselectionmethodsand classi ers. For ev-
ery combinatiorof featureselectorandclassi ertestedpur
clusteringmethodproducedhebestcodebook.

One major determinanbf classi er performances the
numberof image patchesusedto computethe testimage
histogram. Fig. 6 (top centre)shavs the overall misclas-
si cation rate for the “Xerox 7' datasetas a function of
this number for randomlysampledandkeypoint basedest
patchesand usinga x ed codebookbuilt usingour dense
approach. Randomlyselectedpatchesperformat leastas
well askeypointbasednesandin both casegperformance
increasesubstantiallyjasmorepatche@resampledasymp-
totically reachingthat of the densemethod(the last ‘ran-
dom' point). Similar resultsappearto hold for keypoint
basedcodebooks.

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

4.3 Histogram Encoding

We evaluatedwo methodof corvertingraw codevord oc-
currencecountsto classi cation features:normalizedhis-
tograms(normalizingthe sumof the countsto one)andbi-
nary featurevectors(thresholdingeachcountat the value
that optimizesthe M| w.r.t. the classlabelson the train-
ing set,andcodingthe resultas a binary vector). In each
casethedimensionof thedescriptowectoris the numberof
codavords after featureselection. Histogramsperformed
betterfor the Agarwal-Roth and Xerox 7 datasets- see
g. 6(topright, bottomleft & centre)- but the differences
aresmall.

Hopingto reduceheeffectsof theverynon-uniformdis-
tribution of occurrencecounts,we alsotestedfeaturevec-
tors producedby ranking the codevord countsand using
1=(1 + rank) asa codevord feature,but the resultswere
similar to or worsethanthoseof standarchistograms His-
togram featuresthus seemto be a reasonablechoice for
codeboolbasedvisual detectionandcategorization.

4 4. Feature Selectionand Inf ormativeness

Whenconstructingcodebookdor visuallearning, it is im-
portantto include codevords in regions with intermedi-
ate occurrenceprobabilities. Thesecodevordsare not the
rst onesto be producedby our algorithm, so the initial
codeboolwill generallybe largerthanthe nal numberof
usefulfeatures,and subsequenteatureselectionis advis-
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baseck-means.Top centre: Classi cationperformancalepend<ritically on the numberof patchessampledrom the test
image. Keypoint basedpatchesdo no betterthanrandomor sparsegrid sampling. This is with our densecodebookon the
Xerox 7 datasetbut similarresultsappeato holdfor keypointbased:odebooksTop right: OurdensanethodontheXerox
7 dataset.Thelinear SVM classi er over histogramfeatureshasthe lowesterror rate,with eitherMl (for mary centres)or
LSVM (for few centresfeatureselection Bottom left & centre: Cardetectioronthe Agarwal-Rothdatasetusingour dense
codebooksNaive Bayes(left) andlinear SVM (centre)classi ers. LSVM featureselectionwith eitherhistogramor binary
basedcodingperformsbest. Bottom right: Our approachoutperformshatof Agarwal et al., eventhoughit doesnot code

spatialrelationsbetweerfeatures.

able. We studiedthreefeatureselectionmethods: mutual
information(MI), oddsratio (OR) andlinear SVM weights
(LSVM). Whenthereweremorethantwo classesthe OR
andLSVM criteriawerecalculatecby averagingthe corre-
spondingwo-classcriteriaoverthepossibleone-against-all
subproblemsUsing the maximumvalueover the subprob-
lemsinsteadgave similar or slightly worseresults.

LSVM selectiontoppedmost of our experiments(see
g. 6topleft, bottomleft & centre) but on Xerox 7 MI was
preferred g. 6topright). However, notethatthefull code-
booksgenerallyoutperformedary of the reducedones,so
featureselectionshouldonly be usedif the computational
costof thealgorithmneedgo bereduced Fig. 1 shavs the
partscorrespondingo thetop 100MI codevordsfor afew
imagesof the Xerox 7 dataset.

4.5 Comparing absoluteperformances

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

Labeln True| Faces Bldgs| Tree§ Cars PhonesBikes| Books|
Faces 98.6 0 0| 04 1.3 0.8 4.2
Bldgs 0.2| 92.0f 3.3] 1.9 1.8 ol 0.7
Trees 0.3| 26| 9400 O 0| 0.8 0
Cars 0.2 1.3| 1.3|935 0.9 08| 35
Phones 0.1 0| 0.67| 1.4 91.6 0| 35
Bikes 0 0| 0.6 0 0.4 96.8 1.4
Books 0.3 4.0 0| 24 3.7/ 0.8/ 86.6

Figure7: The confusionmatrix for our methodon Xerox?7.

use(we believe) the sameexperimentabndprecision/recall
protocolas[1]. Our precisionat equalrate erroris more
than10%higherthanthebestresultsof [1], despitethefact
thatwe rely onasimplelinear SVM classi er andincorpo-
rateno inter-patchgeometry(whereaq1] usesspatialrela-
tionsbetweerpairsof features).

On the Xerox 7 datasetthe bestresultswere obtained
with ourcodebooksndalinearSVM. Fig. 7 shavsthecon-
fusion matrix for this con guration, using 600 codevords.
Ouroverallerrorrateis 4:8% with standardaleviation 1:2%,
whereaghe (k-meansand sparsefeaturebased but other
wise comparablejnethodof [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 obsenations: (i) restrictingattention
to patcheshasedat sparsekeypoints often losesa signi -

cantamountof discriminantinformation, so denselysam-
pled patchesshould be coded; and (ii) for denselysam-
pled patchesdescriptorsaredistributedvery nonuniformly
in descriptorspacewhich leadsk-means-lile clustererdo
concentratanost of their centersin high densityregions,
thus “starving' medium density onesand leadingto poor
codebooksAs analternatve, we describeda simple x ed-
radiusclusterebasednmearshift, thatscaleswvell to large
datasetand whosecodebookssigni cantly outperformk-
meanshasedones. The approachwasvalidatedon several
“bag-of-featuresbasedobject detectionand imageclassi-
cation tasks,shaving resultsthat are clearly superiorto
otherstate-of-the-arapproaches.

Futur e work: We are currently consolidatingour results
on denseversuskeypoint methodsand evaluatingour ap-
proachon SIFT descriptorgatherthannormalizedpatches.
We also hopeto integratediscriminatve information into
the centreselectionprocessso that it directly selectsdis-
criminantfeatures.
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