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Abstract. We presentinapproacHor learningto detectobjectsin still grayim-

agesthatis basednasparsepart-basedepresentationf objects A vocahlulary
of information-richobjectpartsis automaticallyconstructedrom a setof sam-
pleimagesof theobjectclassof interestimagesarethenrepresentedsingparts
from this vocalulary, alongwith spatialrelationsobserned amongthem.Based
onthisrepresentatiorg feature-etient learningalgorithmis usedto learnto de-
tectinstance®f theobjectclass Theframeavork developedcanbeappliedto ary

objectwith distinguishablepartsin a relatively x ed spatialcon guration. We

reportexperimentson imagesof sideviews of cars.Our experimentsshav that
the methodachiereshigh detectionaccurag on a dif cult testsetof real-world

imagesandis highly robustto partialocclusionandbackgroundrariation.

In addition,we discussandoffer solutionsto several methodologicalssuesthat
aresigni cant for theresearcltommunityto be ableto evaluateobjectdetection
approaches.

1 Intr oduction

This paperdescribesnapproacHor learningto detectinstance®f objectclassesn im-
ages.The developmentof reliable objectdetectionsystemss importantfor a wide va-
riety of problems suchasimageclassi cation,content-basetinageretrieval, tracking
andsuneillance.Much researchasbeendonein this direction.However, the problem
remainsalargely unsohedone.

The approachpresenteds basedon the belief that the key to nding a solution
to this problemliesin nding theright representationSpeci cally, we suggesthatin
orderto extract high-level, conceptuainformation suchasthe presenceof an object
in animage,it is essentiato transformthe raw, low-level input (in this case the pixel
grayscalevalues)to a higherlevel, more“meaningful”’ representatiothat cansupport
thedetectionprocess.

Onetheoryof biologicalvision explainsobjectdetectioronthebasisof decomposi-
tion of objectsinto constituenparts[1-3]. Accordingto this theory therepresentation
usedby humandor identifying anobjectconsistf the partsthatconstitutethe object,
togethemith structuralrelationsoverthesepartsthatde ne theglobalgeometryof the
object. Sucha representatiomlso forms the basisof somecomputationatheoriesof
objectdetectior4].



In this paper we describean approactthatusesan automaticallyacquired sparse,
part-basedepresentatioof objectsto learna classi er that canbe usedto accurately
detectoccurrencesf a cateyory of objectsin naturalscenesAs shavn in our experi-
mentsthe methodis highly robustto clutteredbackgroundsndpartialocclusion.

1.1 RelatedWork

Most work that hasusedlearningin objectdetectionhasbeendoneat the pixel level
(e.g.,[5-7]). Herewe mentiona smallnumberof recentstudieghathave deviatedfrom
this, andrelatethemto our work.

Several approachesepresenbbjectsusinglow-level featuresFor example,in [8,
9], theobjectpartsarelocal groupingsof commonprimitive featuressuchasedgefrag-
ments,while in [10], rectanglefeaturesare usedto capturethe presencef edgespars
andothersimplestructuresWe believe thatthe expressiity of a part-basedaepresen-
tation can be enhancedy consideringdistinctive, higherlevel partsthat arerich in
informationcontentandmorespeci c to the objectclassof interest.Suchanapproach
hasbeenfollowedin [11], in which separatelassi ersareusedto detectheadsarms
andlegs of peoplein animage,anda nal classi eris thenusedto decidewhetheror
notapersons presentHowever, thework in [11] requireghe objectpartsto be manu-
ally de ned andseparatedor trainingtheindividual partclassi ers.In orderto build a
systenthatis easilyextensibleto dealwith differentobjects;t is importantthatthepart
selectiorprocedurde automatedOur methodfor automaticallyselectingnformation-
rich partsbuilds on a techniquedescribedn [12], in which interestpointsare usedto
collectdistinctive parts.In [12], a generatie probabilisticmodelis learnedover these
parts.Our method onthe otherhand,doesnot needto assumeary probabilisticmodel;
we simply collectpartsthatcould be of interestandthendirectly learnaclassi er over
them. In addition, the modellearnedin [12] relies on a very small numberof x ed
parts,makingit potentiallysensitve to large variationsacrossmagesBy learningover
alargefeaturespacewe areableto learna moreexpressie modelthatis robustto such
variations.

We usea feature-etient learningalgorithmthat hasbeenusedin a similar task
in [13]. However, [13] usesa pixel-basedrepresentationwhereasin our approach,
imagesare rst transformedautomatically)andrepresentedisinga higherlevel and
more sparserepresentationThis hasimplicationsboth in termsof detectionaccurag
androbustnessandin termsof computationakf ciency: the sparserepresentatiof
the imageallows us to perform operationge.g., computingrelations)that would be
prohibitive in a pixel-basedepresentation.

1.2 Problem Speci cation

We assumesomeobjectclassof interestOurgoalis to developasystemwhich,givenan

image,candetectinstance®f this objectclassin theimage,andreturntheirlocations.
In the processof nding the locationsof theseobjectinstanceswe alsorequirethe

systemto be ableto outputthe numberof objectinstancest nds in theimage.This

may appeato beatrivial requirementor anobjectdetectionsystemput aswe discuss
laterin Section2.4,it imposesanon-trivial conditionthatthe systemmustsatisfy



1.3 Overview of the Approach

This sectionoutlinesour conceptuaapproachwhich consistsroadlyof four stages.

1. Vocahulary Construction
The rst stageconsistsof building a “vocahulary” of partsthatcanbe usedto rep-
resentobjectsin the tamget class.This is doneautomaticallyby usingan interest
operatorto extractinformation-richpartsfrom sampleimagesof the objectof in-
terest.Similar partsthusobtainedaregroupedogethermandtreatedasa singlepart.

2. Image Repesentation
Eachinputimageis transformedandrepresentedh termsof partsfrom the vocab-
ulary obtainedin the rst stage.This requiresdeterminingwhich partsfrom the
vocahulary are presentin the image;a similarity-basedmeasures usedfor this
purpose.Eachimageis thenrepresenteds a binary featurevector basedon the
vocahulary partspresenin it andthe spatialrelationsamongthem.

3. Learninga Classi er
Givenasetof trainingimagedabeledaspositive (object)or negative (non-object),
eachimageis re-representedsa binary featurevectorasdescribedabove. These
featurevectorsarethenfed asinput to a supervisedearningalgorithmthatlearns
to classify animageasa memberor non-membepof the objectclass,with some
associate@on dence.As shavn in our experimentsthe part-basedepresentation
capturedby the featurevectorsenablesa relatively simple learningalgorithmto
learnagoodclassi er.

4. DetectionHypothesisusingthe LearnedClassi er
The nal stageconsistof usingthelearnedclassi erto form areliabledetectorWe
introducethe notionof aclassi er activationmap which is generatedby applying
the classi er to variouswindows in a testimage.We then presenta methodfor
producinga gooddetectionhypothesiqusingthis activationmap.

This framavork canbe appliedto any objectthat consistsof distinguishablearts
arrangedn arelatively x edspatialcon guration. Our experimentsare performedon
imagesof sideviews of cars;thereforewe will usethis objectclassasarunningexam-
ple throughouthe paperto illustratetheideasandtechniquesve introduce.

We describeeachstageof our approachn detailin Section2. Section3 presentan
evaluationof ourmethodln thissectionwe rst discussseveralmethodologicalssues,
including evaluationandperformancemeasuremertechniquesthat areimportantfor
the researclcommunityto be ableto evaluateobject detectionapproacheswe then
presentour experimentalresults.Section4 concludeswith a summaryand possible
futuredirections.

2 Approach

This sectiondescribegachstageof our approactin detail.



Fig. 1. Left: A sampleobjectimageusedin the vocalulary constructiorstage Center: Interest
pointsdetectedy theForstneroperatorCrosseslenotantersectiorpoints;circlesdenotecenters
of circularpatternsRight: Patchesxtractedaroundtheinterestpoints.

2.1 Vocahulary Construction

To obtainan expressve representatioffior the objectclassof interest,we requiredis-

tinctive partsthatarespeci c to theobjectclassbut canalsocapturethevariationacross
differentinstance®f theobjectclass Ourmethodfor automaticallyselectingsuchparts
is basedon the extractionof interestpointsfrom a setof representatie imagesof the

targetobject.A similar methodhasbeenusedin [12].

Interestpointsin animagearepointsthathave highinformationcontentin termsof
thelocal changein signal. They have beenusedin a variety of problemsin computer
vision, including stereomatching[14], objectrecognitionandimageretrieval [15]. In-
terestpointshave typically beendesignedandusedfor propertiessuchasrotationand
viewpoint invariance which are usefulin recognizingdifferentviews of the sameob-
ject, and not for the “perceptual”’or “conceptual’quality thatis requiredfor reliably
detectingdifferentinstancesf an object class.However, by usinginterestpointsin
conjunctionwith aredundantepresentatiothatis describedelov, we areableto cap-
turea degreeof conceptuainvariancethatturnsoutto be sufcient for thistask.

We apply the Forstnerinterestoperator[16,12] to a setof representatie images
of the objectclass.This detectantersectiorpointsof linesandcentersof circular pat-
terns.A vocahulary of representatie partsis thenconstructedby extractingsmallimage
patchesaroundthe interestpoints obtained.The goal of extractinga large vocalulary
from differentinstance®f theobjectclassis to beableto “cover” new objectinstances,
i.e.to beableto represenhew instancesisinga subsedf this vocalulary.

In our experimentsthe Forstneroperatorwasappliedto a setof 50 representatie
imagesof cars,each pixelsin size.Figurel shavs anexampleof this process.
Patcheof size pixelswereextractedaroundeachsuchinterestpoint, producing
avocahulary of 400partsfrom the 50 images.This vocalulary is shovn in Figure?2.

As seenin Figure 2, several of the partsextractedby this procedureare visually
very similar to eachother To facilitatelearning,it is importantto abstractover these
partsby mappingsimilar partsto the samefeatureid (anddistinct partsto different
featureids). This is achieved via a bottom-upclusteringprocedurelnitially, eachpart
is assignedo a separateluster Similar clustersarethensuccessiely memgedtogether
until nosimilar clustersemain.In meging clustersthesimilarity betweertwo clusters

and is measuredby theaveragesimilarity betweertheirrespectie parts:

o similarity
similarity

wherethesimilarity betweertwo partsis measuredy normalizedcorrelation allowing
for smallshifts of upto 2 pixels. Usingthis techniquethe 400 partsweregroupednto



Fig. 2. Thevocahulary of 400 partsextractedby the Forstnerinterestoperator
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Fig. 3. Examplef the clustersformedafter groupingsimilar partstogether

270clustersWhile severalclusterscontainedust oneelementpartswith high similar-
ity weregroupedogetherFigure3 shavs someof thelargerclusterghatwereformed.
Partsbelongingto the sameclusteraretreatedasa single“conceptual’part by giving
themthe samefeatureid; in this way, by using a deliberatelyredundantrepresenta-
tion thatusesseveral similar partsto represent singleconceptuapart,we areableto
extracta higherlevel, conceptuatepresentatiofrom the interestpoints.Experiments
describedn Section3.3shaw therole of theclusteringprocedure.

2.2 Image Representation

Having constructedhe partvocalulary above, imagesare now representedisingthis
vocahulary. This is doneby determiningwhich of the vocalulary partsare presentin
animage,andrepresentingheimageasa binaryfeaturevectorbasen thesedetected
partsandthe spatialrelationsthatareobsenedamongthem.

Part Detection Searchingawholeimagefor the presencef vocalulary partsis com-
putationallyexpensve. To focusour attentionon the interestingregionsin the image,
theForstneroperatoliis rst appliedto theimage,andpatchesaroundtheinterestpoints
foundin theimagearehighlighted.For eachhighlightedpatch we performasimilarity-
basedndexing into thepartvocahlulary. Eachpatchis comparedo thevocalulary parts
usingthe samesimilarity measureusedearlierfor clusteringsimilar partswhencon-
structingthe vocalulary. If asufciently similar vocalulary partis found, the patchin
theimageis representetby the featureid correspondindo that vocalulary part. Fig-
ure4 shawvs examplesof the partdetectionprocess.

Relations over DetectedParts Spatialrelationsamongthe partsdetectedn anim-
agearede ned in termsof the distanceanddirectionbetweeneachpair of parts.Sev-
eral earlier approacheso recognitionhave relied on geometricconstraintshasedon
the distancesand anglesbetweenobject elementsFor example,[17] modelsobjects
aspolyhedraand,giveninput datafrom wich objectpatchesanbeinferred,performs



Fig. 4. Examplesof the partdetectionprocessappliedto a positive anda negative imageduring
training. Centerimagesshav the patcheshighlightedby the interestoperator;notice how this
successfullycapturegheinterestingregionsin theimage.Thesehighlightedinterestpatchesare
thenmatchedwith vocalulary parts.In theright imagesthe highlightedpatchesarereplacecby
an arbitrarymemberof the part cluster(if ary) matchedby this detectionprocessTheseparts,
togethewith the spatialrelationsamongthem,form our representationf theimage.

recognitionby searchingfor interpretationsof the surface patcheswhoseinter-patch
distancesandanglesare consistenwith thosebetweencorrespondingnodelfaces.n
our approachyve do notassumea knovn modelfor the targetobjectclass but attempt
to usetheobjectpartsobseredin objectexamplestogethemvith therelationsobsered
amongthem,to learn amodelor representatiofor the objectclass.The distancesand
directionsbetweenpartsin our approacharediscretizednto bins:in our implementa-
tion, the distancesare de ned relative to the part sizeandarediscretizedinto 5 bins,
while the directionssarediscretizednto 8 differentrangesgachcovering an angleof

. However, by consideringthe partsin a x ed orderacrossthe image,the number
of directionbins that needto be representeds reducedto 4. This gives 20 possible
relations(i.e. distance-directiomombinationshetweerary two parts.

The trainingimagegandlater, windows in testimages)hatare
convertedto featurevectorshave avery smallnumberof partsactuallypresentn them:
onaveragea positive window containss-8 parts,while a negative onecontainsaround
2-4. Therefore the costof computingrelationsbetweenall pairs of detectedpartsis
negligible oncethe partshave beendetected.

Feature Vector Each trainingimage(andlater, each window in the
testimages)s representedsa featurevectorcontainingfeatureelementf two types:

0] , denotingthe th occurrenceof a partof type intheimage( in
our experimentseach correspond$o a particularpartcluster)

(ii) 1 denotingthe thoccurrencef relation  betweerapartof type

andapartof type in theimage( in our implementationgach
correspond$o a particulardistance-directiomombination)

Thesearebinaryfeatureqeachindicatingwhetheror notapartor relationoccursin the
image),eachrepresentetdy a uniqueidenti er. There-representatioaf theimageis a
list of theidenti ers correspondingo thefeatureghatareactive(present)n theimage.

1 In the implementationa part featureof the form is representetby a uniquefeatureid,
whichis anintegerdeterminedsafunctionof and . Similarly, arelationfeatureof theform
is assigned uniquefeatureid thatis afunctionof , , and .



2.3 Learning aClassi er

Usingtheabovefeaturevectorrepresentatiorg classi eris trainedto classifya
imageascaror non-carWe usedatrainingsetof 1000labeledmageq500positive and
500 negative), each pixelsin size.Theimageswereacquiredfrom different
sourcespartly from the World Wide Web, partly with a cameraandpartly by taking
video sequencesf carsin motion and processinghe digitized video with a frame
grabber After croppingand scalingto the requiredsize, histogramequalizationwas
performedon all imagesto reducesensitvity to changesn illumination conditions.
The positive examplescontainimagesof differentkinds of carsagainsta variety of
backgroundsand include imagesof partially occludedcars. The negative examples
includeimagesof naturalsceneshuildingsandroadviews. Notethatourtrainingsetis
relatively smallandall imagesin our datasetarenatural;no synthetictrainingimages
areusedto simplify thelearningproblem,ashasbeendone for example,in [13,18].
Eachof thesetrainingimagesds corvertedinto afeaturevectorasdescribedn Sec-
tion 2.2. Note that the potentialnumberof featuresin ary vectoris very large, since
thereare270differenttypesof partsthatmaybepresent20 possiblerelationsbetween
eachpossiblepair of parts,and several of the partsand relationsmay potentially be
repeatedHowever, in ary singleimage,only a very small numberof thesepossible
featuredis actuallyactive. Taking advantageof this sparsenesproperty we train our
classi er usingthe SparseNetwork of Winnows (SNoW)learningarchitecturdg19, 20],
which is especiallywell-suitedfor suchsparsedeaturerepresentation$. SNoW learns
a linear function over the featurespaceusing a feature-etient variationof the Win-
now learningalgorithm;it allows input vectorsto specifyonly active featuresandits
samplecompleity grows linearly with the numberof relevantfeaturesandonly loga-
rithmically with thetotalnumberof potentialfeaturesA separatéunctionis learntover
this commonfeaturespacefor eachtarget classin the classi cationtask.In our task,
featurevectorsobtainedfrom objecttrainingimagesaretakenaspositive examplesfor
theobjectclassandnegative examplesor the non-objecttlass andvice-versa.Givena
new inputvector thelearnedunctioncorrespondingo eachclassoutputsanactivation
value,whichis thedotproductof theinputvectorwith thelearnedwveightvector passed
througha sigmoidfunctionto lie between0 and 1. Classi cationthentakesplacevia
awinnertake-all decisionbasedon theseactivations(i.e. the classwith the highestac-
tivationwins). The activationlevelshave alsobeenshawvn to provide arobustmeasure
of con dence;we usethis propertyin the nal stageasdescribedn Section2.4 below.
Using this learningalgorithm,the representatiotearnedfor an objectclassis a linear
thresholdfunctionoverthe featurespacej.e. over the partandrelationfeatures.

2.4 DetectionHypothesisUsingthe Learned Classi er

Having learneda classi er® thatcanclassify imagesaspositive or negative,
carscanbe detectedn animageby moving a window over the imageand
classifyingeachsuchwindow aspositive or negative. However thereis oneissuethat
needgo beresohedin doingthis.

2 Softwarefor SNoWis freely availableat http://L2R.cs.uiuc.edu/"cogcom p/
8 The SNoW parametersve usedto train the classi er were1.25,0.8, 4.0 and 1.0 respectiely
for the promotionanddemotionrates the thresholdandthe default weight.



It is clearthatin the vicinity of an objectin the image,several windows will be
classi edaspositive, giving riseto multiple detectiongorrespondingo a singleobject
in thesceneThequestiorthatarisess haw the systenmshouldbe evaluatedn the pres-
enceof thesemultiple detectionsin muchpreviouswork in objectdetectionmultiple
detectionsoutputby the systemare all consideredo be correctdetectionyprovided
they satisfythe criteriafor a correctdetection;this is discussedaterin Section3.1).
However, going backto the requirementspeci edin Sectionl.2, sucha systemfails
not only to locatethe objectsin theimage,but alsoto form a correcthypothesisabout
the numberof objectinstancegresentin theimage.Thereforein usinga classi er to
performdetectionjt is necessaryo have anotherprocessingtep,aboe thelevel of the
classi er output,to producea coherentletectiorhypothesis.

A few studieshave attemptedo developsucha processingtep.[10] usesa simple
strat@yy: detectedvindows arepartitionedinto disjoint (non-overlapping)groups,and
eachgroupgivesa single detection.While this may be suitablefor the facedetection
databasesedthere,in generaljmposingazero-o/erlapconstrainbndetectedvindowvs
may betoo stronga condition.

As a moregeneralsolutionto this problem,we introducethe notion of a classi er
activationmap(CAM), which canbegeneratedrom ary classi er thatcanproducean
activationor con dencevaluein additionto a binaryclassi cationoutput.Givenatest
image,a window is movedovertheimageandthelearnedclassi eris applied
to eachsuchwindow (representedsafeaturevector)in theimage.However, insteadof
usingthe binary classi cationoutputof the classi er, we take advantageof the activa-
tion valuesit producesNegatively classi ed windows aremappedo a zeroactiation
value.Windows classi ed aspositive are mappedo the activation value producedby
theclassi er. This producegmapwith highactivationvaluesat pointswheretheclassi-

er hasahigh con dencein its positive classi cation.Our algorithmanalyzeghis map
and nds the peaksat which the activation is highestin someneighbourhoodgiving
thedesiredocationsof thetargetobject.Differentneighbourhoodsanbeusedfor this
purpose Our algorithmsearchegor activation peaksin a rectangulaneighbourhood,
de ned by two parameteriNbhdandwNbhd sothata point is consideredo
beanobjectlocationif

() activation actiation for all , Where
hNbhd wNbhd , and
(i) nootherpointin  hasalreadybeendeclaredan objectlocation(the mapis ana-
lyzedin row-wiseorder).

The neighbourhoodize determineghe extent of overlapthatis allowed betweende-
tectedwindows, and can be chosenappropriatelydependingon the object classand
window size.In our experimentswe usedhNbhd= 40 pixels,wNbhd= 35 pixels.
Thereis a trade-of betweerthe numberof correctdetectionsandnumberof false
detectionsAn activationthresholds introducedn thealgorithmto determinevhereto
lie onthis trade-of curve. All activationsin the CAM thatfall belov thethresholdare
setto zero.Lowering the thresholdincreaseshe correctdetectionsut alsoincreases
thefalsepositives;raisingthethresholchasthe oppositeeffect. Figure5 shavs athresh-
oldedCAM generatedrom a sampletestimage,andtheassociatedetectiorresult.



Fig. 5. Thecenteimageshavstheclassi eractivationmap(CAM) generatedrom thetestimage
ontheleft usinganactivationthresholdof 0.85:all activationsbelon 0.85have beensetto zero.
Theactivationsin the maphave beenscaledby 255to producetheimage;the bright white peak
correspondso the highestactivation, producingthe detectionresultshavn in the right image.
Themethodpreventsthe systemfrom producingmultiple detectiondor a singleobject.

3 Evaluation

To evaluatethe performanceof the systemwe collecteda setof 170testimagescon-
taining 200 carsin all. Theseareall distinct from the training set. The imageswere
acquiredin the sameway asthetrainingimages.They areof differentresolutionsand
includeinstance®f partially occludedcars,carsthathave low contrastwith the back-
ground,andimageswith highly texturedbackgrounds.

Before presentingour results,we discusssomeimportantmethodologicalissues
relatedto evaluationandperformancaneasuremennethodsn objectdetection.

3.1 Evaluation Scheme

Pastwork on objectdetectiorhasoftenemphasizethe needfor standardizedatasets
to allow afair comparisorof differentmethodsAlthoughseveralstudieshave reported
resultson commondatasets,it is oftennot clearhow the performanceof the different
methodshasbeenevaluatedon thesedatasets.Problemssuchasimageclassi cation
have a naturallyde ned evaluationcriterion associatedvith them.However, in object
detectionthereis no suchnaturalcriterion: correctdetectionsandfalsedetectionsan
bede nedin differentwayswhich may give riseto differentresults.To ensurehatthe
comparisorbetweendifferentmethodss truly fair, it is essentiathatthe sameevalu-
ation schemebe used.Thereforein additionto standarddatasetsfor objectdetection,
we alsoneedappropriatestandardize@valuationschemeso be associateavith them.
We describen detailherethe schemausedto evaluatethe accuray of our systemt
For eachcarin the testimageswe manuallydeterminedhe location( trye, true)
of thebest window containingthecar For alocation( get. dep Outputby the
detectorto beconsidered correctdetectionwe requirethreeconditionsto be satis ed:

() true det height

(i) true  det width, and
(i) thewindows atthe detectedandtruelocationshave anoverlapof atleast grea

4 Both the datasetwe have usedandthe evaluationroutineareavailableat
http://L2R.cs.uiuc.edu/"cogco mp/.
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The parameters height width @Nd areaare chosenappropriatelydependingon the
targetobjectclassandwindow size,suchthattheseconditionstogetherensurethatno
falsedetectionis countedasa correctdetectionln our experimentswe used peight
pixels, width pixelsand area
In addition,if two or moredetectedvindows satisfytheseconditionsfor the same
objectlocation, only oneis consideredh correctdetection;the othersare countedas
falsepositives.(SeeSection2.4 for discussion.)

3.2 Measuring Performance

In measuringheaccurag of adetectiorsystemthetwo quantitiesof interestareclearly
thecorrectdetectionsvhichwe wishto maximize,andthefalsedetectionghatwe wish
to minimize.Differentmethoddor reportingandinterpretingresultspresenthistrade-
off in differentways,andagainit is necessarjo identify a suitablemethodthatcaptures
thetrade-of correctlyin the context of the objectdetectionproblem.

Onemethodfor expressinghis trade-of is the Recever OperatingCharacteristics
(ROC) cune. This plotsthe positive detectiorratevs. thefalsedetectiorrate,where
Numberof correctpositives

(1) PositiveDetectionRate ——
Total numberof positivesn dataset

Numberof falsepositives
Total numberof negativesin dataset

However, notethatin the problemof objectdetectionthe numberof negativesin the
dataset(requiredin (2) above) is not well-de ned. The numberof negative windows
evaluatedby the detectionsystemhascommonlybeenusedfor this purposeHowever,
therearetwo problemswith this approachThe rst is thatthis measureshe accurayg
of the systemasa classi er, not asa detector Sincethe numberof negative windows
is typically very large comparedo the numberof positive windows, this allows a large
one-sidecerror: a large absolutenumberof falsedetectionsappearso be smallunder
thismeasureThesecondandmorefundamentaproblemis thatthe numberof negative
windows evaluatedis not a propertyof theinput to the problem,but rathera property
internalto theimplementatiorof the detectiorsystem.

When a detectionsystemis put into practice,we are interestedn knowing how
mary of the objectsit detectsandhow often the detectionst makes are false. This
trade-of is capturednoreaccuratelyby avariationof therecall-precisiorcurve, where

Numberof correctpositives . .
(3) Recall — Positive DetectionRateabove
Total numberof positivesin dataset

(2) FalseDetectionRate

Numberof correctpositives
Numberof correctpositivest Numberof falsepositives
The rst quantityof interesthamelythe proportionof objectsthataredetectedis given
by the recall. The secondquantity of interest,namelythe numberof falsedetections
relative to thetotal numberof detectionsnadeby the systemijs givenby

Numberof falsepositives
Numberof correctpositives+ Numberof falsepositives
Plottingrecallvs.(1  precision thereforeexpresseshedesiredrade-of.

(4) Precision

(5) 1 Precision




11

Results: Recall-Precision Results: ROC

Positive Detection Rate
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Fig. 6. Left: Recall-precisiorturve shaving the performancef our cardetectiorsystemRight:

ROC curve shawing the sameresults.(Important:notethat the X-axis scalesin the two curves

aredifferent;the X-axis valuesin the ROC curve aremuchsmallerthanin the recall-precision

cune.) SeeSection3.2 for de nitions of the differentparameteranda discussiorof why the

recall-precisiorcurve is amoreappropriateanethodfor expressingobjectdetectionresults.

3.3 Results

We appliedour detectotto the testset(describedearlier)of 170imagescontaining200
cars.Toreducecomputationatoststhe window wasmovedin stepf size5%
of thewindow sizein eachdimension].e. stepsof 5 pixelsand2 pixelsrespectiely in
thehorizontalandverticaldirectionsin our experimentsin all, 147,802windows were
evaluatedby the system of which approximatelyl12,000werenegative.

Following the discussionn Section3.2, we presentour resultsasrecall vs. (1
precisior) in Figure 6. The differentpoints on the curve are obtainedby varying the
activationthresholdparameteasdescribedn Section2.4. We alsocalculatethe ROC
curve ashasbeendonebefore(usingthe numberof negative windows evaluatedby the
systemasthetotal numberof negatives)for comparisonthisis alsoshavn in Figure6.

Table 1 shavs somesamplepoints from the recall-precisioncurve of Figure 6.
Again, for comparisonwe also shav the false detectionrate at eachpoint as deter
minedby the ROC curve. Trainingover 1000imagegakeslessthanhalf anhourin our

implementationThe averagetime to testa imageis 8 seconds.
Activation||No. of correct|Recall|| No. of false |PrecisionFalsedetection
threshold|| detections N| — ||detectiongM| —— rate,
0.55 181 90.5% 98 64.9% 0.09%
0.65 178 89.0% 92 65.9% 0.08%
0.75 171 85.5% 76 69.2% 0.07%
0.85 162 81.0% 48 77.1% 0.04%
0.90 154 77.0% 36 81.1% 0.03%
0.95 140 70.0% 29 82.8% 0.03%

Table 1. Accurag of our cardetectionsystemon thetestsetcontaining200cars.
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(a) Comparison with Baseline Methods (b) Contributions of Different Factors
1
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Fig. 7. (2) Comparisorwith baselinemethodsThe poor performancef the baselinemethodss
anindicatorof thedif culty level of ourtestset.In addition,the poor performanceof the pixel-
basedletectothatuseshesamdearningproceduresours,anddiffersonly in therepresentation
schemeshaws theimportanceof choosinga goodrepresentation(b) Contritutionsof different
elementof our methodto the overall performanceBoth the partclusteringstepandtherelation
featureshave signi cant contributionsto the effectivenesf our representatior(Important:note
thatthe X-axis rangein this graphis [0,0.5] for clarity.)

As baselinegor comparisonywe implementeda SNoW-basedletectomusingsimply
pixel intensitiesasfeaturesanda nearest-neighbouraseddetectorthat usesthe nor
malizedcorrelationbetweentestwindows andtraining imagesasthe similarity mea-
sure.The CAM for the SNoW-basedmethodwas computedas before,using SNoW
activations.In the caseof nearest-neighbouthe classi er activationfor a testwindow
wastakento bethe correlationof thewindow with the nearestrainingimage.There-
sultsareshowvn in Figure7(a)® The poor performanceof the baselinedetectorss an
indicatorof the dif culty level of our testset:for the COIL objectdatabasenearest-
neighbourgivesabore 95% recognitionaccurag, while on the faceimagedatabasén
[13], the pixel-basedSNoW methodachiezesabore 94%detectioraccurag.

To gain a betterunderstandingf the differentfactorscontrituting to the successf
our approachwe conductedxperimentsn which we eliminatedcertainstepsof our
method.The resultsof theseexperimentsareshown in Figure7(b). In the rst exper
iment, we eliminatedthe part clusteringstepwhen constructingthe part vocahulary;
assigninga differentfeatureid to eachof the400parts.Thisresultedn asigni cant de-
creasen performancecon rming our intuition thatrepresentingimilar partsasa sin-
gle conceptual-leel partis importantfor the learningalgorithmto generalizewell. In
the secondexperimentwe retainedthe clusteringstep,but did not usetherelationfea-
tures,representingheimagessimply by the partspresenin them.Again, this shoved
adecreasé performancesuggestinghatimportantinformationis capturedoy there-
lations.Finally, in the third experiment,we eliminatedboththe clusteringstepandthe

® The pixel-basednethodhasextremely high computationahnd spacecosts.Thereforein all
experimentshawvn in Figure7(a),the100 40window wasshiftedovertheimagesn larger
stepsof 10 and4 pixels respectiely in the horizontaland vertical directions,with hNbhd=
wNbhd= 40 pixels (seeSection2.4).
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Fig. 8. Examplesof testimageson which our systemachievzed perfectdetectiorresults.An acti-
vationthresholdof 0.9 wasused.Thewindows aredravn by a separat@valuatorprogramatthe
exactlocationsoutputby the system(seeSection2.4). Also seeFigure9.

relationfeaturesin this casethedecreas@n performancavasnotsigni cant relative to
the rst experiment,in which only clusterswereeliminated.This canbe explainedon
the basisthat,whenthe partsareall consideredo be distinct,the algorithmseeamary
differentpartsin thetraining set,andthereforethe relationfeaturesde ned overthem
arealsodifferent;asaresult,in this casetherelationsdo not helpin generalizing.

We alsotestedheintuition thatasmallnumberof partsshouldsufce for successful
detectionby ignoring all one-partclustersin the vocalulary. However, this decreased
the performancesuggestinghatthe small clustersalsoplay animportantrole.

Figures8 and9 shaw the outputof our detectoron somesampletestimages.

4 Conclusionsand Futur e Work

We have presentednapproachor learninga sparsepart-basedepresentatiofor ob-
ject detection Expressie featuresare acquiredautomaticallyand captureinformation
aboutthe partsin animageandthe spatialrelationsamongthem.An ef cient learning
algorithmover this featurespacehenlearnsa goodclassi er from a smalltrainingset.
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Fig. 9. Exampleof testimagesonwhich our systenmissedsomeof theobjectsor producedalse
detectionqusingthe sameactivation thresholdasin Figure 8). The evaluatorprogramdraws a

window atead locationoutputby thedetectorfully drawnwindowsrepresentorrectdetections,
while brokenwindows representalsepositives.

Thenotionof aclassi er activationmapis introducedo form agooddetectorfrom this
learnedclassi er.

We have shavn thatour methodworks successfullyon a dif cult testsetof images
containingside views of cars.We achieve high detectionrateson real-world images
with a high degreeof clutterandocclusion.Ourframevork is easilyextensibleto other
objectsthathave distinguishablgartsin arelatively x edspatialcon guration.

We addressedeveralmethodologicalssueghatareimportantin evaluatingobject
detectionapproacheskFirst, the distinction betweenclassi cation and detectionwas
highlighted,anda generalmethodfor producinga gooddetectorfrom a classi er was
developed.Secondwe discussedheimportanceof specifyingandstandardizingvalu-
ationschemesn objectdetectionexperimentsFinally, we arguedthatobjectdetection
approacheshouldbecomparedisingrecall-precisiorcurvesratherthanmeasuresuch
asROC curvesthatarebiasedn waysthatdependn the systemimplementationSer-
eral of theseissueshave beenaddressedh (different) ad-hocwaysin earlierworks,
which may maskimportantdifferenceshat exist amongapproachesand we believe
thatit is necessaryo includethemasanintegral partof the evaluationprocess.

Our work can be extendedin several directions.The computationalcostsof the
currentapproacharerelatively high; oneway to make it appropriatefor real-timeap-
plicationscanbeto developafast Iter with one-sidecerrorthatcanquickly Iter out
regionsunlikely to containan object,following which our detectorcanbe appliedto
more promisingregions. The systemcan be madescaleinvariantby processingest
imagesat multiple scalesandextendingthe classi er activationmapto incorporateac-
tivationinformationfrom differentscales Orientationinvariancecanalsobe achieved
via an exhaustve approachasin [18]. To avoid increasingcomputationatosts,these
multiple stepscanbe parallelized At thelearninglevel, anaturalextensionis to learnto
detectseveralobjectclassestthe sametime. Learningmultiple classi ersover differ-
entfeaturesandcombininginformationfrom themmayleadto improved performance.
It would alsobeinterestingto formulatea learningproblemthat directly addressethe
problemof detectiorratherthanclassi cation.
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