
Proceedingsof theSeventhEuropeanConferenceonComputerVision,2002.

Learning a SparseRepresentationfor Object Detection

Shivani Agarwal andDanRoth

Departmentof ComputerScience
Universityof Illinois atUrbana-Champaign

Urbana,IL 61801,USA
�

sagarwal,danr � @cs.uiuc.edu

Abstract. We presentanapproachfor learningto detectobjectsin still grayim-
ages,thatis basedonasparse,part-basedrepresentationof objects.A vocabulary
of information-richobjectpartsis automaticallyconstructedfrom a setof sam-
ple imagesof theobjectclassof interest.Imagesarethenrepresentedusingparts
from this vocabulary, alongwith spatialrelationsobserved amongthem.Based
onthisrepresentation,afeature-ef�cient learningalgorithmis usedto learnto de-
tectinstancesof theobjectclass.Theframework developedcanbeappliedto any
objectwith distinguishablepartsin a relatively �x ed spatialcon�guration. We
reportexperimentson imagesof sideviews of cars.Our experimentsshow that
themethodachieveshigh detectionaccuracy on a dif�cult testsetof real-world
images,andis highly robustto partialocclusionandbackgroundvariation.
In addition,we discussandoffer solutionsto severalmethodologicalissuesthat
aresigni�cant for theresearchcommunityto beableto evaluateobjectdetection
approaches.

1 Intr oduction

Thispaperdescribesanapproachfor learningto detectinstancesof objectclassesin im-
ages.Thedevelopmentof reliableobjectdetectionsystemsis importantfor a wide va-
riety of problems,suchasimageclassi�cation,content-basedimageretrieval, tracking
andsurveillance.Muchresearchhasbeendonein thisdirection.However, theproblem
remainsa largelyunsolvedone.

The approachpresentedis basedon the belief that the key to �nding a solution
to this problemlies in �nding theright representation.Speci�cally, we suggestthat in
order to extract high-level, conceptualinformationsuchas the presenceof an object
in an image,it is essentialto transformtheraw, low-level input (in this case,thepixel
grayscalevalues)to a higher-level, more“meaningful” representationthatcansupport
thedetectionprocess.

Onetheoryof biologicalvisionexplainsobjectdetectiononthebasisof decomposi-
tion of objectsinto constituentparts[1–3]. Accordingto this theory, therepresentation
usedby humansfor identifyinganobjectconsistsof thepartsthatconstitutetheobject,
togetherwith structuralrelationsover thesepartsthatde�ne theglobalgeometryof the
object.Sucha representationalsoforms the basisof somecomputationaltheoriesof
objectdetection[4].
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In this paper, we describeanapproachthatusesanautomaticallyacquired,sparse,
part-basedrepresentationof objectsto learna classi�er thatcanbeusedto accurately
detectoccurrencesof a category of objectsin naturalscenes.As shown in our experi-
ments,themethodis highly robustto clutteredbackgroundsandpartialocclusion.

1.1 RelatedWork

Most work that hasusedlearningin objectdetectionhasbeendoneat the pixel level
(e.g.,[5–7]).Herewementionasmallnumberof recentstudiesthathavedeviatedfrom
this,andrelatethemto ourwork.

Several approachesrepresentobjectsusinglow-level features.For example,in [8,
9], theobjectpartsarelocalgroupingsof commonprimitive featuressuchasedgefrag-
ments,while in [10], rectanglefeaturesareusedto capturethepresenceof edges,bars
andothersimplestructures.We believe that theexpressivity of a part-basedrepresen-
tation can be enhancedby consideringdistinctive, higher-level partsthat are rich in
informationcontentandmorespeci�c to theobjectclassof interest.Suchanapproach
hasbeenfollowed in [11], in which separateclassi�ersareusedto detectheads,arms
andlegsof peoplein an image,anda �nal classi�er is thenusedto decidewhetheror
notapersonis present.However, thework in [11] requirestheobjectpartsto bemanu-
ally de�ned andseparatedfor trainingtheindividual partclassi�ers.In orderto build a
systemthatis easilyextensibleto dealwith differentobjects,it is importantthatthepart
selectionprocedurebeautomated.Ourmethodfor automaticallyselectinginformation-
rich partsbuilds on a techniquedescribedin [12], in which interestpointsareusedto
collectdistinctive parts.In [12], a generative probabilisticmodelis learnedover these
parts.Ourmethod,on theotherhand,doesnotneedto assumeany probabilisticmodel;
we simplycollectpartsthatcouldbeof interestandthendirectly learnaclassi�er over
them. In addition, the model learnedin [12] relies on a very small numberof �x ed
parts,makingit potentiallysensitiveto largevariationsacrossimages.By learningover
a largefeaturespace,weareableto learnamoreexpressivemodelthatis robustto such
variations.

We usea feature-ef�cient learningalgorithmthat hasbeenusedin a similar task
in [13]. However, [13] usesa pixel-basedrepresentation,whereasin our approach,
imagesare�rst transformed(automatically)andrepresentedusinga higher-level and
moresparserepresentation.This hasimplicationsboth in termsof detectionaccuracy
androbustness,andin termsof computationalef�ciency: the sparserepresentationof
the imageallows us to performoperations(e.g.,computingrelations)that would be
prohibitive in a pixel-basedrepresentation.

1.2 ProblemSpeci�cation

Weassumesomeobjectclassof interest.Ourgoalis todevelopasystemwhich,givenan
image,candetectinstancesof this objectclassin theimage,andreturntheir locations.
In the processof �nding the locationsof theseobject instances,we also requirethe
systemto be ableto outputthenumberof objectinstancesit �nds in the image.This
mayappearto bea trivial requirementfor anobjectdetectionsystem,but aswediscuss
laterin Section2.4,it imposesanon-trivial conditionthatthesystemmustsatisfy.



3

1.3 Overview of the Approach

Thissectionoutlinesourconceptualapproach,whichconsistsbroadlyof four stages.

1. Vocabulary Construction
The�rst stageconsistsof building a “vocabulary” of partsthatcanbeusedto rep-
resentobjectsin the target class.This is doneautomaticallyby usingan interest
operatorto extract information-richpartsfrom sampleimagesof theobjectof in-
terest.Similarpartsthusobtainedaregroupedtogetherandtreatedasasinglepart.

2. Image Representation
Eachinput imageis transformedandrepresentedin termsof partsfrom thevocab-
ulary obtainedin the �rst stage.This requiresdeterminingwhich partsfrom the
vocabulary are presentin the image;a similarity-basedmeasureis usedfor this
purpose.Eachimageis thenrepresentedasa binary featurevectorbasedon the
vocabularypartspresentin it andthespatialrelationsamongthem.

3. Learninga Classi�er
Givenasetof trainingimageslabeledaspositive (object)or negative (non-object),
eachimageis re-representedasa binary featurevectorasdescribedabove. These
featurevectorsarethenfed asinput to a supervisedlearningalgorithmthat learns
to classifyan imageasa memberor non-memberof the objectclass,with some
associatedcon�dence.As shown in our experiments,thepart-basedrepresentation
capturedby the featurevectorsenablesa relatively simple learningalgorithmto
learnagoodclassi�er.

4. DetectionHypothesisusingtheLearnedClassi�er
The�nal stageconsistsof usingthelearnedclassi�er to form areliabledetector. We
introducethenotionof a classi�er activationmap, which is generatedby applying
the classi�er to variouswindows in a test image.We then presenta methodfor
producingagooddetectionhypothesisusingthisactivationmap.

This framework canbe appliedto any objectthat consistsof distinguishableparts
arrangedin a relatively �x edspatialcon�guration.Our experimentsareperformedon
imagesof sideviewsof cars;therefore,wewill usethisobjectclassasarunningexam-
ple throughoutthepaperto illustratetheideasandtechniqueswe introduce.

Wedescribeeachstageof ourapproachin detailin Section2. Section3 presentsan
evaluationof ourmethod.In thissection,we�rst discussseveralmethodologicalissues,
includingevaluationandperformancemeasurementtechniques,thatareimportantfor
the researchcommunityto be able to evaluateobjectdetectionapproaches.We then
presentour experimentalresults.Section4 concludeswith a summaryand possible
futuredirections.

2 Approach

Thissectiondescribeseachstageof ourapproachin detail.
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Fig.1. Left : A sampleobjectimageusedin thevocabulary constructionstage.Center: Interest
pointsdetectedby theF �orstneroperator. Crossesdenoteintersectionpoints;circlesdenotecenters
of circularpatterns.Right: Patchesextractedaroundtheinterestpoints.

2.1 Vocabulary Construction

To obtainan expressive representationfor the objectclassof interest,we requiredis-
tinctivepartsthatarespeci�c to theobjectclassbut canalsocapturethevariationacross
differentinstancesof theobjectclass.Ourmethodfor automaticallyselectingsuchparts
is basedon theextractionof interestpointsfrom a setof representative imagesof the
targetobject.A similarmethodhasbeenusedin [12].

Interestpointsin animagearepointsthathavehigh informationcontentin termsof
the local changein signal.They have beenusedin a varietyof problemsin computer
vision, includingstereomatching[14], objectrecognitionandimageretrieval [15]. In-
terestpointshave typically beendesignedandusedfor propertiessuchasrotationand
viewpoint invariance,which areusefulin recognizingdifferentviews of thesameob-
ject, andnot for the “perceptual”or “conceptual”quality that is requiredfor reliably
detectingdifferent instancesof an object class.However, by using interestpoints in
conjunctionwith aredundantrepresentationthatis describedbelow, weareableto cap-
tureadegreeof conceptualinvariancethatturnsout to besuf�cient for this task.

We apply the F �orstnerinterestoperator[16,12] to a setof representative images
of theobjectclass.This detectsintersectionpointsof linesandcentersof circularpat-
terns.A vocabularyof representativepartsis thenconstructedby extractingsmallimage
patchesaroundthe interestpointsobtained.The goalof extractinga large vocabulary
from differentinstancesof theobjectclassis to beableto “cover” new objectinstances,
i.e. to beableto representnew instancesusingasubsetof thisvocabulary.

In our experiments,theF �orstneroperatorwasappliedto a setof 50 representative
imagesof cars,each�����	��
�� pixelsin size.Figure1 showsanexampleof thisprocess.
Patchesof size ��
�����
 pixelswereextractedaroundeachsuchinterestpoint,producing
avocabularyof 400partsfrom the50 images.Thisvocabulary is shown in Figure2.

As seenin Figure2, several of the partsextractedby this procedurearevisually
very similar to eachother. To facilitatelearning,it is importantto abstractover these
partsby mappingsimilar partsto the samefeatureid (anddistinct partsto different
featureids). This is achievedvia a bottom-upclusteringprocedure.Initially, eachpart
is assignedto a separatecluster. Similar clustersarethensuccessively mergedtogether
until nosimilarclustersremain.In mergingclusters,thesimilarity betweentwo clusters
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wherethesimilarity betweentwo partsis measuredby normalizedcorrelation,allowing
for smallshiftsof upto2 pixels.Usingthis technique,the400partsweregroupedinto
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Fig.2. Thevocabularyof 400partsextractedby theF �orstnerinterestoperator.

Fig.3. Examplesof theclustersformedaftergroupingsimilarpartstogether.

270clusters.While severalclusterscontainedjustoneelement,partswith highsimilar-
ity weregroupedtogether. Figure3 showssomeof thelargerclustersthatwereformed.
Partsbelongingto thesameclusteraretreatedasa single“conceptual”partby giving
them the samefeatureid; in this way, by using a deliberatelyredundantrepresenta-
tion thatusesseveralsimilar partsto representa singleconceptualpart,we areableto
extracta higher-level, conceptualrepresentationfrom the interestpoints.Experiments
describedin Section3.3show theroleof theclusteringprocedure.

2.2 ImageRepresentation

Having constructedthe part vocabulary above, imagesarenow representedusingthis
vocabulary. This is doneby determiningwhich of the vocabulary partsarepresentin
animage,andrepresentingtheimageasabinaryfeaturevectorbasedonthesedetected
partsandthespatialrelationsthatareobservedamongthem.

Part Detection Searchinga wholeimagefor thepresenceof vocabularypartsis com-
putationallyexpensive. To focusour attentionon the interestingregionsin the image,
theF �orstneroperatoris �rst appliedto theimage,andpatchesaroundtheinterestpoints
foundin theimagearehighlighted.For eachhighlightedpatch,weperformasimilarity-
basedindexing into thepartvocabulary. Eachpatchis comparedto thevocabularyparts
usingthe samesimilarity measureusedearlier for clusteringsimilar partswhencon-
structingthevocabulary. If a suf�ciently similar vocabulary part is found,thepatchin
the imageis representedby the featureid correspondingto that vocabulary part.Fig-
ure4 showsexamplesof thepartdetectionprocess.

Relations over DetectedParts Spatialrelationsamongthe partsdetectedin an im-
agearede�ned in termsof thedistanceanddirectionbetweeneachpair of parts.Sev-
eral earlier approachesto recognitionhave relied on geometricconstraintsbasedon
the distancesandanglesbetweenobjectelements.For example,[17] modelsobjects
aspolyhedraand,giveninput datafrom wich objectpatchescanbeinferred,performs
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Fig.4. Examplesof thepartdetectionprocessappliedto a positive anda negative imageduring
training. Centerimagesshow the patcheshighlightedby the interestoperator;noticehow this
successfullycapturestheinterestingregionsin theimage.Thesehighlightedinterestpatchesare
thenmatchedwith vocabulary parts.In theright images,thehighlightedpatchesarereplacedby
anarbitrarymemberof thepart cluster(if any) matchedby this detectionprocess.Theseparts,
togetherwith thespatialrelationsamongthem,form our representationof theimage.

recognitionby searchingfor interpretationsof the surfacepatcheswhoseinter-patch
distancesandanglesareconsistentwith thosebetweencorrespondingmodelfaces.In
our approach,we do not assumea known modelfor thetargetobjectclass,but attempt
to usetheobjectpartsobservedin objectexamples,togetherwith therelationsobserved
amongthem,to learn a modelor representationfor theobjectclass.Thedistancesand
directionsbetweenpartsin our approacharediscretizedinto bins: in our implementa-
tion, the distancesarede�ned relative to the part sizeandarediscretizedinto 5 bins,
while thedirectionssarediscretizedinto 8 differentranges,eachcoveringanangleof


�-�. . However, by consideringthepartsin a �x ed orderacrossthe image,the number
of directionbins that needto be representedis reducedto 4. This gives20 possible
relations(i.e. distance-directioncombinations)betweenany two parts.

The �������/
�� trainingimages(andlater, �������/
�� windows in testimages)thatare
convertedto featurevectorshaveaverysmallnumberof partsactuallypresentin them:
onaverage,apositivewindow contains6-8parts,while anegativeonecontainsaround
2-4. Therefore,the costof computingrelationsbetweenall pairsof detectedpartsis
negligible oncethepartshavebeendetected.

FeatureVector Each �����0�1
�� trainingimage(andlater, each�2���0�1
�� window in the
testimages)is representedasa featurevectorcontainingfeatureelementsof two types:

(i) 3�4+576

8 , denotingthe 9 th occurrenceof a partof type : in theimage( ��;<:=;?>�@A� in
ourexperiments;each: correspondsto a particularpartcluster)

(ii) BC4EDF6
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� 1, denotingthe I th occurrenceof relation B

G betweenapartof type
:

�

anda partof type :

�

in the image( �J;LKM;N>O� in our implementation;each
B

G correspondsto aparticulardistance-directioncombination)

Thesearebinaryfeatures(eachindicatingwhetheror notapartor relationoccursin the
image),eachrepresentedby a uniqueidenti�er. There-representationof theimageis a
list of theidenti�ers correspondingto thefeaturesthatareactive(present)in theimage.

1 In the implementation,a part featureof the form PRQTSVU

W is representedby a uniquefeatureid,
whichis anintegerdeterminedasafunctionof X and Y . Similarly, arelationfeatureof theform
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W
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W

'a` is assigneda uniquefeatureid thatis a functionof b , Xdc , Xfe andg .
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2.3 Learning a Classi�er

Usingtheabovefeaturevectorrepresentation,aclassi�er is trainedto classifya �����h��
��

imageascaror non-car. Weusedatrainingsetof 1000labeledimages(500positiveand
500negative), each �����/�i
�� pixels in size.The imageswereacquiredfrom different
sources:partly from theWorld Wide Web,partly with a camera,andpartly by taking
video sequencesof cars in motion and processingthe digitized video with a frame
grabber. After croppingandscalingto the requiredsize,histogramequalizationwas
performedon all imagesto reducesensitivity to changesin illumination conditions.
The positive examplescontainimagesof different kinds of carsagainst a variety of
backgrounds,and include imagesof partially occludedcars.The negative examples
includeimagesof naturalscenes,buildingsandroadviews.Notethatour trainingsetis
relatively smallandall imagesin our datasetarenatural;no synthetictrainingimages
areusedto simplify thelearningproblem,ashasbeendone,for example,in [13,18].

Eachof thesetrainingimagesis convertedinto a featurevectorasdescribedin Sec-
tion 2.2. Note that the potentialnumberof featuresin any vector is very large, since
thereare270differenttypesof partsthatmaybepresent,20possiblerelationsbetween
eachpossiblepair of parts,andseveral of the partsandrelationsmay potentiallybe
repeated.However, in any single image,only a very small numberof thesepossible
featuresis actuallyactive. Taking advantageof this sparsenessproperty, we train our
classi�er usingtheSparseNetwork of Winnows(SNoW)learningarchitecture[19,20],
which is especiallywell-suitedfor suchsparsefeaturerepresentations.2 SNoWlearns
a linear function over the featurespaceusinga feature-ef�cient variationof the Win-
now learningalgorithm;it allows input vectorsto specifyonly active features,andits
samplecomplexity grows linearly with thenumberof relevant featuresandonly loga-
rithmically with thetotalnumberof potentialfeatures.A separatefunctionis learntover
this commonfeaturespacefor eachtarget classin the classi�cation task.In our task,
featurevectorsobtainedfrom objecttrainingimagesaretakenaspositiveexamplesfor
theobjectclassandnegativeexamplesfor thenon-objectclass,andvice-versa.Givena
new inputvector, thelearnedfunctioncorrespondingto eachclassoutputsanactivation
value,whichis thedotproductof theinputvectorwith thelearnedweightvector, passed
througha sigmoidfunction to lie between0 and1. Classi�cationthentakesplacevia
a winner-take-all decisionbasedon theseactivations(i.e. theclasswith thehighestac-
tivationwins).Theactivationlevelshave alsobeenshown to provide a robustmeasure
of con�dence;we usethis propertyin the�nal stageasdescribedin Section2.4below.
Using this learningalgorithm,therepresentationlearnedfor anobjectclassis a linear
thresholdfunctionover thefeaturespace,i.e.over thepartandrelationfeatures.

2.4 DetectionHypothesisUsing the LearnedClassi�er

Having learneda classi�er3 thatcanclassify �����/�j
�� imagesaspositive or negative,
carscanbe detectedin an imageby moving a �����k�l
�� window over the imageand
classifyingeachsuchwindow aspositive or negative. However thereis oneissuethat
needsto beresolvedin doingthis.

2 Softwarefor SNoWis freelyavailableathttp://L2R.cs.uiuc.edu/˜cogcom p/
3 TheSNoWparameterswe usedto train theclassi�er were1.25,0.8,4.0 and1.0 respectively

for thepromotionanddemotionrates,thethresholdandthedefaultweight.
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It is clear that in the vicinity of an object in the image,several windows will be
classi�edaspositive,giving riseto multipledetectionscorrespondingto asingleobject
in thescene.Thequestionthatarisesis how thesystemshouldbeevaluatedin thepres-
enceof thesemultiple detections.In muchpreviouswork in objectdetection,multiple
detectionsoutputby the systemareall consideredto be correctdetections(provided
they satisfy the criteria for a correctdetection;this is discussedlater in Section3.1).
However, goingbackto the requirementsspeci�ed in Section1.2,sucha systemfails
not only to locatetheobjectsin theimage,but alsoto form a correcthypothesisabout
thenumberof objectinstancespresentin the image.Thereforein usinga classi�er to
performdetection,it is necessaryto haveanotherprocessingstep,abovethelevel of the
classi�er output,to producea coherentdetectionhypothesis.

A few studieshave attemptedto developsucha processingstep.[10] usesa simple
strategy: detectedwindows arepartitionedinto disjoint (non-overlapping)groups,and
eachgroupgivesa singledetection.While this maybe suitablefor the facedetection
databaseusedthere,in general,imposingazero-overlapconstraintondetectedwindows
maybetoostrongacondition.

As a moregeneralsolutionto this problem,we introducethenotionof a classi�er
activationmap(CAM), whichcanbegeneratedfrom any classi�er thatcanproducean
activationor con�dencevaluein additionto a binaryclassi�cationoutput.Givena test
image,a �����m��
�� window is movedover theimageandthelearnedclassi�er is applied
to eachsuchwindow (representedasafeaturevector)in theimage.However, insteadof
usingthebinaryclassi�cationoutputof theclassi�er, we take advantageof theactiva-
tion valuesit produces.Negatively classi�ed windows aremappedto a zeroactivation
value.Windows classi�ed aspositive aremappedto theactivationvalueproducedby
theclassi�er. Thisproducesamapwith highactivationvaluesatpointswheretheclassi-
�er hasahighcon�dencein its positiveclassi�cation.Ouralgorithmanalyzesthismap
and�nds the peaksat which the activation is highestin someneighbourhood,giving
thedesiredlocationsof thetargetobject.Differentneighbourhoodscanbeusedfor this
purpose.Our algorithmsearchesfor activationpeaksin a rectangularneighbourhood,
de�ned by two parametershNbhdandwNbhd, so thata point �n9po

�

I�o

�

is consideredto
beanobjectlocationif

(i) activation�n9qo

�

I�o

�sr

activation�n9

�

I

�

for all �n9

�

I

�stju

, where
uv�xw

�n9

�

I

�sy

,

9hzl9{o

,

; hNbhd
�

,

I�zjI�o

,

; wNbhd| , and
(ii) no otherpoint in

u

hasalreadybeendeclaredanobjectlocation(themapis ana-
lyzedin row-wiseorder).

The neighbourhoodsizedeterminesthe extentof overlapthat is allowed betweende-
tectedwindows, andcanbe chosenappropriatelydependingon the object classand
window size.In ourexperiments,we usedhNbhd= 40pixels,wNbhd= 35pixels.

Thereis a trade-off betweenthenumberof correctdetectionsandnumberof false
detections.An activationthresholdis introducedin thealgorithmto determinewhereto
lie on this trade-off curve.All activationsin theCAM that fall below thethresholdare
setto zero.Lowering the thresholdincreasesthe correctdetectionsbut alsoincreases
thefalsepositives;raisingthethresholdhastheoppositeeffect.Figure5 showsathresh-
oldedCAM generatedfrom asampletestimage,andtheassociateddetectionresult.



9

Fig.5.Thecenterimageshowstheclassi�eractivationmap(CAM) generatedfrom thetestimage
on theleft usinganactivationthresholdof 0.85:all activationsbelow 0.85have beensetto zero.
Theactivationsin themaphave beenscaledby 255to producetheimage;thebright white peak
correspondsto the highestactivation,producingthe detectionresultshown in the right image.
Themethodpreventsthesystemfrom producingmultipledetectionsfor a singleobject.

3 Evaluation

To evaluatetheperformanceof thesystem,we collecteda setof 170 testimagescon-
taining 200 carsin all. Theseareall distinct from the training set.The imageswere
acquiredin thesameway asthetraining images.They areof differentresolutionsand
includeinstancesof partially occludedcars,carsthathave low contrastwith theback-
ground,andimageswith highly texturedbackgrounds.

Before presentingour results,we discusssomeimportantmethodologicalissues
relatedto evaluationandperformancemeasurementmethodsin objectdetection.

3.1 Evaluation Scheme

Pastwork onobjectdetectionhasoftenemphasizedtheneedfor standardizeddatasets
to allow afair comparisonof differentmethods.Althoughseveralstudieshavereported
resultson commondatasets,it is oftennot clearhow theperformanceof thedifferent
methodshasbeenevaluatedon thesedatasets.Problemssuchasimageclassi�cation
have a naturallyde�ned evaluationcriterionassociatedwith them.However, in object
detection,thereis no suchnaturalcriterion:correctdetectionsandfalsedetectionscan
bede�ned in differentwayswhich maygive riseto differentresults.To ensurethatthe
comparisonbetweendifferentmethodsis truly fair, it is essentialthat thesameevalu-
ationschemebeused.Thereforein additionto standarddatasetsfor objectdetection,
wealsoneedappropriatestandardizedevaluationschemesto beassociatedwith them.

Wedescribein detailheretheschemeusedto evaluatetheaccuracy of oursystem.4

For eachcar in the testimages,we manuallydeterminedthe location( 9 true, I true)
of thebest �������}
�� window containingthecar. For a location( 9 det, I det) outputby the
detectorto beconsideredacorrectdetection,werequirethreeconditionsto besatis�ed:

(i)
,

9 true z~9 det
,

;&• height,
(ii)

,

I true zjI det
,

;&• width, and
(iii) thewindowsat thedetectedandtruelocationshaveanoverlapof at least € area.

4 Both thedatasetwehave usedandtheevaluationroutineareavailableat
http://L2R.cs.uiuc.edu/˜cogco mp/ .
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The parameters• height, • width and € areaare chosenappropriatelydependingon the
targetobjectclassandwindow size,suchthat theseconditionstogetherensurethatno
falsedetectionis countedasacorrectdetection.In ourexperiments,weused• height

�

�a
 pixels, • width
�

>�• pixelsand € area
�

-A�ƒ‚ .
In addition,if two or moredetectedwindows satisfytheseconditionsfor thesame

object location,only one is considereda correctdetection;the othersarecountedas
falsepositives.(SeeSection2.4for discussion.)

3.2 Measuring Performance

In measuringtheaccuracy of adetectionsystem,thetwoquantitiesof interestareclearly
thecorrectdetectionswhichwewishto maximize,andthefalsedetectionsthatwewish
to minimize.Differentmethodsfor reportingandinterpretingresultspresentthis trade-
off in differentways,andagainit is necessaryto identify asuitablemethodthatcaptures
thetrade-off correctlyin thecontext of theobjectdetectionproblem.

Onemethodfor expressingthis trade-off is theReceiver OperatingCharacteristics
(ROC) curve.Thisplotsthepositivedetectionratevs. thefalsedetectionrate,where

PositiveDetectionRate
� Numberof correctpositives

Total numberof positivesin dataset
(1)

FalseDetectionRate
� Numberof falsepositives

Total numberof negativesin dataset
(2)

However, notethat in theproblemof objectdetection,the numberof negativesin the
dataset(requiredin (2) above) is not well-de�ned. The numberof negative windows
evaluatedby thedetectionsystemhascommonlybeenusedfor this purpose.However,
therearetwo problemswith this approach.The�rst is that this measurestheaccuracy
of thesystemasa classi�er, not asa detector. Sincethenumberof negative windows
is typically very largecomparedto thenumberof positivewindows, this allowsa large
one-sidederror:a largeabsolutenumberof falsedetectionsappearsto besmallunder
thismeasure.Thesecondandmorefundamentalproblemis thatthenumberof negative
windows evaluatedis not a propertyof the input to theproblem,but rathera property
internalto theimplementationof thedetectionsystem.

When a detectionsystemis put into practice,we are interestedin knowing how
many of the objectsit detects,andhow often the detectionsit makesare false.This
trade-off is capturedmoreaccuratelyby avariationof therecall-precisioncurve,where

Recall
� Numberof correctpositives

Total numberof positivesin dataset
�

�

PositiveDetectionRateabove
�

(3)

Precision
� Numberof correctpositives

Numberof correctpositives+ Numberof falsepositives
(4)

The�rst quantityof interest,namelytheproportionof objectsthataredetected,is given
by the recall. The secondquantityof interest,namelythe numberof falsedetections
relative to thetotal numberof detectionsmadeby thesystem,is givenby

1 z Precision
� Numberof falsepositives

Numberof correctpositives+ Numberof falsepositives
(5)

Plottingrecall vs. (1 z precision) thereforeexpressesthedesiredtrade-off.
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Fig.6. Left: Recall-precisioncurveshowing theperformanceof ourcardetectionsystem.Right:
ROC curve showing the sameresults.(Important:notethat the X-axis scalesin the two curves
aredifferent;the X-axis valuesin the ROC curve aremuchsmallerthanin the recall-precision
curve.) SeeSection3.2 for de�nitions of the differentparametersanda discussionof why the
recall-precisioncurve is a moreappropriatemethodfor expressingobjectdetectionresults.

3.3 Results

Weappliedourdetectorto thetestset(describedearlier)of 170imagescontaining200
cars.To reducecomputationalcosts,the �����h��
�� window wasmovedin stepsof size5%
of thewindow sizein eachdimension,i.e. stepsof 5 pixelsand2 pixelsrespectively in
thehorizontalandverticaldirectionsin ourexperiments.In all, 147,802windowswere
evaluatedby thesystem,of whichapproximately112,000werenegative.

Following the discussionin Section3.2, we presentour resultsasrecall vs. (1 z

precision) in Figure6. The differentpointson the curve areobtainedby varying the
activationthresholdparameterasdescribedin Section2.4.We alsocalculatetheROC
curveashasbeendonebefore(usingthenumberof negativewindowsevaluatedby the
systemasthetotalnumberof negatives)for comparison;this is alsoshown in Figure6.

Table 1 shows somesamplepoints from the recall-precisioncurve of Figure 6.
Again, for comparison,we also show the falsedetectionrateat eachpoint asdeter-
minedby theROCcurve.Trainingover1000imagestakeslessthanhalf anhourin our
implementation.Theaveragetime to testa >O�O�}�~��-O� imageis 8 seconds.

Activation No. of correct Recall No. of false PrecisionFalsedetection
thr eshold detections, N „

eH…\…

detections, M „

„‡†)ˆ

rate, ˆ

c\cHe{…\…q…

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%

Table1. Accuracy of ourcardetectionsystemon thetestsetcontaining200cars.
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Fig.7. (a) Comparisonwith baselinemethods.Thepoorperformanceof thebaselinemethodsis
anindicatorof thedif�culty level of our testset.In addition,thepoorperformanceof thepixel-
baseddetectorthatusesthesamelearningprocedureasours,anddiffersonly in therepresentation
scheme,shows the importanceof choosinga goodrepresentation.(b) Contributionsof different
elementsof ourmethodto theoverall performance.Both thepartclusteringstepandtherelation
featureshavesigni�cant contributionsto theeffectivenessof our representation.(Important:note
thattheX-axis rangein this graphis [0,0.5] for clarity.)

As baselinesfor comparison,weimplementedaSNoW-baseddetectorusingsimply
pixel intensitiesasfeatures,anda nearest-neighbourbaseddetectorthat usesthe nor-
malizedcorrelationbetweentestwindows andtraining imagesasthe similarity mea-
sure.The CAM for the SNoW-basedmethodwascomputedasbefore,usingSNoW
activations.In thecaseof nearest-neighbour, theclassi�er activationfor a testwindow
wastakento bethecorrelationof thewindow with thenearesttrainingimage.There-
sultsareshown in Figure7(a).5 The poor performanceof the baselinedetectorsis an
indicatorof the dif�culty level of our testset: for the COIL objectdatabase,nearest-
neighbourgivesabove 95%recognitionaccuracy, while on thefaceimagedatabasein
[13], thepixel-basedSNoWmethodachievesabove94%detectionaccuracy.

To gainabetterunderstandingof thedifferentfactorscontributing to thesuccessof
our approach,we conductedexperimentsin which we eliminatedcertainstepsof our
method.The resultsof theseexperimentsareshown in Figure7(b). In the �rst exper-
iment, we eliminatedthe part clusteringstepwhenconstructingthe part vocabulary,
assigningadifferentfeatureid to eachof the400parts.Thisresultedin asigni�cant de-
creasein performance,con�rming our intuition thatrepresentingsimilar partsasa sin-
gle conceptual-level part is importantfor the learningalgorithmto generalizewell. In
thesecondexperiment,we retainedtheclusteringstep,but did not usetherelationfea-
tures,representingtheimagessimply by thepartspresentin them.Again, this showed
adecreasein performance,suggestingthatimportantinformationis capturedby there-
lations.Finally, in thethird experiment,we eliminatedboththeclusteringstepandthe

5 The pixel-basedmethodhasextremelyhigh computationalandspacecosts.Thereforein all
experimentsshown in Figure7(a),the100 ‰ 40window wasshiftedover theimagesin larger
stepsof 10 and4 pixels respectively in the horizontalandvertical directions,with hNbhd=
wNbhd= 40pixels(seeSection2.4).
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Fig.8. Examplesof testimageson which our systemachievedperfectdetectionresults.An acti-
vationthresholdof 0.9wasused.Thewindowsaredrawn by a separateevaluatorprogramat the
exact locationsoutputby thesystem(seeSection2.4).Also seeFigure9.

relationfeatures.In thiscasethedecreasein performancewasnotsigni�cant relative to
the �rst experiment,in which only clusterswereeliminated.This canbeexplainedon
thebasisthat,whenthepartsareall consideredto bedistinct,thealgorithmseesmany
differentpartsin thetrainingset,andthereforetherelationfeaturesde�ned over them
arealsodifferent;asa result,in this casetherelationsdonothelpin generalizing.

Wealsotestedtheintuition thatasmallnumberof partsshouldsuf�ce for successful
detectionby ignoring all one-partclustersin the vocabulary. However, this decreased
theperformance,suggestingthatthesmallclustersalsoplayanimportantrole.

Figures8 and9 show theoutputof ourdetectoronsomesampletestimages.

4 Conclusionsand Futur eWork
We have presentedanapproachfor learninga sparse,part-basedrepresentationfor ob-
ject detection.Expressive featuresareacquiredautomaticallyandcaptureinformation
aboutthepartsin animageandthespatialrelationsamongthem.An ef�cient learning
algorithmover this featurespacethenlearnsa goodclassi�er from a smalltrainingset.
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Fig.9.Examplesof testimagesonwhichoursystemmissedsomeof theobjectsor producedfalse
detections(usingthe sameactivation thresholdasin Figure8). The evaluatorprogramdraws a
window ateach locationoutputby thedetector;fully drawnwindowsrepresentcorrectdetections,
while brokenwindows representfalsepositives.

Thenotionof aclassi�er activationmapis introducedto form agooddetectorfrom this
learnedclassi�er.

We haveshown thatour methodworkssuccessfullyon a dif�cult testsetof images
containingsideviews of cars.We achieve high detectionrateson real-world images
with ahighdegreeof clutterandocclusion.Our framework is easilyextensibleto other
objectsthathavedistinguishablepartsin a relatively �x edspatialcon�guration.

We addressedseveralmethodologicalissuesthatareimportantin evaluatingobject
detectionapproaches.First, the distinction betweenclassi�cation and detectionwas
highlighted,anda generalmethodfor producinga gooddetectorfrom a classi�er was
developed.Second,wediscussedtheimportanceof specifyingandstandardizingevalu-
ationschemesin objectdetectionexperiments.Finally, we arguedthatobjectdetection
approachesshouldbecomparedusingrecall-precisioncurvesratherthanmeasuressuch
asROCcurvesthatarebiasedin waysthatdependon thesystemimplementation.Sev-
eral of theseissueshave beenaddressedin (different)ad-hocways in earlierworks,
which may maskimportantdifferencesthat exist amongapproaches,andwe believe
thatit is necessaryto includethemasanintegral partof theevaluationprocess.

Our work can be extendedin several directions.The computationalcostsof the
currentapproacharerelatively high; oneway to make it appropriatefor real-timeap-
plicationscanbeto developa fast�lter with one-sidederror thatcanquickly �lter out
regionsunlikely to containan object,following which our detectorcanbe appliedto
more promisingregions.The systemcan be madescaleinvariant by processingtest
imagesatmultiplescales,andextendingtheclassi�er activationmapto incorporateac-
tivation informationfrom differentscales.Orientationinvariancecanalsobeachieved
via an exhaustive approachasin [18]. To avoid increasingcomputationalcosts,these
multiplestepscanbeparallelized.At thelearninglevel,anaturalextensionis to learnto
detectseveralobjectclassesat thesametime.Learningmultiple classi�ersover differ-
entfeaturesandcombininginformationfrom themmayleadto improvedperformance.
It would alsobeinterestingto formulatea learningproblemthatdirectly addressesthe
problemof detectionratherthanclassi�cation.
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