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Abstract

This paperdescribesa visual objectdetectionframework that is capableof processingimagesextremely

rapidly whileachieving high detectionrates.There are threekey contributions.The�r st is theintroduction

of a new image representationcalled the“Integral Image” which allowsthefeaturesusedby our detector

to becomputedveryquickly. Thesecondis a learningalgorithm,basedonAdaBoost,which selectsa small

numberof critical visual featuresand yieldsextremelyef�cient classi�ers [6]. Thethird contribution is a

methodfor combiningclassi�ers in a “cascade” which allowsbackgroundregionsof theimageto bequickly

discardedwhile spendingmore computationon promisingobject-like regions. A setof experimentsin the

domainof facedetectionarepresented.Thesystemyieldsfacedetectionperformacecomparableto thebest

previoussystems[18, 13, 16,12, 1]. Implementedon a conventionaldesktop,facedetectionproceedsat 15

framespersecond.

1. Intr oduction

This paperbringstogethernew algorithmsandinsightsto constructa framework for robustandextremely

rapid object detection. This framework is demonstratedon, and in part motivatedby, the task of face

detection.Towardthisendwehaveconstructedafrontalfacedetectionsystemwhichachievesdetectionand

falsepositive rateswhichareequivalentto thebestpublishedresults[18, 13, 16,12, 1]. This facedetection

systemis mostclearlydistinguishedfrom previousapproachesin its ability to detectfacesextremelyrapidly.

Operatingon 384 by 288 pixel images,facesaredetectedat 15 framesper secondon a conventional700
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MHz Intel PentiumIII. In otherfacedetectionsystems,auxiliary information,suchasimagedifferencesin

video sequences,or pixel color in color images,have beenusedto achieve high framerates. Our system

achieveshigh frameratesworking only with the informationpresentin a singlegrey scaleimage. These

alternative sourcesof informationcanalsobeintegratedwith oursystemto achieveevenhigherframerates.

Therearethreemaincontributionsof our objectdetectionframework. We will introduceeachof these

ideasbrie�y below andthendescribethemin detail in subsequentsections.

The �rst contribution of this paperis a new imagerepresentationcalledan integral image that allows

for very fastfeatureevaluation.Motivatedin partby thework of Papageorgiou et al. our detectionsystem

doesnot work directly with imageintensities[10]. Like theseauthorswe usea setof featureswhich are

reminiscentof HaarBasisfunctions(thoughwe will alsouserelated�lters which aremorecomplex than

Haar�lters). In orderto computethesefeaturesvery rapidly at many scaleswe introducethe integral im-

agerepresentationfor images(theintegral imageis verysimilar to thesummedareatableusedin computer

graphics[3] for texturemapping).The integral imagecanbecomputedfrom animageusinga few opera-

tionsperpixel. Oncecomputed,any oneof theseHarr-like featurescanbecomputedatany scaleor location

in constanttime.

Thesecondcontributionof thispaperis amethodfor constructingaclassi�erby selectingasmallnumber

of importantfeaturesusingAdaBoost[6]. Within any imagesub-window the total numberof Harr-like

featuresis very large,far largerthanthenumberof pixels. In orderto ensurefastclassi�cation,thelearning

processmustexcludea largemajorityof theavailablefeatures,andfocuson asmallsetof critical features.

Motivatedby thework of TieuandViola, featureselectionis achievedthroughasimplemodi�cation of the

AdaBoostprocedure:theweaklearneris constrainedso that eachweakclassi�er returnedcandependon

only asinglefeature[2]. As aresulteachstageof theboostingprocess,whichselectsanew weakclassi�er,

canbeviewedasa featureselectionprocess.AdaBoostprovidesaneffective learningalgorithmandstrong

boundson generalizationperformance[14, 9, 10].

Thethird majorcontribution of this paperis a methodfor combiningsuccessively morecomplex classi-

�ers in a cascadestructurewhichdramaticallyincreasesthespeedof thedetectorby focussingattentionon

promisingregionsof theimage.Thenotionbehindfocusof attentionapproachesis thatit is oftenpossibleto

rapidlydeterminewherein animageanobjectmightoccur[19, 8, 1]. Morecomplex processingis reserved

only for thesepromisingregions. Thekey measureof suchanapproachis the“f alsenegative” rateof the

attentionalprocess.It mustbethecasethatall, or almostall, objectinstancesareselectedby theattentional

�lter .

Wewill describeaprocessfor traininganextremelysimpleandef�cient classi�erwhichcanbeusedasa

“supervised”focusof attentionoperator. Thetermsupervisedrefersto thefact thattheattentionaloperator

is trainedto detectexamplesof a particularclass.In thedomainof facedetectionit is possibleto achieve

fewer than1%falsenegativesand40%falsepositivesusingaclassi�erwhichcanbeevaluatedin 20simple

operations(approximately60 microprocessorinstructions).Theeffect of this �lter is to reduceby over one
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half thenumberof locationswherethe�nal detectormustbeevaluated.

Thosesub-windows which arenot rejectedby theinitial classi�er areprocessedby a sequenceof classi-

�ers, eachslightlymorecomplex thanthelast. If any classi�er rejectsthesub-window, nofurtherprocessing

is performed.Thestructureof thecascadeddetectionprocessis essentiallythatof adegeneratedecisiontree,

andassuchis relatedto thework of Amit andGeman[1].

Thecompletefacedetectioncascadehas32 classi�ers,which total over80,000operations.Nevertheless

thecascadestructureresultsin extremelyrapidaveragedetectiontimes. On a dif�cult dataset,containing

507facesand75 million sub-windows, facesaredetectedusinganaverageof 270microprocessorinstruc-

tions per sub-window. In comparison,this systemis about15 timesfasterthanan implementationof the

detectionsystemconstructedby Rowley etal.1 [13]

An extremelyfastfacedetectorwill have broadpracticalapplications.Theseincludeuserinterfaces,im-

agedatabases,andteleconferencing.This increasein speedwill enablereal-timefacedetectionapplications

onsystemswherethey werepreviouslyinfeasible.In applicationswhererapidframe-ratesarenotnecessary,

our systemwill allow for signi�cant additionalpost-processingandanalysis.In additionoursystemcanbe

implementedon a wide rangeof small low power devices,includinghand-heldsandembeddedprocessors.

In our lab we have implementedthis facedetectoron theCompaqiPaqhandheldandhave achieveddetec-

tion at two framesper second(this device hasa low power 200 mips Strong Arm processorwhich lacks

�oating pointhardware).

1.1 Overview

The remainingsectionsof the paperwill discussthe implementationof the detector, relatedtheory, and

experiments.Section2 will detail the form of the featuresaswell asa new schemefor computingthem

rapidly. Section3 will discussthemethodin which thesefeaturesarecombinedto form a classi�er. The

machinelearningmethodused,a variantof AdaBoost,alsoactsasa featureselectionmechanism.While

theclassi�ersthatareconstructedin thiswayhavegoodcomputationalandclassi�cationperformance,they

arefar too slow for a real-timeclassi�er. Section4 will describea methodfor constructinga cascadeof

classi�erswhich togetheryield anextremelyreliableandef�cient objectdetector. Section5 will describea

numberof experimentalresults,includinga detaileddescriptionof our experimentalmethodology. Finally

Section6 containsadiscussionof this systemandits relationshipto relatedsystems.

1Henry Rowley very graciouslysuppliedus with implementationsof his detectionsystemfor direct comparison.Reported
resultsare againsthis fastestsystem. It is dif�cult to determinefrom the publishedliterature,but the Rowley-Baluja-Kanade
detectoris widely consideredthefastestdetectionsystemandhasbeenheavily testedon real-world problems.
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Figure1: Examplerectanglefeaturesshown relative to the enclosingdetectionwindow. The sumof the
pixels which lie within the white rectanglesaresubtractedfrom the sumof pixels in the grey rectangles.
Two-rectanglefeaturesareshown in (A) and (B). Figure (C) shows a three-rectanglefeature,and (D) a
four-rectanglefeature.

2 Features

Our objectdetectionprocedureclassi�es imagesbasedon the valueof simple features.Therearemany

motivationsfor usingfeaturesratherthanthepixelsdirectly. Themostcommonreasonis thatfeaturescan

actto encodead-hocdomainknowledgethatis dif�cult to learnusinga �nite quantityof trainingdata.For

this systemthereis alsoa secondcritical motivation for features:the feature-basedsystemoperatesmuch

fasterthanapixel-basedsystem.

Thesimplefeaturesusedarereminiscentof Haarbasisfunctionswhichhave beenusedby Papageorgiou

et al. [10]. More speci�cally, we usethreekinds of features.The valueof a two-rectanglefeature is the

differencebetweenthesumof thepixelswithin two rectangularregions.Theregionshavethesamesizeand

shapeandarehorizontallyor verticallyadjacent(seeFigure1). A three-rectanglefeature computesthesum

within two outsiderectanglessubtractedfrom thesumin acenterrectangle.Finally a four-rectanglefeature

computesthedifferencebetweendiagonalpairsof rectangles.

Given that the baseresolutionof thedetectoris 24x24,the exhaustive setof rectanglefeaturesis quite

large,45,396. Notethatunlike theHaarbasis,thesetof rectanglefeaturesis overcomplete2.

2.1 Integral Image

Rectanglefeaturescanbecomputedvery rapidly usinganintermediaterepresentationfor theimagewhich

we call theintegral image.3 Theintegral imageat location �
��� containsthesumof thepixelsabove andto

2A completebasishasno lineardependencebetweenbasiselementsandhasthesamenumberof elementsastheimagespace,
in thiscase576.Thefull setof 45,396thousandfeaturesis many timesover-complete.

3Thereis acloserelationto “summedareatables”asusedin graphics[3]. Wechooseadifferentnameherein orderto emphasize
its usefor theanalysisof images,ratherthanfor texturemapping.
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Figure2: Thevalueof theintegral imageat point
�

�
����� is thesumof all thepixelsabove andto theleft.
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(where �

�

�
����� is the cumulative row sum, �

�

� �$�%���&	(' , and

� �

�

�%� �����)	(' ) the integral imagecanbe

computedin onepassover theoriginal image.

Using the integral imageany rectangularsumcanbe computedin four arrayreferences(seeFigure3).

Clearly thedifferencebetweentwo rectangularsumscanbecomputedin eight references.Sincethe two-

rectanglefeaturesde�ned above involve adjacentrectangularsumsthey canbecomputedin six arrayrefer-

ences,eightin thecaseof thethree-rectanglefeatures,andninefor four-rectanglefeatures.

Onealternative motivationfor the integral imagecomesfrom the“boxlets” work of Simard,et al. [17].

The authorspoint out that in the caseof linear operations(e.g. *,+�- ), any invertible linear operationcan

be appliedto * or - if its inverseis appliedto the result. For examplein the caseof convolution, if the

derivative operatoris appliedbothto theimageandthekerneltheresultmustthenbedoubleintegrated:

*)./-

	102043

*

�

./-

�6587

Theauthorsgo on to show thatconvolution canbesigni�cantly acceleratedif thederivativesof * and - are
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Figure3: Thesumof thepixelswithin rectangle� canbecomputedwith four arrayreferences.Thevalue
of theintegral imageat location1 is thesumof thepixelsin rectangle� . Thevalueat location2 is �

��� ,
at location3 is �

��� , andat location4 is �

��� ��� �

� . The sumwithin � canbe computedas
�

� � �
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sparse(or canbemadeso). A similar insight is thataninvertible linearoperationcanbeappliedto * if its

inverseis appliedto - :
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Viewedin thisframework computationof therectanglesumcanbeexpressedasadotproduct,

�

+�� , where�

is theimageand � is thebox car image(with value1 within therectangleof interestand0 outside).This

operationcanberewritten �

+��

	

�

0 0

�

�

+��

� �

7

Theintegral imageis in factthedoubleintegralof theimage(�rst alongrowsandthenalongcolumns).The

secondderivative of therectangle(�rst in row andthenin column)yieldsfour deltafunctionsat thecorners

of therectangle.Evaluationof theseconddotproductis accomplishedwith four arrayaccesses.

2.2 Feature Discussion

Rectanglefeaturesaresomewhatprimitive whencomparedwith alternativessuchassteerable�lters [5, 7].

Steerable�lters, andtheirrelatives,areexcellentfor thedetailedanalysisof boundaries,imagecompression,

and texture analysis. In contrastrectanglefeatures,while sensitive to the presenceof edges,bars,and

othersimple imagestructure,arequite coarse.Unlike steerable�lters the only orientationsavailableare

verticalandhorizontal. It appearsasthoughthesetof rectanglefeaturesdo however provide a rich image

representationwhichsupportseffective learning.Theextremecomputationalef�ciency of rectanglefeatures

providesamplecompensationfor their limited �e xibility.
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In order to appreciatethe computationaladvantageof the integral imagetechnique,considera more

conventionalapproachin which a pyramid of imagesis computed. Like mostobjectdetectionsystems,

our detectorscansthe input at many scales;startingat the basescalein which objectsaredetectedat a

size of 24x24 pixels, the imageis scannedat 11 scaleseacha factor of 1.25 larger than the last. The

conventionalapproachis to computea pyramid of 11 images,each1.25 timessmallerthanthe previous

image. A �x ed scaledetectoris thenscannedacrosseachof theseimages.Computationof the pyramid,

while straightforward, requiressigni�cant time. Implementedon conventionalhardware it is extremely

dif�cult to computeapyramidat15 framespersecond4.

In contrastwe have de�ned a meaningfulsetof features,which have the propertythat a singlefeature

canbeevaluatedatany scaleandlocationin a few operations.Wewill show in Section4 thateffective face

detectorscanbeconstructedwith aslittle astwo rectanglefeatures.Giventhecomputationalef�ciency of

thesefeatures,thefacedetectionprocesscanbecompletedfor anentireimageat every scaleat 15 frames

persecond,lesstime thanis requiredto evaluatethe11 level imagepyramidalone.Any procedurewhich

requiresapyramidof this typewill necessarilyrunslower thanourdetector.

3 Learning Classi�cation Functions

Given a featureset anda training setof positive andnegative images,any numberof machinelearning

approachescould be usedto learna classi�cation function. SungandPoggiousea mixture of Gaussian

model[18]. Rowley, Baluja,andKanadeuseasmallsetof simpleimagefeaturesandaneuralnetwork [13].

Osuna,etal. usedasupportvectormachine[9]. More recentlyRothetal. haveproposedanew andunusual

imagerepresentationandhave usedtheWinnow learningprocedure[12].

Recall that thereare45,396rectanglefeaturesassociatedwith eachimagesub-window, a numberfar

largerthanthenumberof pixels.Eventhougheachfeaturecanbecomputedveryef�ciently, computingthe

completesetis prohibitively expensive. Our hypothesis,which is borneout by experiment,is that a very

smallnumberof thesefeaturescanbecombinedto form aneffectiveclassi�er. Themainchallengeis to �nd

thesefeatures.

In our systema variantof AdaBoostis usedboth to selectthe featuresand to train the classi�er [6].

In its original form, the AdaBoostlearningalgorithm is usedto boostthe classi�cation performanceof

a simple learningalgorithm(e.g., it might be usedto boostthe performanceof a simpleperceptron).It

doesthis by combininga collectionof weakclassi�cation functionsto form a strongerclassi�er. In the

languageof boostingthesimplelearningalgorithmis calledaweaklearner. So,for exampletheperceptron

learningalgorithmsearchesover thesetof possibleperceptronsandreturnstheperceptronwith the lowest

4The total numberof pixels in the 11 level pyramid is about ���������	�
�������
��������������� . Given that eachpixel requires10
operationsto compute,thepyramidrequiresabout60,000,000operations.About 900,000,000operationspersecondarerequired
to acheive a processingrateof 15 framespersecond.
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classi�cationerror. Thelearneris calledweakbecausewedonotexpecteventhebestclassi�cationfunction

to classifythetrainingdatawell (i.e. for a givenproblemthebestperceptronmayonly classifythetraining

datacorrectly51% of the time). In orderfor the weaklearnerto be boosted,it is calleduponto solve a

sequenceof learningproblems.After the �rst roundof learning,theexamplesarere-weightedin orderto

emphasizethosewhichwereincorrectlyclassi�edby thepreviousweakclassi�er. The�nal strongclassi�er

takestheform of aperceptron,aweightedcombinationof weakclassi�ersfollowedby a threshold.5

The formal guaranteesprovided by the AdaBoostlearning procedureare quite strong. Freundand

Schapireproved that the training error of the strongclassi�er approacheszeroexponentiallyin the num-

ber of rounds. More importantlya numberof resultswerelater proved aboutgeneralizationperformance

[15]. Thekey insight is thatgeneralizationperformanceis relatedto themargin of theexamples,andthat

AdaBoostachieveslargemarginsrapidly.

The conventionalAdaBoostprocedurecanbe easily interpretedasa greedyfeatureselectionprocess.

Considerthe generalproblemof boosting,in which a large set of classi�cation functionsarecombined

usinga weightedmajority vote. Thechallengeis to associatea large weightwith eachgoodclassi�cation

function anda smallerweight with poor functions. AdaBoostis an aggressive mechanismfor selectinga

small setof goodclassi�cationfunctionswhich neverthelesshave signi�cant variety. Drawing ananalogy

betweenweakclassi�ersandfeatures,AdaBoostis aneffective procedurefor searchingoutasmallnumber

of good“features”whichneverthelesshave signi�cant variety.

Onepracticalmethodfor completingthisanalogyis to restricttheweaklearnerto thesetof classi�cation

functionseachof which dependon a singlefeature. In supportof this goal, the weaklearningalgorithm

is designedto selectthe singlerectanglefeaturewhich bestseparatesthe positive andnegative examples

(this is similar to theapproachof [2] in thedomainof imagedatabaseretrieval). For eachfeature,theweak

learnerdeterminestheoptimalthresholdclassi�cationfunction,suchthattheminimumnumberof examples

aremisclassi�ed.A weakclassi�er ( ���

�

� � ) thusconsistsof a feature( *�� ), a threshold( ��� ) anda parity (��� )

indicatingthedirectionof theinequalitysign:

���

�

� �/	

�

� if �	�$*��

�

� ��


���
���

' otherwise

Here � is a24x24pixel sub-window of animage.

In practicenosinglefeaturecanperformtheclassi�cationtaskwith low error. Featureswhichareselected

early in the processyield error ratesbetween0.1 and0.3. Featuresselectedin later rounds,as the task

becomesmoredif�cult, yield errorratesbetween0.4and0.5.Table1 shows thelearningalgorithm.

5In thecasewheretheweaklearneris a perceptronlearningalgorithm,the�nal boostedclassi�er is a two layerperceptron.A
two layerperceptronis in principlemuchmorepowerful thanany singlelayerperceptron.
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� Given exampleimages
�

��� ������� � 7�7�7 �

�

��� ������� where ���&	4' �$� for negative and positive examples
respectively.

� Initialize weights	

�

�

��	

�


��

�

�


�
 for ��� 	 ' �$� respectively, where� and
�

arethenumberof negatives
andpositivesrespectively.

� For �

	 � � 7�7�7 ��� :

1. Normalizetheweights,
	��

�

���

	��

�

�

�

�

���

�

	��

�

�

sothat 	�� is aprobabilitydistribution.

2. For eachfeature,� , traina classi�er ��� which is restrictedto usinga singlefeature.Theerroris
evaluatedwith respectto 	�� , � �

	

�

�

	

���

� �

�

��� � � ��� � .

3. Choosetheclassi�er, ��� , with thelowesterror �!� .

4. Updatetheweights:
	��#"

�

�

��	

	��

�

�%$

��&�')(

�

where *

��	 ' if example�+� is classi�edcorrectly, *

� 	 � otherwise,and $

�

	 ,%-

��&

, -

.

� The�nal strongclassi�er is:

�

�

� �/	/.

�

�10

�#�

��2

� �3�

�

� ��4

�




�10

�#�

��2

�

' otherwise

where 2

�

	6587�9

�

:

-

Table1: The boostingalgorithmfor learninga queryonline. � hypothesesareconstructedeachusinga
singlefeature.The�nal hypothesisis aweightedlinearcombinationof the � hypotheseswheretheweights
areinverselyproportionalto thetrainingerrors.

3.1 Learning Discussion

Many generalfeatureselectionprocedureshave beenproposed(seechapter8 of [20] for a review). Our

�nal applicationdemandedaveryaggressive processwhichwoulddiscardthevastmajorityof features.For

a similar recognitionproblemPapageorgiou et al. proposeda schemefor featureselectionbasedon feature

variance[10]. They demonstratedgoodresultsselecting37 featuresout of a total 1734features.While this

is a signi�cant reduction,thenumberof featuresevaluatedfor every imagesub-window is still reasonably

large.

Rothetal. proposea featureselectionprocessbasedontheWinnow exponentialperceptronlearningrule

[12]. Theseauthorsuseavery largeandunusualfeatureset,whereeach pixel is mappedinto abinaryvector

of ; dimensions(whena particularpixel takeson thevalue � , in the range <

' �

;

� �>= , the � -th dimension

is set to 1 andthe otherdimensionsto 0). The binary vectorsfor eachpixel areconcatenatedto form a

singlebinaryvectorwith ?@; dimensions( ? is thenumberof pixels).Theclassi�cationrule is a perceptron,
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whichassignsoneweightto eachdimensionof theinputvector. TheWinnow learningprocessconvergesto

a solutionwheremany of theseweightsarezero.Neverthelessa very largenumberof featuresareretained

(perhapsa few hundredor thousand).

3.2 Learning Results

While detailson thetrainingandperformanceof the�nal systemarepresentedin Section5, severalsimple

resultsmerit discussion.Initial experimentsdemonstratedthat a classi�er constructedfrom 200 features

would yield reasonableresults(seeFigure4). Given a detectionrateof 95% the classi�er yieldeda false

positive rateof 1 in 14084on a testingdataset.

0 0.5 1 1.5 2 2.5 3 3.5 4

x 10
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ROC curve for 200 feature classifier

Figure4: Reciever operatingcharacteristic(ROC) curve for the200featureclassi�er.

For the taskof facedetection,the initial rectanglefeaturesselectedby AdaBoostaremeaningfuland

easily interpreted. The �rst featureselectedseemsto focus on the propertythat the region of the eyes

is often darker than the region of the noseandcheeks(seeFigure5). This featureis relatively large in

comparisonwith thedetectionsub-window, andshouldbesomewhat insensitive to sizeandlocationof the

face.Thesecondfeatureselectedrelieson thepropertythattheeyesaredarker thanthebridgeof thenose.

In summarythe200-featureclassi�er providesinitial evidencethata boostedclassi�er constructedfrom

rectanglefeaturesis aneffective techniquefor objectdetection.In termsof detection,theseresultsarecom-

pellingbut notsuf�cient for many real-world tasks.In termsof computation,thisclassi�er is probablyfaster

thanany otherpublishedsystem,requiring0.7 secondsto scanan384by 288pixel image.Unfortunately,

themoststraightforward techniquefor improving detectionperformance,addingfeaturesto the classi�er,
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Figure5: The �rst andsecondfeaturesselectedby AdaBoost.The two featuresareshown in the top row
andthenoverlayedon a typical trainingfacein thebottomrow. The�rst featuremeasuresthedifferencein
intensitybetweentheregionof theeyesandaregionacrosstheuppercheeks.Thefeaturecapitalizeson the
observationthattheeye region is oftendarker thanthecheeks.Thesecondfeaturecomparestheintensities
in theeye regionsto theintensityacrossthebridgeof thenose.

directly increasescomputationtime.

4 The Attentional Cascade

Thissectiondescribesanalgorithmfor constructingacascadeof classi�erswhichachievesincreaseddetec-

tion performancewhile radicallyreducingcomputationtime. Thekey insight is thatsmaller, andtherefore

moreef�cient, boostedclassi�erscanbeconstructedwhich rejectmany of thenegative sub-windows while

detectingalmostall positive instances.Simplerclassi�ersareusedto rejectthemajority of sub-windows

beforemorecomplex classi�ersarecalleduponto achieve low falsepositive rates.

Stagesin thecascadeareconstructedby trainingclassi�ersusingAdaBoost.Startingwith a two-feature

strongclassi�er, aneffective face�lter canbeobtainedby adjustingthestrongclassi�er thresholdto min-

imize falsenegatives. The initial AdaBoostthreshold,
�




�10

�#�

�
2

� , is designedto yield a low error rateon

thetrainingdata.A lower thresholdyieldshigherdetectionratesandhigherfalsepositive rates.Basedon

performancemeasuredusinga validationtraining set, the two-featureclassi�er canbe adjustedto detect

100%of thefaceswith a falsepositive rateof 40%. SeeFigure5 for a descriptionof thetwo featuresused

in this classi�er.

The detectionperformanceof the two-featureclassi�er is far from acceptableas an object detection

system.Neverthelesstheclassi�er cansigni�cantly reducethenumbersub-windows thatneedfurtherpro-

cessingwith very few operations:

1. Evaluatetherectanglefeatures(requiresbetween6 and9 arrayreferencesperfeature).

2. Computetheweakclassi�er for eachfeature(requiresonethresholdoperationperfeature).
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3. Combinetheweakclassi�ers(requiresonemultiply perfeature,anaddition,and�nally a threshold).

A two featureclassi�er amountsto about60 microprocessorinstructions.It seemshardto imaginethat

any simpler�lter couldachieve higherrejectionrates.By comparison,scanninga simpleimagetemplate,

or a singlelayerperceptron,would requireat least20 timesasmany operationspersub-window.

Theoverall form of thedetectionprocessis thatof a degeneratedecisiontree,whatwe call a “cascade”

[11] (seeFigure6). A positive resultfrom the �rst classi�er triggersthe evaluationof a secondclassi�er

whichhasalsobeenadjustedto achieveveryhighdetectionrates.A positiveresultfrom thesecondclassi�er

triggersa third classi�er, andsoon. A negative outcomeatany point leadsto theimmediaterejectionof the

sub-window.

T

F

T

F

T

F

1 2 3

Reject Sub-window

All Sub-windows

Further
Processing

Figure6: Schematicdepictionof a thedetectioncascade.A seriesof classi�ersareappliedto every sub-
window. The initial classi�er eliminatesa large numberof negative exampleswith very little processing.
Subsequentlayerseliminateadditionalnegativesbut requireadditionalcomputation.After severalstagesof
processingthenumberof sub-windows have beenreducedradically. Furtherprocessingcantake any form
suchasadditionalstagesof thecascade(asin ourdetectionsystem)or analternative detectionsystem.

Thestructureof thecascadere�ects the fact thatwithin any singleimageanoverwhelmingmajority of

sub-windows arenegative. As such,the cascadeattemptsto rejectasmany negatives as possibleat the

earlieststagepossible.While apositive instancewill triggertheevaluationof everyclassi�er in thecascade,

this is anexceedinglyrareevent.

Much like adecisiontree,subsequentclassi�ersaretrainedusingthoseexampleswhichpassthroughall

thepreviousstages.As a result,thesecondclassi�er facesamoredif�cult taskthanthe�rst. Theexamples

whichmake it throughthe�rst stageare“harder” thantypicalexamples.Themoredif�cult examplesfaced

by deeperclassi�erspushthe entirereciever operatingcharacteristic(ROC) curve downward. At a given

detectionrate,deeperclassi�ershave correspondinglyhigherfalsepositive rates.
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4.1 Training a Cascadeof Classi�ers

Thecascadedesignprocessis drivenfrom a setof detectionandperformancegoals.For thefacedetection

task,pastsystemshave achievedgooddetectionrates(between85 and95 percent)andextremelylow false

positive rates(on theorderof ��'

&��

or ��'

&��

). Thenumberof cascadestagesandthesizeof eachstagemust

besuf�cient to achieve similardetectionperformancewhile minimizingcomputation.

Givena trainedcascadeof classi�ers,thefalsepositive rateof thecascadeis

�

	

�

�

�

�

�

*

� �

where
�

is thefalsepositive rateof thecascadedclassi�er, � is thenumberof classi�ers,and *

� is thefalse

positive rateof the

�

th classi�er on theexamplesthatgetthroughto it. Thedetectionrateis

�

	

�

�

�

�

�

;

� �

where� is thedetectionrateof thecascadedclassi�er, � is thenumberof classi�ers,and ;

� is thedetection

rateof the

�

th classi�er on theexamplesthatgetthroughto it.

Givenconcretegoalsfor overall falsepositiveanddetectionrates,targetratescanbedeterminedfor each

stagein the cascadeprocess.For examplea detectionrateof '
7�� canbe achieved by a 10 stageclassi�er

if eachstagehasa detectionrateof 0.99 (since '
7��
	

'
7����

�
�

). While achieving this detectionratemay

soundlikeadauntingtask,it is madesigni�cantly easierby thefactthateachstageneedonly achieveafalse

positive rateof about30%( '
7


�'

�
�

	����
��'

&��

).

Thenumberof featuresevaluatedwhenscanningrealimagesis necessarilya probabilisticprocess.Any

given sub-window will progressdown throughthecascade,oneclassi�er at a time, until it is decidedthat

thewindow is negative or, in rarecircumstances,thewindow succeedsin eachtestandis labelledpositive.

Theexpectedbehavior of this processis determinedby thedistribution of imagewindows in a typical test

set. Thekey measureof eachclassi�er is its “positive rate”, theproportionof windows which arelabelled

aspotentiallycontainingtheobjectof interest.Theexpectednumberof featureswhichareevaluatedis:

�

	

?

�/�

�

�

�

�

�

��

?

�

�

���

�

����� �

where
�

is theexpectednumberof featuresevaluated,� is thenumberof classi�ers,�

� is thepositive rate

of the

�

th classi�er, and ?

� arethe numberof featuresin the

�

th classi�er. Interestingly, sinceobjectsare

extremelyrarethe“positive rate” is effectively equalto thefalsepositive rate.

Theprocessby whicheachelementof thecascadeis trainedrequiressomecare.TheAdaBoostlearning

procedurepresentedin Section3attemptsonly to minimizeerrors,andisnotspeci�cally designedto achieve
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high detectionratesat theexpenseof largefalsepositive rates.Onesimple,andvery conventional,scheme

for trading off theseerrorsis to adjust the thresholdof the perceptronproducedby AdaBoost. Higher

thresholdsyield classi�ers with fewer falsepositives anda lower detectionrate. Lower thresholdsyield

classi�erswith morefalsepositivesandahigherdetectionrate.It is notclear, atthispoint,whetheradjusting

thethresholdin thisway preservesthetrainingandgeneralizationguaranteesprovidedby AdaBoost.

Theoverall trainingprocessinvolvestwo typesof tradeoffs. In mostcasesclassi�erswith morefeatures

will achieve higherdetectionratesandlower falsepositive rates. At the sametime classi�erswith more

featuresrequiremoretime to compute.In principleonecouldde�ne anoptimizationframework in which

� thenumberof classi�er stages,

� thenumberof features,? � , of eachstage,

� thethresholdof eachstage

aretradedoff in orderto minimizetheexpectednumberof features
�

givena targetfor
�

and � . Unfortu-

nately�nding thisoptimumis a tremendouslydif�cult problem.

In practiceaverysimpleframework isusedto produceaneffectiveclassi�erwhichis highlyef�cient. The

userselectstheminimumacceptableratesfor *

� and ;

� . Eachlayerof thecascadeis trainedby AdaBoost

(asdescribedin Table1) with thenumberof featuresusedbeingincreaseduntil thetargetdetectionandfalse

positvesratesaremetfor this level. Theratesaredeterminedby testingthecurrentdetectoron a validation

set. If the overall target falsepositive rateis not yet met thenanotherlayer is addedto the cascade.The

negativesetfor trainingsubsequentlayersis obtainedby collectingall falsedetectionsfoundby runningthe

currentdetectoronasetof imageswhichdonotcontainany instancesof theobject.Thisalgorithmis given

morepreciselyin Table2.

4.2 SimpleExperiment

In orderto explorethefeasibility of thecascadeapproachtwo simpledetectorsweretrained:a monolithic

200-featureclassi�er andacascadeof ten20-featureclassi�ers.The�rst stageclassi�er in thecascadewas

trainedusing5000facesand10000non-facesub-windows randomlychosenfrom non-faceimages.The

secondstageclassi�er wastrainedon the same5000facesplus 5000falsepositivesof the �rst classi�er.

Thisprocesscontinuedsothatsubsequentstagesweretrainedusingthefalsepositivesof thepreviousstage.

Themonolithic200-featureclassi�er wastrainedon theunionof all examplesusedto train all thestages

of thecascadedclassi�er. Notethatwithoutreferenceto thecascadedclassi�er, it mightbedif�cult to select

a setof non-facetraining examplesto train the monolithic classi�er. We could of courseuseall possible

sub-windows from all of our non-faceimages,but this would make the training time impractically long.

Thesequentialway in which thecascadedclassi�er is trainedeffectively reducesthenon-facetrainingset

by throwing outeasyexamplesandfocusingon the“hard” ones.
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� Userselectsvaluesfor * , themaximumacceptablefalsepositive rateper layerand ; , theminimum
acceptabledetectionrateperlayer.

� Userselectstargetoverall falsepositive rate,
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. Use � and
�
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� featuresusingAdaBoost
. Evaluatecurrentcascadedclassi�er onvalidationsetto determine

�

� and �

� .
. Decreasethresholdfor the

�

th classi�er until thecurrentcascadedclassi�er hasa detection
rateof at least;

�

�

� &�� (this alsoaffects
�

� )

–
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– If
�

�	�

�

�������

'

� thenevaluatethecurrentcascadeddetectoronthesetof non-faceimagesandput
any falsedectectionsinto thesetN

Table2: Thetrainingalgorithmfor building acascadeddetector.

Figure7 givestheROC curvescomparingtheperformanceof the two classi�ers. It shows that thereis

little differencebetweenthetwo in termsof accuracy. However, thereis a big differencein termsof speed.

Thecascadedclassi�er is nearly10 timesfastersinceits �rst stagethrows out mostnon-facessothat they

arenever evaluatedby subsequentstage.

4.3 DetectorCascadeDiscussion

A notionsimilarto thecascadeappearsin thefacedetectionsystemdescribedby Rowley etal. [13]. Rowley

et al. trainedtwo neuralnetworks. Onenetwork wasmoderatelycomplex, focusedon a smallregion of the

image,anddetectedfaceswith a low falsepositive rate. They alsotraineda secondneuralnetwork which

wasmuchfaster, focusedon a larger regionsof the image,anddetectedfaceswith a higherfalsepositive

rate.Rowley et al. usedthefastersecondnetwork to prescreentheimagein orderto �nd candidateregions

for theslower moreaccuratenetwork. Thoughit is dif�cult to determineexactly, it appearsthatRowley et
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ROC curves comparing cascaded classifier to monolithic classifier
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Figure7: ROCcurvescomparinga200-featureclassi�erwith acascadedclassi�ercontainingten20-feature
classi�ers.Accuracy is notsigni�cantly different,but thespeedof thecascadedclassi�er is almost10times
faster.

al.'s two network facesystemis thefastestexisting facedetector.6 Our systemusesa similar approach,but

it extendsthis two stagecascadeto include32 stages.

The structureof the cascadeddetectionprocessis essentiallythat of a degeneratedecisiontree,andas

suchis relatedto thework of Amit andGeman[1]. Unlike techniqueswhichusea �x eddetector, Amit and

Gemanproposeanalternativepointof view whereunusualco-occurrencesof simpleimagefeaturesareused

to triggertheevaluationof amorecomplex detectionprocess.In thiswaythefull detectionprocessneednot

beevaluatedatmany of thepotentialimagelocationsandscales.While thisbasicinsightis veryvaluable,in

their implementationit is necessaryto �rst evaluatesomefeaturedetectorat every location.Thesefeatures

arethengroupedto �nd unusualco-occurrences.In practice,sincetheform of ourdetectorandthefeatures

thatit usesareextremelyef�cient, theamortizedcostof evaluatingour detectorat everyscaleandlocation

is muchfasterthan�nding andgroupingedgesthroughouttheimage.

In recentwork FleuretandGemanhave presenteda facedetectiontechniquewhich relieson a “chain”

of testsin orderto signify thepresenceof a faceat aparticularscaleandlocation[4]. Theimageproperties

measuredby FleuretandGeman,disjunctionsof �ne scaleedges,arequitedifferentthanrectanglefeatures

whicharesimple,existatall scales,andaresomewhatinterpretable.Thetwoapproachesalsodiffer radically

6Otherpublisheddetectorshave eitherneglectedto discussperformancein detail,or have never publisheddetectionandfalse
positive ratesona largeanddif�cult trainingset.
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in their learningphilosophy. Themotivationfor FleuretandGeman's learningprocessis densityestimation

anddensitydiscrimination,while our detectoris purely discriminative. Finally the falsepositive rateof

FleuretandGeman's approachappearsto be higher than that of previous approacheslike Rowley et al.

andthis approach.Unfortunatelythepaperdoesnot reportquantitative resultsof this kind. The included

exampleimageseachhave between2 and10 falsepositives.

5 Results

This sectiondescribesthe�nal facedetectionsystem.Thediscussionincludesdetailson thestructureand

trainingof thecascadeddetectoraswell asresultson a largereal-world testingset.

5.1 Training Dataset

Thefacetrainingsetconsistedof 4916handlabeledfacesscaledandalignedto a baseresolutionof 24 by

24pixels.Thefaceswereextractedfrom imagesdownloadedduringarandomcrawl of theworld wideweb.

Sometypical faceexamplesareshown in Figure8. Notice that theseexamplescontainmoreof the head

thantheexamplesusedby Rowley or et al. [13] or Sung[18]. Initial experimentsalsoused16 by 16 pixel

training imagesin which the facesweremoretightly cropped,but got slightly worseresults.Presumably

the24 by 24 examplesincludeextra visualinformationsuchasthecontoursof thechin andcheeksandthe

hair line which help to improve accuracy. Becauseof thenatureof thefeaturesused,the largersizedsub-

windows do not slow performance.In fact,theadditionalinformationcontainedin thelargersub-windows

couldbeusedto rejectnon-facesearlierin thedetectioncascade.

5.2 Structure of the DetectorCascade

The�nal detectoris a32 layercascadeof classi�erswhich includeda total of 4297features.

The �rst classi�er in the cascadeis constructedusingtwo featuresandrejectsabout60% of non-faces

while correctlydetectingcloseto 100%of faces.The next classi�er has� ve featuresandrejects80% of

non-faceswhile detectingalmost100%of faces.The next threelayersare20-featureclassi�ers followed

by two 50-featureclassi�ers followed by � ve 100-featureclassi�ers and then twenty 200-featureclassi-

�ers. Theparticularchoicesof numberof featuresper layerwasdriventhrougha trial anderrorprocessin

which thenumberof featureswereincreaseduntil a signi�cant reductionin thefalsepositive ratecouldbe

achieved. More levelswereaddeduntil the falsepositive rateon the validationsetwasnearlyzerowhile

still maintainingahighcorrectdetectionrate.The�nal numberof layers,andthesizeof eachlayer, arenot

critical to the�nal systemperformance.

The two, � ve and�rst twenty-featureclassi�ersweretrainedwith the 4916facesand10,000non-face

sub-windows (alsoof size24by 24pixels)usingtheAdaboosttrainingproceduredescribedin Table1. The

non-facesub-windows werecollectedby selectingrandomsub-windows from a setof 9500imageswhich
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Figure8: Exampleof frontaluprightfaceimagesusedfor training.

did notcontainfaces.Differentsetsof non-facesub-windows wereusedfor trainingthedifferentclassi�ers

to ensurethatthey weresomewhatindependentanddidn't usethesamefeatures.

The non-faceexamplesusedto train subsequentlayerswereobtainedby scanningthe partial cascade

acrosslargenon-faceimagesandcollectingfalsepositives.A maximumof 6000suchnon-facesub-windows

werecollectedfor eachlayer. Thereareapproximately350million non-facesub-windows containedin the

9500non-faceimages.

Trainingtime for theentire32 layerdetectorwason theorderof weekson a single466MHz AlphaS-

tationXP900. During this laborioustrainingprocessseveral improvementsto the learningalgorithmwere

discovered.Theseimprovements,which will bedescribedelsewhere,yield a 100fold decreasein training

time.

5.3 Speedof the Final Detector

Thespeedof thecascadeddetectoris directly relatedto thenumberof featuresevaluatedperscannedsub-

window. As discussedin section4.1,thenumberof featuresevaluateddependsontheimagesbeingscanned.

Evaluatedon theMIT+CMU testset[13], anaverageof 8 featuresout of a total of 4297areevaluatedper

sub-window. This is possiblebecausea large majority of sub-windows arerejectedby the �rst or second
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layer in the cascade.On a 700 Mhz PentiumIII processor, the facedetectorcanprocessa 384 by 288

pixel imagein about.067seconds(usinga startingscaleof 1.25anda stepsizeof 1.5 describedbelow).

Thisis roughly15timesfasterthantheRowley-Baluja-Kanadedetector[13] andabout600timesfasterthan

theSchneiderman-Kanadedetector[16].

5.4 ImageProcessing

All examplesub-windows usedfor training werevariancenormalizedto minimize the effect of different

lighting conditions.Normalizationis thereforenecessaryduringdetectionaswell. Thevarianceof animage

sub-window canbecomputedquicklyusingapairof integral images.Recallthat �
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, where

� is the standarddeviation, � is themean,and � is thepixel valuewithin thesub-window. Themeanof

a sub-window canbecomputedusingtheintegral image.Thesumof squaredpixels is computedusingan

integral imageof the imagesquared(i.e. two integral imagesareusedin the scanningprocess).During

scanningthe effect of imagenormalizationcanbe achieved by postmultiplying the featurevaluesrather

thanoperatingon thepixels.

5.5 Scanningthe Detector

The �nal detectoris scannedacrossthe imageat multiple scalesand locations. Scalingis achieved by

scalingthedetectoritself, ratherthanscalingtheimage.This processmakessensebecausethefeaturescan

be evaluatedat any scalewith thesamecost. Goodresultswereobtainedusinga setof scalesa factorof

1.25apart.

Thedetectoris alsoscannedacrosslocation. Subsequentlocationsareobtainedby shifting thewindow

somenumberof pixels
�

. This shifting processis affectedby thescaleof thedetector:if thecurrentscale

is � thewindow is shiftedby <

�

�

= , where <

= is theroundingoperation.

The choiceof
�

affectsboth the speedof the detectoraswell asaccuracy. Sincethe training images

have sometranslationalvariability the learneddetectorachieves good detectionperformancein spite of

small shifts in the image. As a result the detectorsub-window can be shiftedmore than onepixel at a

time. However, a stepsizeof morethanonepixel tendsto decreasethe detectionrateslightly while also

decreasingthenumberof falsepositives.Wepresentresultsfor two differentstepsizes.

5.6 Integration of Multiple Detections

Sincethe �nal detectoris insensitive to small changesin translationand scale,multiple detectionswill

usuallyoccuraroundeachfacein ascannedimage.Thesameis oftentrueof sometypesof falsepositives.In

practiceit oftenmakessenseto returnone�nal detectionperface.Towardthisendit is usefulto postprocess

thedetectedsub-windows in orderto combineoverlappingdetectionsinto asingledetection.
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In theseexperimentsdetectionsarecombinedin a very simplefashion. The setof detectionsare �rst

partitionedinto disjoint subsets.Two detectionsarein the samesubsetif their boundingregionsoverlap.

Eachpartitionyieldsasingle�nal detection.Thecornersof the�nal boundingregionaretheaverageof the

cornersof all detectionsin theset.

In somecasesthis postprocessingdecreasesthenumberof falsepositivessinceanoverlappingsubsetof

falsepositivesis reducedto asingledetection.

5.7 Experimentson a Real-World TestSet

We testedour systemon theMIT+CMU frontal facetestset[13]. This setconsistsof 130imageswith 507

labeledfrontal faces.A ROC curve showing the performanceof our detectoron this testset is shown in

Figure9. To createtheROC curve the thresholdof the perceptronon the �nal layerclassi�er is adjusted

from ��� to ��� . Adjustingthethresholdto ��� will yield a detectionrateof 0.0anda falsepositive rate

of 0.0. Adjusting the thresholdto ��� , however, increasesboth the detectionrateandfalsepositive rate,

but only to a certainpoint. Neitherratecanbehigherthantherateof thedetectioncascademinusthe�nal

layer. In effect, a thresholdof ��� is equivalent to removing that layer. Furtherincreasingthe detection

andfalsepositive ratesrequiresdecreasingthethresholdof thenext classi�er in thecascade.Thus,in order

to constructa completeROC curve, classi�er layersareremoved. We usethenumberof falsepositivesas

opposedto the rate of falsepositives for the x-axis of the ROC curve to facilitatecomparisonwith other

systems.To computethe falsepositive rate,simply divide by the total numberof sub-windows scanned.

For thecaseof
�

	2�
7

' andstartingscale= 1.0, thenumberof sub-windows scannedis 75,081,800.For
�

	 �
7�� andstartingscale= 1.25,thenumberof sub-windows scannedis 18,901,947.

Unfortunately, mostprevious publishedresultson facedetectionhave only includeda singleoperating

regime(i.e. singlepointontheROCcurve). To makecomparisonwith ourdetectoreasierwehavelistedour

detectionratefor thesamefalsepositive ratereportedby theothersystems.Table3 lists thedetectionrate

for variousnumbersof falsedetectionsfor our systemaswell asotherpublishedsystems.For theRowley-

Baluja-Kanaderesults[13], anumberof differentversionsof theirdetectorweretestedyieldinganumberof

differentresults.While thesevariousresultsarenotactuallypointsonaROCcurve for aparticulardetector,

they do indicatea numberof differentperformancepointsthatcanbeachieved with their approach.They

did publishROCcurvesfor two of theirdetectors,but theseROCcurvesdid not representtheirbestresults.

Thusthedetectionrateslistedin thetablebelow for theRowley-Baluja-Kanadedetectorareactuallyresults

for differentversionsof their detector. For theRoth-Yang-Ahujadetector[12], they reportedtheir resulton

theMIT+CMU testsetminus5 imagescontainingline drawn facesremoved.Sotheirresultsarefor asubset

of theMIT+CMU testsetcontaining125imageswith 483faces.Presumablytheir detectionratewould be

lower if thefull testsetwasused.Theparenthesesaroundtheirdetectionrateindicatesthisslightly different

testset.
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Detector

Falsedetections

10 31 50 65 78 95 110 167 422

Viola-Jones 78.3% 85.2% 88.8% 89.8% 90.1% 90.8% 91.1% 91.8% 93.7%
Rowley-Baluja-Kanade 83.2% 86.0% - - - 89.2% - 90.1% 89.9%
Schneiderman-Kanade - - - 94.4% - - - - -
Roth-Yang-Ahuja - - - - (94.8%) - - - -

Table3: Detectionratesfor variousnumbersof falsepositiveson the MIT+CMU testsetcontaining130
imagesand507faces.

The SungandPoggiofacedetector[18] wastestedon theMIT subsetof theMIT+CMU testsetsince

theCMU portiondid not exist yet. TheMIT testsetcontains23 imageswith 149 faces.They achieved a

detectionrateof 79.9%with 5 falsepositives.Ourdetectionratewith 5 falsepositivesis 77.8%ontheMIT

testset.

Figure10shows theoutputof our facedetectoron sometestimagesfrom theMIT+CMU testset.
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Figure9: ROC curvesfor our facedetectoron theMIT+CMU testset. Thedetectorwasrun onceusinga
stepsizeof 1.0andstartingscaleof 1.0(75,081,800sub-windows scanned)andthenagainusingastepsize
of 1.5andstartingscaleof 1.25(18,901,947sub-windows scanned).In bothcasesascalefactorof 1.25was
used.
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6 Conclusions

Wehavepresentedanapproachfor objectdetectionwhichminimizescomputationtimewhileachieving high

detectionaccuracy. Theapproachwasusedto constructa facedetectionsystemwhich is approximately15

fasterthanany previousapproach.Preliminaryexperiments,which will bedescribedelsewhere,show that

highly ef�cient detectorsfor otherobjects,suchaspedestrians,canalsobeconstructedin thisway.

Thispaperbringstogethernew algorithms,representations,andinsightswhicharequitegenericandmay

well have broaderapplicationin computervisionandimageprocessing.

The �rst contribution is a new a techniquefor computinga rich setof imagefeaturesusingthe integral

image.In orderto achieve truescaleinvariance,almostall objectdetectionsystemsmustoperateonmuliple

imagescales.Theintegral image,by eliminatingtheneedto computeamulti-scaleimagepyramid,reduces

the initial imageprocessingrequiredfor objectdetectionsigni�cantly. In thedomainof facedetectionthe

advantageis quitedramatic.Usingtheintegral image,facedetectionis completedbefore animagepyramid

canbecomputed.

While the integral imageshouldalsohave immediateusefor othersystemswhich have usedHarr-like

features(suchas Papageorgiou et al. [10]), it can foreseeablyhave impacton any task whereHarr-like

featuresmaybeof value. Initial experimentshave shown thata similar featuresetis alsoeffective for the

taskof parameterestimation,wheretheexpressionof a face,thepositionof ahead,or theposeof anobject

is determined.

Thesecondcontribution of thispaperis a techniquefor featureselectionbasedonAdaBoost.An aggres-

siveandeffective techniquefor featureselectionwill have impactonawidevarietyof learningtasks.Given

an effective tool for featureselection,thesystemdesigneris free to de�ne a very large andvery complex

setof featuresasinput for thelearningprocess.Theresultingclassi�er is neverthelesscomputationallyef�-

cient,sinceonly a smallnumberof featuresneedto beevaluatedduringrun time. Frequentlytheresulting

classi�er is alsoquite simple; within a large setof complex featuresit is more likely that a few critical

featurescanbefoundwhichcapturethestructureof theclassi�cationproblemin a straightforwardfashion.

Thethird contributionof thispaperis atechniquefor constructingacascadeof classi�erswhichradically

reducecomputationtime while improving detectionaccuracy. Early stagesof the cascadeare designed

to rejecta majority of the imagein orderto focussubsequentprocessingon promisingregions. Onekey

point is that thecascadepresentedis quitesimpleandhomogeneousin structure.Previousapproachesfor

attentive �ltering, suchasItti et. al., proposea morecomplex andheterogeneousmechanismfor �ltering

[8]. Similarly Amit andGemanproposea hierarchicalstructurefor detectionin which thestagesarequite

different in structureand processing[1]. A homogenoussystem,besidesbeing easyto implementand

understand,hasthe advantagethat simple tradeoffs canbe madebetweenprocessingtime anddetection

performance.

Finally thispaperpresentsasetof detailedexperimentsonadif�cult facedetectiondatasetwhichhasbeen

widely studied.This datasetincludesfacesundera very wide rangeof conditionsincluding: illumination,

22



scale,pose,andcameravariation. Experimentson sucha large andcomplex datasetaredif�cult andtime

consuming.Neverthelesssystemswhich work undertheseconditionsareunlikely to be brittle or limited

to a single set of conditions. More importantly conclusionsdrawn from this datasetare unlikely to be

experimentalartifacts.
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Figure10: Outputof our facedetectoron anumberof testimagesfrom theMIT+CMU testset.
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