SECOND INTERNATIONAL WORKSHOP ON STATISTICAL AND COMPUTATIONAL THEORIES OF
VI1SION — MODELING, LEARNING, COMPUTING, AND SAMPLING

VANCOUVER, CANADA, JuLY 13, 2001.

Robust Real-time Object Detection

Paul Viola MichaelJones
viola@merl.com mjones@crl.dec.com
MitsubishiElectricResearcl.abs CompaqCRL
201 Broadway, 8th FL OneCambridgeCenter
CambridgeMA 02139 CambridgeMA 02142
Abstract

This paperdescribesa visual objectdetectionframevork that is capableof processingmages extremely
rapidly while achieving high detectiorrates. There are threekey contributions. The r stis theintroduction
of a new image representatiorcalled the “Integral Image” which allows the featuesusedby our detector
to becomputedreryquickly. Theseconds a learningalgorithm,basedon AdaBoostwhich selectsa small
numberof critical visualfeatuesand yieldsextremelyefcient classi ers [6]. Thethird contribution is a
methodior combiningclassi ersin a“cascade” which allowsbadgroundregionsof theimage to bequickly
discadedwhile spendingmore computationon promisingobject-like regions. A setof experimentdn the
domainof facedetectiorare presentedThesystenyieldsfacedetectionperformacecompanbleto the best
previoussystem$18, 13, 16,12, 1]. Implementean a corventionaldesktopfacedetectionproceedsat 15
framesper second.

1. Intr oduction

This paperbringstogethemew algorithmsandinsightsto constructa framework for robustandextremely
rapid object detection. This framewvork is demonstratedn, andin part motivated by, the task of face
detection.Towardthis endwe have constructea frontalfacedetectiorsystemwhich achievesdetectiorand
falsepositive rateswhich areequivalentto the bestpublishedresultg[18, 13, 16,12, 1]. Thisfacedetection
systems mostclearlydistinguishedrom previousapproachem its ability to detecfacesextremelyrapidly.

Operatingon 384 by 288 pixel images facesare detectedat 15 framesper secondon a conventional 700



MHz Intel Pentiumill. In otherfacedetectionsystemsauxiliary information,suchasimagedifferencesn
video sequencesyr pixel color in colorimages,have beenusedto achiere high framerates. Our system
achieves high frameratesworking only with the informationpresentn a singlegrey scaleimage. These
alternatve sourcef informationcanalsobeintegratedwith our systento achieve evenhigherframerates.

Therearethreemain contributions of our objectdetectionframevork. We will introduceeachof these
ideasbrie y belov andthendescribeghemin detailin subsequergections.

The rst contrilution of this paperis a nev imagerepresentatiorcalled an integral image that allows
for very fastfeatureevaluation. Motivatedin partby the work of Papageayiou et al. our detectionsystem
doesnot work directly with imageintensities[10]. Like theseauthorswe usea setof featureswhich are
reminiscentof HaarBasisfunctions(thoughwe will alsouserelated Iters which aremorecomplex than
Haar Iters). In orderto computethesefeaturesvery rapidly at mary scaleswe introducethe integral im-
agerepresentatiofor imageg(theintegral imageis very similar to the summedareatableusedin computer
graphicg[3] for texture mapping). The integral imagecanbe computedrom animageusinga few opera-
tionsperpixel. Oncecomputedary oneof theseHarrlike featureanbecomputedatary scaleor location
in constantime.

Theseconcdcontrikution of this paperis amethodfor constructinga classi er by selectingasmallnumber
of importantfeaturesusing AdaBoost[6]. Within ary imagesub-windev the total numberof Harr-like
featuregs very large,far largerthanthenumberof pixels. In orderto ensureastclassi cation,thelearning
processnustexcludealarge majority of the availablefeaturesandfocuson a small setof critical features.
Motivatedby thework of TieuandViola, featureselectionis achieved througha simplemodi cation of the
AdaBoostprocedure:the weaklearneris constrainedo that eachweakclassi er returnedcandependon
only asinglefeature[2]. As aresulteachstageof theboostingprocesswhich selectsanev weakclassi er,
canbeviewedasafeatureselectionprocess AdaBoostprovidesan effective learningalgorithmandstrong
boundson generalizatioperformancgl4, 9, 10].

Thethird major contrilution of this paperis a methodfor combiningsuccessiely morecomple classi-
ers in acascadstructurewhich dramaticallyincreaseshe speef the detectoiby focussingattentionon
promisingregionsof theimage.Thenotionbehindfocusof attentionapproachess thatit is oftenpossibleto
rapidly determinevherein animageanobjectmightoccur[19, 8, 1]. More comple processings resered
only for thesepromisingregions. The key measureof suchan approachs the “falsenegative” rate of the
attentionaprocesslt mustbethecasethatall, or almostall, objectinstancesireselectedy theattentional
Iter .

Wewill describeaprocesdor traininganextremelysimpleandef cient classi erwhich canbeusedasa
“supervisedfocusof attentionoperator Thetermsupervisedefersto thefactthatthe attentionaloperator
is trainedto detectexamplesof a particularclass.In the domainof facedetectionit is possibleto achieve
fewerthan1%falsenegatvesand40%falsepositvesusingaclassi er which canbeevaluatedn 20 simple
operationgapproximately60 microprocessoinstructions).The effect of this Iter is to reduceby overone



half the numberof locationswherethe nal detectormustbeevaluated.

Thosesub-windavs which arenotrejectedby theinitial classi er areprocessedy a sequencef classi-
ers, eachslightly morecomple thanthelast. If ary classi errejectshesub-windav, nofurtherprocessing
is performed.Thestructureof thecascadedetectiorprocesss essentiallyhatof adegeneratelecisiontree,
andassuchis relatedto thework of Amit andGeman(1].

Thecompletefacedetectioncascadédas32 classi ers,which total over 80,0000perationsNevertheless
the cascadestructureresultsin extremelyrapid averagedetectiontimes. On a dif cult datasetcontaining
507facesand75 million sub-windaevs, facesaredetectedusinganaverageof 270 microprocessoinstruc-
tions per sub-windav. In comparisonthis systemis about15 timesfasterthanan implementatiorof the
detectionsystemconstructedy Rowley etal.! [13]

An extremelyfastfacedetectowill have broadpracticalapplications.Theseincludeuserinterfacesim-
agedatabasesndteleconferencingThisincreasen speedwvill enablereal-timefacedetectiorapplications
onsystemsvherethey werepreviouslyinfeasible.In applicationsvhererapidframe-ratesrenotnecessaty
our systemwill allow for signi cant additionalpost-processingndanalysis.In additionour systemcanbe
implementedn awide rangeof smalllow power devices,includinghand-heldandembeddegbrocessors.
In our lab we have implementecdhis facedetectoron the CompagPaghandheldandhave achiered detec-
tion at two framesper second(this device hasa low power 200 mips Strong Arm processomwhich 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 nev schemefor computingthem
rapidly Section3 will discussthe methodin which thesefeaturesarecombinedto form a classi er. The
machinelearningmethodused,a variantof AdaBoost,alsoactsasa featureselectionmechanism While
theclassi ersthatareconstructedn this way have goodcomputationaandclassi cationperformancethey
arefar too slow for areal-timeclassi er. Section4 will describea methodfor constructinga cascadeof
classi erswhichtogethelryield anextremelyreliableandef cient objectdetector Section5 will describea
numberof experimentakesults,including a detaileddescriptionof our experimentaimethodology Finally
Section6 containsadiscussiorof this systemandits relationshipto relatedsystems.

Henry Rowley very graciouslysuppliedus with implementationf his detectionsystemfor direct comparison. Reported
resultsare againsthis fastestsystem. It is dif cult to determinefrom the publishedliterature, but the Rowley-Baluja-Kanade
detectoiis widely consideredhefastestetectionsystemandhasbeenheaily testedon real-world problems.
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Figure 1. Examplerectanglefeaturesshavn relative to the enclosingdetectionwindov. The sum of the
pixels which lie within the white rectanglesare subtractedrom the sumof pixelsin the grey rectangles.
Two-rectanglefeaturesare shavn in (A) and (B). Figure (C) shavs a three-rectangldéeature,and (D) a
four-rectanglefeature.

2 Features

Our objectdetectionprocedureclassi esimagesbasedon the value of simple features. Thereare mary
motivationsfor usingfeaturegatherthanthe pixels directly. The mostcommonreasoris thatfeaturescan
actto encodead-hocdomainknowledgethatis dif cult to learnusinga nite quantityof trainingdata.For
this systemthereis alsoa secondcritical motivation for features:the feature-basedystemoperatesnuch
fasterthanapixel-basedsystem.

Thesimplefeatureausedarereminiscenpf Haarbasisfunctionswhich have beenusedby Papageagiou
etal. [10]. More speci cally, we usethreekinds of features.The valueof a two-rectanglefeatue is the
differencebetweerthesumof the pixelswithin two rectangularegions. Theregionshave the samesizeand
shapeandarehorizontallyor vertically adjacen{seeFigurel). A three-ectanglefeatue computegshesum
within two outsiderectanglesubtractedrom thesumin a centerectangle Finally afour-rectanglefeatue
computeghedifferencebetweendiagonalpairsof rectangles.

Giventhatthe baseresolutionof the detectoris 24x24,the exhaustie setof rectanglefeaturess quite
large,45,396. Notethatunlike the Haarbasis the setof rectanglefeaturess overcompleté.

2.1 Integral Image

Rectangldeaturescanbe computedvery rapidly usinganintermediateepresentatiofor theimagewhich
we call theintegralimage® Theintegralimageatlocation  containsthe sumof the pixels abore andto

A completebasishasno linear dependencbetweerbasiselementsandhasthe samenumberof elementsastheimagespace,
in this case576. Thefull setof 45,396thousandeaturess mary timesover-complete.

3Thereis acloserelationto “summedareatables”asusedn graphicg3]. We chooseadifferentnameherein orderto emphasize
its usefor theanalysisof imagesratherthanfor texture mapping.
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Figure2: Thevalueof theintegral imageat point is thesumof all thepixelsabore andto theleft.
theleftof | inclusie:
where is theintegralimageand is theoriginalimage(seeFigure2). Usingthefollowing pair

of recurrences:

(1)
(2)

(where is the cumulatve row sum, , and ) the integral image canbe
computedn onepassover theoriginalimage.

Usingthe integral imageary rectangulaisumcanbe computedn four arrayreferencegseeFigure 3).
Clearly the differencebetweentwo rectangulasumscanbe computedn eightreferences Sincethe two-
rectanglefeaturesde ned above involve adjacentectangulasumsthey canbe computedn six arrayrefer
enceseightin the caseof thethree-rectangléaturesandninefor four-rectangleeatures.

Onealternatve motivationfor the integral imagecomesfrom the “boxlets” work of Simard,etal. [17].
The authorspoint out thatin the caseof linear operationge.g. ), ary invertible linear operationcan
be appliedto or if its inverseis appliedto the result. For examplein the caseof convolution, if the
derwative operatoiis appliedbothto theimageandthekernelthe resultmustthenbe doubleintegrated:

Theauthorsgo onto shav thatconvolution canbesigni cantly accelerated thedervativesof and are



Figure3: The sumof the pixelswithin rectangle canbecomputedwith four arrayreferencesThevalue
of theintegral imageatlocationl is the sumof thepixelsin rectangle . Thevalueatlocation2 is ,
at location3 is , andat location4 is . Thesumwithin  canbe computedas

sparsgor canbe madeso). A similarinsightis thataninvertible linear operationcanbe appliedto  if its
inverseis appliedto

Viewedin this frameavork computatiorof therectanglesumcanbeexpresse@dsadotproduct, ,where
is theimageand is thebox carimage(with valuel1 within therectangleof interestand0 outside).This
operationcanbe rewritten

Theintegralimageis in factthedoubleintegral of theimage( rst alongrows andthenalongcolumns).The
seconddervative of therectanglg rst in row andthenin column)yieldsfour deltafunctionsatthe corners
of therectangle Evaluationof the seconddot productis accomplishedvith four arrayaccesses.

2.2 Feature Discussion

Rectangldeaturesaresomeavhat primitive whencomparedvith alternatvessuchassteerablelters [5, 7].
Steerablelters, andtheirrelatives,areexcellentfor thedetailedanalysisof boundariesimagecompression,
and texture analysis. In contrastrectanglefeatures,while sensitve to the presenceof edges,bars, and
othersimpleimagestructure,are quite coarse.Unlike steerablelters the only orientationsavailable are
verticalandhorizontal. It appearsasthoughthe setof rectanglefeaturesdo however provide arich image
representatiowhich supportseffective learning. Theextremecomputationaéf ciency of rectangldeatures
providesamplecompensatioffor theirlimited e xibility.



In orderto appreciatehe computationaldvantageof the integral imagetechnique,considera more
corventionalapproachin which a pyramid of imagesis computed. Like most objectdetectionsystems,
our detectorscansthe input at mary scales;startingat the basescalein which objectsare detectedat a
size of 24x24 pixels, the imageis scannedat 11 scaleseacha factor of 1.25 larger thanthe last. The
corventionalapproachs to computea pyramid of 11 images,eachl.25timessmallerthanthe previous
image. A x edscaledetectoris thenscannedacrosseachof theseimages. Computationof the pyramid,
while straightforvard, requiressigni cant time. Implementedon corventionalhardwareit is extremely
dif cult to computea pyramidat 15 framespersecond.

In contrastwe have de ned a meaningfulsetof featureswhich have the propertythat a single feature
canbeevaluatedatany scaleandlocationin afew operationsWe will shav in Sectiord thateffective face
detectorcanbe constructedvith aslittle astwo rectanglefeatures.Giventhe computationakf ciency of
thesefeaturesthe facedetectionprocesanbe completedor anentireimageat every scaleat 15 frames
persecond]esstime thanis requiredto evaluatethe 11 level imagepyramid alone. Any procedurenhich
requiresa pyramidof thistypewill necessarilyun slover thanour detector

3 Learning Classi cation Functions

Given a featuresetand a training setof positve and negative images,ary numberof machinelearning
approachesould be usedto learna classi cationfunction. Sungand Poggiousea mixture of Gaussian
model[18]. Rowley, Baluja,andKanadeusea smallsetof simpleimagefeaturesandaneuralnetwork [13].
Osunagtal. useda supportvectormaching9]. MorerecentlyRothetal. have proposedanenv andunusual
imagerepresentatioandhave usedthe Winnow learningprocedurd12].

Recallthat thereare 45,396rectanglefeaturesassociatedvith eachimage sub-windev, a numberfar
largerthanthe numberof pixels. Eventhougheachfeaturecanbe computedvery ef ciently, computingthe
completesetis prohibitively expensve. Our hypothesiswhich is borneout by experiment,is thata very
smallnumberof thesdeaturesanbe combinedo form aneffective classi er. Themainchallengdsto nd
thesefeatures.

In our systema variantof AdaBoostis usedboth to selectthe featuresandto train the classi er [6].
In its original form, the AdaBoostlearningalgorithmis usedto boostthe classi cation performanceof
a simple learningalgorithm (e.qg., it might be usedto boostthe performanceof a simple perceptron). It
doesthis by combininga collection of weak classi cation functionsto form a strongerclassi er. In the
languageof boostingthe simplelearningalgorithmis calledaweaklearner So,for examplethe perceptron
learningalgorithmsearchesver the setof possibleperceptronsndreturnsthe perceptrorwith the lowest

“The total numberof pixelsin the 11 level pyramidis about . Giventhateachpixel requires10
operationgo compute the pyramid requiresabout60,000,000perations About 900,000,00®perationger secondarerequired
to acheve a processingateof 15 framespersecond.



classi cationerror Thelearneris calledweakbecauseve do notexpecteventhebestclassi cationfunction
to classifythetrainingdatawell (i.e. for a givenproblemthe bestperceptrormay only classifythetraining
datacorrectly51% of the time). In orderfor the weaklearnerto be boosted,t is calleduponto solve a
sequencef learningproblems.After the rst roundof learning,the examplesarere-weightedn orderto
emphasizéhosewhichwereincorrectlyclassi edby the previousweakclassi er. The nal strongclassi er
takestheform of a perceptrona weightedcombinatiorof weakclassi ersfollowed by a threshold®

The formal guaranteeprovided by the AdaBoostlearning procedureare quite strong. Freundand
Schapireproved that the training error of the strongclassi er approachegeroexponentiallyin the num-
ber of rounds. More importantlya numberof resultswere later proved aboutgeneralizatiorperformance
[15]. Thekey insightis thatgeneralizatiorperformances relatedto the maigin of the examples,andthat
AdaBoostachieeslarge maginsrapidly.

The corventional AdaBoostprocedurecan be easily interpretedas a greedyfeatureselectionprocess.
Considerthe generalproblemof boosting,in which a large set of classi cationfunctionsare combined
usinga weightedmajority vote. The challenges to associate large weightwith eachgoodclassi cation
function anda smallerweightwith poorfunctions. AdaBoostis an aggressie mechanisnfor selectinga
smallsetof goodclassi cationfunctionswhich neverthelesshave signi cant variety Drawing ananalogy
betweenweakclassi ersandfeaturesAdaBoostis aneffective procedurdor searchingputa smallnumber
of good*“features”which nevertheles$have signi cant variety

Onepracticalmethodfor completingthis analogyis to restricttheweaklearnerto the setof classi cation
functionseachof which dependon a singlefeature. In supportof this goal, the weaklearningalgorithm
is designedo selectthe singlerectanglefeaturewhich bestseparateshe positve and negative examples
(thisis similar to theapproactof [2] in thedomainof imagedatabaseetrieval). For eachfeature theweak
learnerdetermineshe optimalthresholdclassi cationfunction,suchthatthe minimumnumberof examples
aremisclassi ed. A weakclassi er ( ) thusconsistof afeature( ), athreshold ) andaparity( )
indicatingthedirectionof theinequalitysign:

if
otherwise

Here isa24x24pixel sub-windev of animage.

In practicenosinglefeaturecanperformtheclassi cationtaskwith low error Featuresvhichareselected
early in the processyield error ratesbetween0.1 and0.3. Featuresselectedn later rounds,asthe task
becomesnoredif cult, yield errorratesbetweerD.4and0.5. Tablel shavs thelearningalgorithm.

®In the casewheretheweaklearneris a perceptrorearningalgorithm,the nal boostedclassi eris a two layerperceptron A
two layerperceptronis in principlemuchmorepowerful thanary singlelayerperceptron.



Given exampleimages where for negative and positive examples
respecirely.

Initialize weights — —for respectrely, where and arethenumberof negatves
andpositvesrespecirely.

For

1. Normalizetheweights,

sothat is aprobabilitydistribution.

2. For eachfeature, , trainaclassi er  whichis restrictedto usinga singlefeature.Theerroris
evaluatedwith respecto

3. Chooseheclassi er, , with thelowesterror
4. Updatetheweights:

where if example is classi edcorrectly otherwiseand —_—

The nal strongclassi eris:

otherwise

where —

Table 1. Theboostingalgorithmfor learninga queryonline.  hypothesesre constructeceachusinga
singlefeature.The nal hypothesiss aweightedinearcombinatiorof the hypothesesvheretheweights
areinverselyproportionalto thetrainingerrors.

3.1 Learning Discussion

Many generalfeatureselectionprocedurehave beenproposedseechapter8 of [20] for a review). Our
nal applicationdemande@@ very aggressie processvhichwould discardthe vastmajority of features For
a similar recognitionproblemPapageayiou et al. proposedh schemdor featureselectionbasedon feature
varianceg[10]. They demonstratedoodresultsselecting37 featuresout of atotal 1734features While this
is a signi cant reduction,the numberof featuresevaluatedfor every imagesub-windav is still reasonably

large.

Rothetal. proposeafeatureselectionprocesdasedn the Winnow exponentialperceptroriearningrule
[12]. Theseauthorauseaverylargeandunusuafeatureset,whereead pixelis mappednto abinaryvector
of dimensiongwhena particularpixel takeson thevalue , in therange , the -th dimension
is setto 1 andthe otherdimensiongo 0). The binary vectorsfor eachpixel are concatenatedb form a
singlebinaryvectorwith  dimensiong is thenumberof pixels). Theclassi cationruleis a perceptron,




which assignoneweightto eachdimensionof theinputvector TheWinnow learningprocessorvergesto
asolutionwheremary of theseweightsarezero. Nevertheless very large numberof featuresareretained
(perhapsafew hundredor thousand).

3.2 Learning Results

While detailson thetrainingandperformancef the nal systemarepresentedn Section5, severalsimple
resultsmerit discussion. Initial experimentsdemonstratedhat a classi er constructedrom 200 features
would yield reasonableesults(seeFigure4). Givena detectionrate of 95%the classi er yieldeda false
positive rateof 1 in 14084on atestingdataset.

ROC curve for 200 feature classifier
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Figure4: Reciever operatingcharacteristi¢ROC) curve for the 200featureclassi er.

For the task of facedetection,the initial rectanglefeaturesselectedby AdaBoostare meaningfuland
easilyinterpreted. The rst featureselectedseemsto focus on the propertythat the region of the eyes
is often darler thanthe region of the noseand cheeks(seeFigure5). This featureis relatvely large in
comparisorwith the detectionsub-windaev, andshouldbe somevhatinsensitve to sizeandlocationof the
face.Thesecondeatureselectedelieson thepropertythatthe eyesaredarker thanthe bridgeof the nose.

In summarythe 200-featureclassi er providesinitial evidencethata boostedclassi er constructedrom
rectangldeaturess aneffective techniqudor objectdetection.n termsof detectiontheseresultsarecom-
pelling but notsufcient for mary real-world tasks.In termsof computationthis classi eris probablyfaster
thanary otherpublishedsystem requiring0.7 secondgo scanan 384 by 288 pixel image. Unfortunately
the moststraightforvard techniquefor improving detectionperformanceaddingfeaturesto the classi er,
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Figure5: The rst andsecondeaturesselectecby AdaBoost. The two featuresare shavn in the top row
andthenoverlayedon a typical trainingfacein thebottomrow. The rst featuremeasureshedifferencein
intensitybetweertheregion of theeyesandaregion acrosgsheuppercheeks.Thefeaturecapitalizeson the
obsenrationthatthe eye region is oftendarker thanthe cheeks.The secondeaturecomparesheintensities
in the eye regionsto theintensityacrosshe bridgeof thenose.

directlyincreasegomputatiortime.

4 The Attentional Cascade

This sectiondescribesnalgorithmfor constructingacascadef classi erswhichachieesincreasedletec-
tion performancevhile radicallyreducingcomputatiortime. Thekey insightis thatsmaller andtherefore
moreefcient, boostectlassi erscanbe constructedvhich rejectmary of the negatve sub-windevs while
detectingalmostall positve instances.Simplerclassi ersare usedto rejectthe majority of sub-windaovs
beforemorecomplex classi ersarecalleduponto achiere low falsepositive rates.

Stagesn the cascadareconstructedy trainingclassi ersusingAdaBoost.Startingwith a two-feature
strongclassi er, an effective face Iter canbe obtainedby adjustingthe strongclassi er thresholdto min-
imize falsenegatves. Theinitial AdaBoostthreshold,- , is designedo yield alow errorrateon
thetrainingdata. A lower thresholdyields higherdetectionratesandhigherfalsepositive rates.Basedon
performancemeasuredising a validationtraining set, the two-featureclassi er canbe adjustedto detect
100%o0f thefaceswith afalsepositive rateof 40%. SeeFigure5 for a descriptionof thetwo featuresused
in thisclassi er.

The detectionperformanceof the two-featureclassi er is far from acceptableas an object detection
system.Neverthelesshe classi er cansigni cantly reducethe numbersub-windaevs thatneedfurther pro-
cessingwith very few operations:

1. Evaluatetherectangldeatureqrequiresbetweert and9 arrayreferenceperfeature).

2. Computetheweakclassi er for eachfeature(requiresonethresholdoperatiornperfeature).
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3. Combinetheweakclassi ers(requiresonemultiply perfeature anaddition,and nally athreshold).

A two featureclassi er amountgo about60 microprocessomstructions.It seemshardto imaginethat
ary simpler Iter could achieve higherrejectionrates.By comparisonscanninga simpleimagetemplate,
or asinglelayer perceptronwould requireat least20 timesasmary operationgersub-windav.

Theoverall form of the detectionprocesss thatof a degeneratalecisiontree,whatwe call a “cascade”
[11] (seeFigure6). A positve resultfrom the rst classi er triggersthe evaluationof a secondclassi er
whichhasalsobeenadjustedo achiere very high detectiorrates.A positive resultfrom theseconctlassi er
triggersathird classi er, andsoon. A negative outcomeatary pointleadsto theimmediaterejectionof the

All Sub-windows

sub-windov.

Further
Processing

Reject Sub-window

Figure6: Schematialepictionof a the detectioncascade A seriesof classi ersareappliedto every sub-
window. Theinitial classi er eliminatesa large numberof negative exampleswith very little processing.
Subsequerayerseliminateadditionalnegativesbut requireadditionalcomputation After severalstageof
processinghe numberof sub-windevs have beenreducedadically Furtherprocessingantake ary form
suchasadditionalstagef the cascadgasin our detectionsystem)or analternatve detectionsystem.

The structureof the cascadee ects the factthatwithin ary singleimagean overwhelmingmajority of
sub-windavs are nggative. As such,the cascadeattemptsto rejectas mary negatives as possibleat the
earlieststagepossible While apositive instancewill triggertheevaluationof every classi erin thecascade,
thisis anexceedinglyrareevent.

Muchlike adecisiontree,subsequentlassi ersaretrainedusingthoseexampleswhich passthroughall
the previousstagesAs aresult,thesecondlassi er facesamoredif cult taskthanthe rst. Theexamples
which malke it throughthe rst stageare“harder”thantypical examples.Themoredif cult examplesaced
by deeperclassi ers pushthe entirereciever operatingcharacteristi¢ROC) curve dovnward. At a given
detectiorrate,deeperclassi ershave correspondinghhigherfalsepositive rates.
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4.1 Training a Cascadeof Classi ers

The cascadalesignprocesss drivenfrom a setof detectionandperformanceyoals.For thefacedetection

task,pastsystemdhave achieved gooddetectiorrates(betweerB5 and95 percentiandextremelylow false

positive rates(on theorderof or ). Thenumberof cascadstagesandthe sizeof eachstagemust

besufcient to achieve similar detectionperformancevhile minimizing computation.
Givenatrainedcascad®f classi ers,thefalsepositive rateof the cascadés

where isthefalsepositie rateof thecascadedlassi er,  isthenumberof classi ers,and isthefalse
positive rateof the th classi er ontheexampleshatgetthroughto it. The detectiorrateis

where isthedetectiorrateof thecascadedlassi er,  isthenumberof classi ers,and isthedetection
rateof the th classi er onthe examplesthatgetthroughto it.

Givenconcretegoalsfor overall falsepositive anddetectiorrates tamgetratescanbe determinedor each
stagein the cascadegrocess.For examplea detectionrate of canbe achieved by a 10 stageclassi er
if eachstagehasa detectionrate of 0.99 (since ). While achi&ving this detectionrate may
soundike adauntingtask,it is madesigni cantly easieby thefactthateachstageneedonly achiere afalse
positive rateof about30% ( )

Thenumberof featuresevaluatedwhenscanningealimagesis necessarilya probabilisticprocess Any
given sub-windaev will progres-down throughthe cascadepneclassi er atatime, until it is decidedthat
thewindow is negative or, in rarecircumstanceghe window succeedi eachtestandis labelledpositive.
The expectedbehaior of this processs determinedy the distribution of imagewindows in a typical test
set. The key measuref eachclassi er is its “positive rate”, the proportionof windows which arelabelled
aspotentiallycontainingthe objectof interest.The expectednumberof featuresvhich areevaluateds:

where is theexpectedhumberof featuresvaluated, isthenumberof classi ers, isthepositve rate
of the th classier, and arethe numberof featuresin the th classi er. Interestingly sinceobjectsare
extremelyrarethe“positive rate”is effectively equalto thefalsepositive rate.

Theprocesdy which eachelementof the cascadés trainedrequiressomecare. The AdaBoostlearning
procedurgresenteth Section3 attemptnly to minimizeerrors,andis notspeci cally designedo achieve
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high detectiorratesat the expenseof large falsepositive rates.Onesimple,andvery corventional,scheme
for trading off theseerrorsis to adjustthe thresholdof the perceptronproducedby AdaBoost. Higher
thresholdsyield classi ers with fewer falsepositves and a lower detectionrate. Lower thresholdsyield
classi erswith morefalsepositvesandahigherdetectiorrate.|t is notclear atthis point, whetheradjusting
thethresholdn thisway preseresthetrainingandgeneralizatiorguaranteeprovided by AdaBoost.
Theoverall training processnvolvestwo typesof tradeofs. In mostcaseslassi erswith morefeatures
will achieve higherdetectionratesandlower falsepositive rates. At the sametime classi erswith more
featuregequiremoretime to compute.In principleonecouldde ne anoptimizationframevork in which

thenumberof classi er stages,
thenumberof features, , of eachstage,
thethresholdof eachstage

aretradedoff in orderto minimizethe expectednumberof features givenatamgetfor and . Unfortu-
nately nding this optimumis atremendouslyif cult problem.

In practiceaverysimpleframevork is usedo produceaneffective classi erwhichis highly ef cient. The
userselectshe minimumacceptableatesfor and . Eachlayerof the cascades trainedby AdaBoost
(asdescribedn Tablel) with thenumberof featuresisedbeingincreasedintil thetargetdetectiorandfalse
positvesratesaremetfor this level. Theratesaredeterminedy testingthe currentdetectoron a validation
set. If the overall taget falsepositive rateis not yet metthenanotherlayeris addedto the cascade.The
negatie setfor trainingsubsequeriayersis obtainedoy collectingall falsedetectiongoundby runningthe
currentdetectoron asetof imageswhich do not containary instance®f theobject. Thisalgorithmis given
morepreciselyin Table2.

4.2 Simple Experiment

In orderto explorethefeasibility of the cascadepproachwo simpledetectorsveretrained: a monolithic
200-featureclassi er anda cascad®f ten20-featureclassi ers. The rst stageclassi erin thecascadevas
trainedusing 5000 facesand 10000non-face sub-windaevs randomlychosenfrom non-faceimages. The
secondstageclassi er wastrainedon the same5000facesplus 5000false positives of the rst classi er.
This procesgontinuedsothatsubsequerdgtagesveretrainedusingthefalsepositivesof the previousstage.

Themonolithic200-featureclassi er wastrainedon the unionof all examplesusedto train all the stages
of thecascadedlassi er. Notethatwithoutreferenceo thecascadedlassi er, it mightbedif cult to select
a setof non-facetraining examplesto train the monolithic classi er. We could of courseuseall possible
sub-windavs from all of our non-faceimages,but this would malke the training time impractically long.
The sequentialvay in which the cascadedlassi er is trainedeffectively reduceghe non-facetraining set
by throwing out easyexamplesandfocusingon the“hard” ones.
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Userselectsvaluesfor , the maximumacceptabldalsepositive rateperlayerand , the minimum
acceptableletectiorrateperlayer

Userselectdametoverall falsepositive rate,
= setof positve examples

= setof neggative examples

while
— while
Use and totrainaclassierwith featuresusingAdaBoost
Evaluatecurrentcascadedlassi er on validationsetto determine and
Decreaséhresholdfor the th classi er until the currentcascadedlassi er hasa detection
rateof atleast (thisalsoaffects )
—If thenevaluatethe currentcascadedetectoronthesetof non-faceimagesandput

ary falsedectectiongnto the setN

Table2: Thetrainingalgorithmfor building a cascadedetector

Figure7 givesthe ROC curvescomparingthe performanceof the two classi ers. It shavs thatthereis
little differencebetweenhetwo in termsof accurag. However, thereis a big differencein termsof speed.
The cascadedlassi er is nearly10 timesfastersinceits rst stagethrows out mostnon-facessothatthey
arenever evaluatedby subsequerdtage.

4.3 Detector CascadeDiscussion

A notionsimilarto thecascadeppearsn thefacedetectiorsystendescribedy Rowley etal. [13]. Rowley
etal. trainedtwo neuralnetworks. Onenetwork wasmoderatelycomple, focusedon a smallregion of the
image,anddetectedaceswith a low falsepositive rate. They alsotraineda seconcheuralnetwork which
wasmuchfastey focusedon a larger regions of theimage,anddetectedaceswith a higherfalsepositive
rate. Rowley etal. usedthefastersecondhetwork to prescreertheimagein orderto nd candidateegions
for the slower moreaccuratenetwork. Thoughit is dif cult to determineexactly, it appearshatRowley et
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ROC curves comparing cascaded classifier to monolithic classifier
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Figure7: ROC curvescomparinga 200-featureclassi erwith acascadedlassi er containingten20-feature
classi ers.Accurag is notsigni cantly different,but the speeddf the cascadedlassi eris almostl0times
faster

al!s two network facesystemis the fastesexisting facedetecto® Our systemusesa similar approachbut
it extendsthistwo stagecascadéo include32 stages.

The structureof the cascadedletectionprocesss essentiallythat of a degeneratedecisiontree,andas
suchis relatedto thework of Amit andGemarn1]. Unlike techniquesvhichusea x eddetectorAmit and
Gemarproposenalternatve pointof view whereunusuako-occurrencesf simpleimagefeaturesareused
to triggertheevaluationof amorecomple detectiorprocessin thiswaythefull detectiorprocessieednot
beevaluatedat mary of thepotentialimagelocationsandscales While this basicinsightis very valuablen
theirimplementatiorit is necessaryo rst evaluatesomefeaturedetectorat every location. Thesefeatures
arethengroupedo nd unusualko-occurrencedn practice sincetheform of our detectorandthefeatures
thatit usesareextremelyef cient, theamortizedcostof evaluatingour detectorat every scaleandlocation
is muchfasterthan nding andgroupingedgeshroughoutheimage.

In recentwork Fleuretand Gemanhave presentedh facedetectiontechniquewhich relieson a “chain”
of testsin orderto signify the presencef afaceat a particularscaleandlocation[4]. Theimageproperties
measuredy FleuretandGemangdisjunctionsof ne scaleedgesarequitedifferentthanrectangldeatures
whicharesimple,exist atall scalesandaresomavhatinterpretableThetwo approachealsodiffer radically

50therpublisheddetectorshave eitherneglectedto discussperformancen detail, or have never publisheddetectionandfalse
positive rateson alargeanddif cult trainingset.
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in their learningphilosophy The motivationfor FleuretandGemans learningprocesss densityestimation
and densitydiscrimination,while our detectoris purely discriminatve. Finally the false positive rate of

Fleuretand Gemans approachappeardo be higherthanthat of previous approachesike Rowley et al.

andthis approach.Unfortunatelythe paperdoesnot reportquantitatve resultsof this kind. Theincluded
exampleimageseachhave betweer? and10 falsepositives.

5 Results

This sectiondescribeghe nal facedetectionsystem.The discussionincludesdetailson the structureand
training of the cascadedletectoraswell asresultson alarge real-world testingset.

5.1 Training Dataset

The facetraining setconsistef 4916handlabeledfacesscaledandalignedto a baseresolutionof 24 by
24 pixels. Thefaceswereextractedfrom imagesdowvnloadedduringarandomcrawl of theworld wideweh
Sometypical faceexamplesare shavn in Figure8. Notice thattheseexamplescontainmore of the head
thanthe examplesusedby Rowley or etal. [13] or Sung[18]. Initial experimentsalsousedl6 by 16 pixel
trainingimagesin which the faceswere moretightly cropped,but got slightly worseresults. Presumably
the 24 by 24 examplesincludeextra visualinformationsuchasthe contoursof the chin andcheeksandthe
hair line which helpto improve accuray. Becauseof the natureof the featuresused,the larger sizedsub-
windows do not slow performanceln fact, the additionalinformationcontainedn thelarger sub-windevs
couldbeusedto rejectnon-facesearlierin the detectioncascade.

5.2 Structure of the Detector Cascade

The nal detectoiis a 32 layercascad®f classi erswhichincludedatotal of 4297features.

The rst classi er in the cascades constructedisingtwo featuresandrejectsabout60% of non-faces
while correctlydetectingcloseto 100%of faces. The next classi er has ve featuresandrejects80% of
non-faceswhile detectingalmost100% of faces. The next threelayersare 20-featureclassi ersfollowed
by two 50-featureclassi ers followed by ve 100-featureclassi ers and then twenty 200-featureclassi-
ers. Theparticularchoicesof numberof featuregerlayerwasdriventhrougha trial anderror processn
which the numberof featuresvereincreasedintil asigni cant reductionin thefalsepositive ratecouldbe
achiered. More levels wereaddeduntil the false positive rateon the validationsetwasnearly zerowhile
still maintaininga high correctdetectiorrate. The nal numberof layers,andthesizeof eachlayer, arenot
critical to the nal systemperformance.

Thetwo, veand rst twenty-featureclassi ersweretrainedwith the 4916facesand10,000non-face
sub-windavs (alsoof size24 by 24 pixels)usingthe Adaboostrainingproceduralescribedn Tablel. The
non-facesub-windevs werecollectedby selectingrandomsub-windevs from a setof 9500imageswhich
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Figure8: Exampleof frontal uprightfaceimagesusedfor training.

did notcontainfaces Differentsetsof non-facesub-windaovs wereusedfor trainingthe differentclassi ers
to ensureghatthey weresomevhatindependenanddidn't usethe samefeatures.

The non-face examplesusedto train subsequentayerswere obtainedby scanningthe partial cascade
acrosdargenon-faceimagesandcollectingfalsepositves. A maximumof 6000suchnon-acesub-windavs
werecollectedfor eachlayer Thereareapproximately350million non-facesub-windavs containedn the
9500non-faceimages.

Trainingtime for the entire 32 layer detectorwason the orderof weekson a single466 MHz AlphaS-
tation XP900. During this laborioustraining processseveralimprovementsto the learningalgorithmwere
discovered. Theseimprovementswhich will be describecelsavhere,yield a 100fold decreasén training
time.

5.3 Speedof the Final Detector

The speedof the cascadedletectoiis directly relatedto the numberof featuresevaluatedper scannedub-
window. As discusseth sectiord.1,thenumberof featuresvaluateddepend®ntheimageseingscanned.
Evaluatedon the MIT+CMU testset[13], anaverageof 8 featuresout of atotal of 4297 areevaluatedper
sub-windev. Thisis possiblebecause large majority of sub-windavs arerejectedby the rst or second
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layer in the cascade.On a 700 Mhz Pentiumlll processqrthe facedetectorcan processa 384 by 288
pixel imagein about.067 secondqusinga startingscaleof 1.25anda stepsize of 1.5 describedoelow).
Thisis roughly15timesfasterthanthe Rowley-Baluja-Kanade&letectof13] andabout600timesfasterthan
the Schneiderman-Kanadketecto{16].

5.4 Image Processing

All examplesub-windavs usedfor training were variancenormalizedto minimize the effect of different
lighting conditions.Normalizationis thereforenecessarguringdetectioraswell. Thevarianceof animage
sub-windev canbecomputedjuickly usingapair of integralimages Recallthat — , Where

is the standarddeviation, is the mean,and is the pixel valuewithin the sub-windov. The meanof
a sub-windev canbe computedusingthe integral image. The sumof squaredixelsis computedusingan
integral imageof the imagesquared(i.e. two integral imagesare usedin the scanningprocess).During
scanningthe effect of imagenormalizationcanbe achieved by postmultiplying the featurevaluesrather
thanoperatingon the pixels.

5.5 Scanningthe Detector

The nal detectoris scannedacrossthe image at multiple scalesand locations. Scalingis achieved by
scalingthe detectoiitself, ratherthanscalingtheimage. This processnalessensebecausehe featurescan
be evaluatedat ary scalewith the samecost. Goodresultswereobtainedusinga setof scalesa factorof
1.25apart.

The detectoris alsoscannedicrosdocation. Subsequeribcationsareobtainedby shifting the window
somenumberof pixels . This shifting processs affectedby the scaleof the detector:if the currentscale
is thewindow is shiftedby , Where istheroundingoperation.

The choiceof affectsboth the speedof the detectoraswell asaccurag. Sincethe trainingimages
have sometranslationalvariability the learneddetectorachieves good detectionperformancean spite of
small shiftsin the image. As a resultthe detectorsub-windav can be shifted more than one pixel at a
time. However, a stepsize of morethanone pixel tendsto decreas¢he detectionrate slightly while also
decreasinghe numberof falsepositives. We presentesultsfor two differentstepsizes.

5.6 Integration of Multiple Detections

Sincethe nal detectoris insensitve to small changesn translationand scale, multiple detectionswill
usuallyoccuraroundeachfacein ascannedmage.Thesamds oftentrue of sometypesof falsepositives. In
practiceit oftenmakessensdo returnone nal detectiorperface.Towardthisendit is usefulto postprocess
the detectedsub-windavs in orderto combineoverlappingdetectionsnto a singledetection.
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In theseexperimentsdetectionsare combinedin a very simplefashion. The setof detectionsare rst
partitionedinto disjoint subsets.Two detectionsarein the samesubsetf their boundingregionsoverlap.
Eachpartitionyieldsasingle nal detection.Thecornersof the nal boundingregion arethe averageof the
cornersof all detectiongn the set.

In somecaseghis postprocessindecreasethe numberof falsepositivessincean overlappingsubsebf
falsepositivesis reducedo asingledetection.

5.7 Experimentson aReal-World TestSet

We testedour systemon the MIT+CMU frontal facetestset[13]. This setconsistsof 130imageswith 507
labeledfrontal faces. A ROC curve shawving the performanceof our detectoron this testsetis shavn in
Figure9. To createthe ROC curwe the thresholdof the perceptroron the nal layerclassi er is adjusted
from to . Adjustingthethresholdto will yield a detectiorrateof 0.0 andafalsepositve rate
of 0.0. Adjustingthe thresholdto , however, increasedoth the detectionrate andfalsepositie rate,
but only to a certainpoint. Neitherratecanbe higherthantherateof the detectioncascadeninusthe nal
layer In effect, a thresholdof is equivalentto remaving thatlayer Furtherincreasingthe detection
andfalsepositive ratesrequiresdecreasinghethresholdof the next classi erin thecascadeThus,in order
to constructa completeROC curwe, classi er layersareremoved. We usethe numberof falsepositvesas
opposedo the rate of falsepositivesfor the x-axis of the ROC curwe to facilitate comparisorwith other
systems.To computethe falsepositive rate, simply divide by the total numberof sub-windevs scanned.
For the caseof andstartingscale= 1.0, the numberof sub-windevs scanneds 75,081,800.For
andstartingscale= 1.25,the numberof sub-windavs scanneds 18,901,947.

Unfortunately mostprevious publishedresultson facedetectionhave only includeda single operating
regime(i.e. singlepointontheROC curwe). To make comparisorwith our detectoreasiemwe have listedour
detectionratefor the samefalsepositive ratereportedby the othersystems.Table3 lists the detectionrate
for variousnumbersf falsedetectiondor our systemaswell asotherpublishedsystems For the Rowley-
Baluja-Kanadeesultg13], anumberof differentversionsof their detectomweretestedyieldinganumberof
differentresults.While thesevariousresultsarenot actuallypointson a ROC curve for a particulardetectoy
they do indicatea numberof differentperformanceointsthatcanbe achieved with their approach.They
did publishROC curvesfor two of their detectorsbut theseROC curvesdid notrepresentheir bestresults.
Thusthedetectiorrateslistedin thetablebelow for the Rowley-Baluja-Kanadeletectorareactuallyresults
for differentversionsof their detector For the Roth-Yang-Ahujadetectol{12], they reportedtheir resulton
theMIT+CMU testsetminus5 imagescontainingine dravn facesemoved. Sotheirresultsarefor asubset
of the MIT+CMU testsetcontainingl25imageswith 483faces.Presumablyheir detectionratewould be
lowerif thefull testsetwasused.Theparenthesearoundtheir detectiorrateindicateshis slightly different
testset.
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Falsedetections
Detector 10 |31 |50 |es |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%) | - - - -

Table 3: Detectionratesfor variousnumbersof falsepositveson the MIT+CMU testsetcontaining130
imagesand507faces.

The SungandPoggiofacedetector{18] wastestedon the MIT subsetf the MIT+CMU testsetsince
the CMU portion did not exist yet. The MIT testsetcontains23 imageswith 149faces.They achiered a
detectiorrateof 79.9%with 5 falsepositives. Our detectiorratewith 5 falsepositvesis 77.8%on the MIT
testset.

Figure10shaws the outputof our facedetectoron sometestimagesfrom the MIT+CMU testset.
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Figure9: ROC curwesfor our facedetectoron the MIT+CMU testset. The detectorwasrun onceusinga
stepsizeof 1.0 andstartingscaleof 1.0(75,081,80Gub-windevs scannedandthenagainusinga stepsize
of 1.5andstartingscaleof 1.25(18,901,94 &ub-windavs scanned)In bothcases scalefactorof 1.25was
used.
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6 Conclusions

We have presente@napproactior objectdetectiorwhich minimizescomputatiortime while achieving high
detectionaccurag. Theapproactlwasusedto constructafacedetectionsystemwhichis approximatelyl5
fasterthanary previousapproach Preliminaryexperimentswhich will be describecelsevhere,shav that
highly ef cient detectordor otherobjects suchaspedestriang;analsobe constructedn this way.

This paperbringstogethemew algorithms representationgndinsightswhich arequitegenericandmay
well have broaderapplicationin computervision andimageprocessing.

The rst contritution is a new a techniquefor computinga rich setof imagefeaturesusingtheintegral
image.In orderto achieve true scaleinvariance almostall objectdetectiorsystemsnustoperateon muliple
imagescalesTheintegralimage by eliminatingthe needto computea multi-scaleimagepyramid,reduces
theinitial imageprocessingequiredfor objectdetectionsigni cantly. In thedomainof facedetectionthe
adwantages quite dramatic.Usingtheintegralimage,facedetectionis completedbefoe animagepyramid
canbecomputed.

While the integral imageshouldalsohave immediateusefor othersystemswhich have usedHarr-like
features(suchas Papageagiou et al. [10Q]), it canforeseeablyhave impacton ary taskwhereHarrlike
featuresmay be of value. Initial experimentshave shavn thata similar featuresetis alsoeffective for the
taskof parameteestimationwherethe expressiorof aface thepositionof ahead or the poseof anobject
is determined.

Thesecondcontrikution of this paperis atechniqueor featureselectiorbasecn AdaBoost.An aggres-
sive andeffective techniqudor featureselectiorwill have impacton awide varietyof learningtasks.Given
an effective tool for featureselection the systemdesigneris freeto de ne a very large andvery comple
setof featuresasinputfor thelearningprocessTheresultingclassi er is neverthelessomputationallyef -
cient,sinceonly a smallnumberof featuresneedto be evaluatedduringruntime. Frequentlythe resulting
classi er is also quite simple; within a large set of comple featuresit is morelikely that a few critical
featurecanbe foundwhich capturethe structureof the classi cationproblemin a straightforvard fashion.

Thethird contritution of this paperis atechniqueor constructingacascadef classi erswhichradically
reducecomputationtime while improving detectionaccurag. Early stagesof the cascadeare designed
to rejecta majority of the imagein orderto focussubsequenprocessingdn promisingregions. One key
pointis thatthe cascadgresenteds quite simpleandhomogeneous structure.Previous approache$or
attentve ltering, suchasltti et. al., proposea morecomple andheterogeneousiechanisnfor ltering
[8]. Similarly Amit andGemanproposea hierarchicalstructurefor detectionin which the stagesarequite
differentin structureand processing1]. A homogenousystem,besidesheing easyto implementand
understandhasthe advantagethat simple tradeofs can be madebetweenprocessingime and detection
performance.

Finally this paperpresentsisetof detailedexperimentonadif cult facedetectiordatasetvhichhasbeen
widely studied. This dataseincludesfacesundera very wide rangeof conditionsincluding: illumination,
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scale,pose,andcameravariation. Experimentson sucha large andcomple datasetaredif cult andtime
consuming.Neverthelessystemsawvhich work undertheseconditionsare unlikely to be brittle or limited
to a single setof conditions. More importantly conclusionsdravn from this datasetare unlikely to be
experimentahrtifacts.
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Figure10: Outputof our facedetectoron a numberof testimagesfrom the MIT+CMU testset.
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