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Abstract

This paper describesa machine learning approach for vi-
sualobjectdetectionwhich is capableof processingimages
extremelyrapidly andachieving high detection rates.This
work is distinguishedby threekey contributions. The�r st
is theintroduction of a new imagerepresentationcalledthe
“Integral Image” which allowsthefeaturesusedbyour de-
tectorto becomputedveryquickly. Thesecondis a learning
algorithm, basedon AdaBoost,which selectsa smallnum-
ber of critical visual featuresfrom a larger setand yields
extremelyef�cient classi�ers[6]. Thethird contribution is
a methodfor combining increasinglymore complex classi-
�er sin a “cascade” whichallowsbackground regionsof the
imageto bequickly discardedwhilespendingmorecompu-
tationonpromisingobject-likeregions.Thecascadecanbe
viewedas an objectspeci�c focus-of-attention mechanism
which unlikeprevious approachesprovidesstatisticalguar-
anteesthatdiscardedregionsareunlikelyto containtheob-
ject of interest. In thedomainof facedetectionthesystem
yieldsdetectionratescomparable to thebestprevioussys-
tems. Usedin real-timeapplications, the detector runs at
15 framesper secondwithoutresortingto image differenc-
ing or skincolor detection.

1. Intr oduction

This paperbrings together new algorithms andinsightsto
constructaframework for robustandextremely rapidobject
detection. This framework is demonstratedon, andin part
motivatedby, the taskof facedetection. Toward this end
we have constructeda frontal facedetectionsystemwhich
achievesdetectionandfalsepositive rateswhich areequiv-
alentto thebestpublishedresults[16, 12, 15, 11, 1]. This
face detection systemis most clearly distinguishedfrom
previousapproachesin its ability to detectfacesextremely
rapidly. Operatingon384by288pixel images,facesarede-

tectedat 15 framespersecondon a conventional 700MHz
Intel PentiumIII. In otherfacedetectionsystems,auxiliary
information,suchasimagedifferencesin videosequences,
or pixel color in color images,have beenusedto achieve
high frame rates. Our systemachieves high frame rates
working only with theinformationpresent in a singlegrey
scaleimage. Thesealternative sourcesof informationcan
alsobe integratedwith our systemto achieve even higher
frame rates.

Therearethreemain contributions of our objectdetec-
tion framework. We will introduce eachof theseideas
brie�y below andthendescribethemin detailin subsequent
sections.

The�rst contribution of this paperis anew imagerepre-
sentationcalledan integral image that allows for very fast
feature evaluation. Motivatedin partby thework of Papa-
georgiou et al. our detectionsystemdoesnot work directly
with imageintensities[10]. Like theseauthors we usea
setof featureswhich are reminiscentof HaarBasisfunc-
tions(thoughwewill alsouserelated�lters whicharemore
complex thanHaar�lters). In order to compute thesefea-
turesvery rapidly at many scaleswe introducethe integral
imagerepresentationfor images.Theintegral imagecanbe
computedfrom an imageusinga few operationsperpixel.
Oncecomputed,any oneof theseHarr-like featurescanbe
computedat any scaleor locationin constanttime.

The secondcontribution of this paper is a methodfor
constructing a classi�er by selectinga smallnumber of im-
portantfeaturesusingAdaBoost[6]. Within any imagesub-
window thetotalnumberof Harr-like featuresis very large,
far larger thanthenumber of pixels. In order to ensurefast
classi�cation,thelearning processmustexcludealargema-
jority of theavailablefeatures,andfocus on a small setof
critical features.Motivatedby thework of Tieu andViola,
feature selectionis achieved througha simplemodi�cation
of theAdaBoostprocedure:theweaklearneris constrained
so thateachweakclassi�er returnedcandependon only a
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single feature[2]. As a result eachstageof the boosting
process,whichselectsa new weakclassi�er, canbeviewed
asa featureselectionprocess.AdaBoostprovidesaneffec-
tive learning algorithmandstrongboundsongeneralization
performance[13, 9, 10].

The third major contribution of this paperis a method
for combining successively morecomplex classi�ers in a
cascadestructurewhichdramaticallyincreasesthespeedof
thedetectorby focusingattentionon promising regions of
theimage.Thenotion behindfocusof attentionapproaches
is that it is oftenpossibleto rapidly determine wherein an
imageanobject might occur[17, 8, 1]. Morecomplex pro-
cessingis reserved only for thesepromising regions. The
key measureof suchanapproachis the“f alsenegative” rate
of the attentional process.It mustbe the casethat all, or
almostall, object instancesareselectedby the attentional
�lter .

Wewill describeaprocessfor traininganextremelysim-
ple andef�cient classi�er which canbe usedasa “super-
vised” focus of attentionoperator. The term supervised
refers to the fact that the attentional operator is trainedto
detectexamplesof a particularclass.In thedomain of face
detection it is possibleto achieve fewer than1% falseneg-
ativesand40%falsepositives usingaclassi�er constructed
from two Harr-like features. The effect of this �lter is to
reduceby over onehalf thenumberof locations wherethe
�nal detectormustbeevaluated.

Thosesub-windows which arenot rejectedby theinitial
classi�er areprocessedby a sequence of classi�ers, each
slightly morecomplex thanthelast. If any classi�er rejects
the sub-window, no further processingis performed. The
structure of the cascadeddetectionprocessis essentially
thatof a degeneratedecisiontree,andassuchis relatedto
thework of Gemanandcolleagues [1, 4].

An extremely fast facedetectorwill have broad prac-
tical applications. Theseinclude user interfaces, image
databases,and teleconferencing. In applications where
rapid frame-ratesarenot necessary, our systemwill allow
for signi�cant additional post-processingandanalysis. In
addition oursystemcanbeimplementedonawiderangeof
smalllow power devices,including hand-heldsandembed-
dedprocessors.In our lab we have implemented this face
detector on the Compaq iPaq handheld andhave achieved
detection at two framesper second(this device hasa low
power 200mipsStrongArm processorwhich lacks�oating
point hardware).

The remainder of the paperdescribesour contributions
anda number of experimentalresults,including a detailed
description of our experimentalmethodology. Discussion
of closelyrelatedwork takesplaceat the endof eachsec-
tion.

2. Features
Our objectdetectionprocedureclassi�es imagesbasedon
the value of simple features. Therearemany motivations
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Figure1: Example rectangle features shown relative to the
enclosing detectionwindow. The sumof the pixels which
lie within thewhite rectanglesaresubtractedfrom thesum
of pixels in thegrey rectangles.Two-rectangle featuresare
shown in (A) and(B). Figure(C) shows a three-rectangle
feature,and(D) a four-rectanglefeature.

for usingfeaturesratherthanthepixelsdirectly. Themost
common reasonis that features canact to encode ad-hoc
domain knowledgethat is dif�cu lt to learn using a �nite
quantity of training data. For this systemthereis also a
secondcritical motivation for features: the featurebased
systemoperates much fasterthanapixel-basedsystem.

The simplefeaturesusedarereminiscentof Haarbasis
functionswhichhavebeenusedbyPapageorgiouetal. [10].
Morespeci�cally, weusethreekindsof features.Thevalue
of atwo-rectanglefeatureis thedifferencebetweenthesum
of the pixels within two rectangular regions. The regions
have the samesizeandshapeandarehorizontally or ver-
tically adjacent (seeFigure1). A three-rectangle feature
computesthesumwithin two outsiderectanglessubtracted
from thesumin a centerrectangle.Finally a four-rectangle
feature computesthe differencebetweendiagonal pairsof
rectangles.

Given that the baseresolutionof the detector is 24x24,
theexhaustive setof rectangle featuresis quite large, over
180,000. Notethatunlike theHaarbasis,thesetof rectan-
gle features is overcomplete1.

2.1. Integral Image
Rectanglefeaturescanbe computedvery rapidly usingan
intermediaterepresentationfor theimagewhichwecall the
integral image.2 Theintegralimageatlocation�
��� contains
thesumof thepixelsaboveandto theleft of �
��� , inclusive:

�����

��������� �

�������! "#�$�%"

���

�'&����(&$���

1A complete basishasno linear dependencebetweenbasiselements
andhasthesamenumberof elementsastheimagespace, in this case576.
Thefull setof 180,000thousand featuresis many timesover-complete.

2Thereis a closerelation to ªsummedareatablesºasusedin graphics
[3]. We choosea differentnameherein orderto emphasizeits usefor the
analysisof images,ratherthanfor texturemapping.
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Figure 2: Thesumof thepixels within rectangle � canbe
computedwith four arrayreferences.Thevalueof theinte-
gral imageat location1 is thesumof thepixelsin rectangle

�

. Thevalueat location2 is
�����

, at location3 is
�����

,
andat location4 is

�����	�����

� . Thesumwithin � can
becomputedas 
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��� ��� is theintegral imageand
���

������� is theorigi-
nal image.Usingthefollowing pairof recurrences:
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(where �

�

��� �(� is the cumulative row sum, �

�

���


��

� ��� ,
and

� ���


��

����� ��� ) the integral imagecanbecomputedin
onepassover theoriginal image.

Using the integral image any rectangular sum can be
computedin four arrayreferences(seeFigure2). Clearly
the differencebetweentwo rectangular sumscanbe com-
puted in eight references. Sincethe two-rectangle features
de�ned above involve adjacent rectangular sumsthey can
be computed in six array references,eight in the caseof
thethree-rectanglefeatures,andninefor four-rectanglefea-
tures.

2.2. FeatureDiscussion
Rectanglefeaturesaresomewhat primitive whencompared
with alternativessuchassteerable�lters [5, 7]. Steerable�l-
ters,andtheir relatives,areexcellentfor thedetailedanaly-
sisof boundaries,imagecompression,andtexture analysis.
In contrast rectanglefeatures, while sensitive to the pres-
enceof edges,bars,andothersimpleimagestructure, are
quite coarse.Unlike steerable�lters the only orientations
availablearevertical,horizontal, anddiagonal. The setof
rectangle featuresdo however provide a rich imagerepre-
sentationwhich supports effective learning. In conjunction
with theintegral image, theef�ciency of therectangle fea-
turesetprovidesamplecompensationfor their limited �e x-
ibility .

3. Learning Classi�cation Functions
Given a feature setanda training setof positive andneg-
ative images,any number of machine learningapproaches

couldbeusedto learna classi�cationfunction. In our sys-
tema variantof AdaBoostis usedbothto selecta smallset
of featuresandtrain theclassi�er [6]. In its original form,
theAdaBoost learningalgorithm is usedto boosttheclas-
si�cation performanceof asimple(sometimescalledweak)
learning algorithm. Therearea numberof formal guaran-
teesprovidedby theAdaBoost learning procedure. Freund
and Schapire proved that the training error of the strong
classi�er approacheszeroexponentially in the number of
rounds. More importantly a number of resultswere later
proved about generalizationperformance[14]. The key
insight is that generalization performanceis relatedto the
margin of the examples,andthat AdaBoost achieveslarge
margins rapidly.

Recallthat thereareover 180,000rectangle featuresas-
sociatedwith eachimagesub-window, a number far larger
thanthe number of pixels. Even though eachfeaturecan
becomputedveryef�ciently , computing thecompletesetis
prohibitively expensive. Ourhypothesis,whichis borneout
by experiment,is thatavery smallnumberof thesefeatures
canbe combined to form aneffective classi�er. Themain
challenge is to �nd thesefeatures.

In support of this goal, the weak learningalgorithmis
designed to selectthe single rectangle featurewhich best
separatesthepositiveandnegativeexamples(this is similar
to theapproachof [2] in thedomainof imagedatabasere-
trieval). For eachfeature,theweaklearnerdeterminesthe
optimal thresholdclassi�cationfunction, suchthatthemin-
imum numberof examplesaremisclassi�ed.A weakclas-
si�er ���

�

�%� thusconsistsof a feature ��� , a threshold��� and
aparity  !� indicatingthedirectionof theinequalitysign:

�
�

�

�%� �#"

�

if  
�

�
�

�

�%�%$

 
�

�
�

� otherwise

Here � is a 24x24 pixel sub-window of an image.SeeTa-
ble1 for asummaryof theboostingprocess.

In practiceno singlefeaturecanperform the classi�ca-
tion taskwith low error. Featureswhichareselectedin early
roundsof theboostingprocesshaderrorratesbetween0.1
and0.3. Featuresselectedin later rounds,asthe taskbe-
comesmore dif�cult, yield errorratesbetween0.4and0.5.

3.1. Learning Discussion
Many general feature selectionprocedures have beenpro-
posed(seechapter8 of [18] for a review). Our �nal appli-
cationdemandeda very aggressive approachwhich would
discardthevastmajorityof features.For a similar recogni-
tionproblemPapageorgiouetal. proposedaschemefor fea-
tureselectionbasedon featurevariance [10]. They demon-
stratedgood resultsselecting37features outof a total1734
features.

Roth et al. proposea feature selectionprocessbased
on the Winnow exponential perceptronlearningrule [11].
TheWinnow learningprocessconvergestoasolutionwhere
many of theseweightsarezero. Neverthelessa very large
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� Given example images
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Table 1: The AdaBoost algorithm for classi�er learn-
ing. Eachroundof boostingselectsone featurefrom the
180,000potentialfeatures.

numberof features areretained(perhapsa few hundredor
thousand).

3.2. Learning Results
While detailson the training andperformance of the �nal
systemare presented in Section5, several simple results
merit discussion. Initial experimentsdemonstratedthat a
frontal faceclassi�er constructedfrom 200 featuresyields
a detectionrate of 95% with a falsepositive rate of 1 in
14084. Theseresultsarecompelling, but not suf�cient for
many real-world tasks. In termsof computation,this clas-
si�er is probably fasterthan any other publishedsystem,
requiring 0.7 secondsto scanan 384 by 288 pixel image.
Unfortunately, the moststraightforward technique for im-
proving detectionperformance,addingfeaturesto theclas-
si�er , directly increasescomputationtime.

For the taskof facedetection, the initial rectanglefea-
turesselectedby AdaBoostaremeaningful andeasilyinter-
preted. The�rst featureselectedseemsto focusontheprop-
ertythattheregionof theeyesis oftendarkerthantheregion

Figure 3: The �rst and secondfeatures selectedby Ad-
aBoost.Thetwo features areshown in thetoprow andthen
overlayedon a typical trainingfacein thebottom row. The
�rst featuremeasuresthedifferencein intensitybetweenthe
region of theeyesandaregionacrosstheuppercheeks.The
feature capitalizeson theobservation that theeye region is
oftendarker thanthecheeks. Thesecondfeaturecompares
the intensitiesin theeye regions to the intensityacrossthe
bridgeof thenose.

of the noseandcheeks(seeFigure3). This featureis rel-
atively largein comparisonwith thedetection sub-window,
andshouldbesomewhatinsensitive to sizeandlocationof
theface.Thesecondfeature selectedrelieson theproperty
thattheeyesaredarker thanthebridgeof thenose.

4. The Attentional Cascade
This sectiondescribesanalgorithm for constructing a cas-
cadeof classi�erswhich achieves increaseddetectionper-
formancewhile radically reducing computationtime. The
key insight is that smaller, and therefore more ef�cient,
boostedclassi�erscanbeconstructedwhich rejectmany of
the negative sub-windows while detectingalmostall posi-
tive instances(i.e. thethresholdof a boostedclassi�er can
beadjustedso that the falsenegative rateis closeto zero).
Simpler classi�ers areusedto reject the majority of sub-
windows before more complex classi�ers arecalledupon
to achieve low falsepositiverates.

Theoverall form of thedetectionprocessis thatof a de-
generatedecisiontree,what we call a “cascade”(seeFig-
ure4). A positive resultfrom the�rst classi�er triggersthe
evaluation of a secondclassi�er which hasalso beenad-
justedto achieveveryhighdetectionrates.A positiveresult
from thesecondclassi�er triggersa third classi�er, andso
on. A negativeoutcomeat any point leadsto theimmediate
rejectionof thesub-window.

Stagesin the cascadeareconstructedby training clas-
si�ers usingAdaBoostandthenadjustingthe threshold to
minimize falsenegatives. Note that the default AdaBoost
threshold is designedto yield a low error rateon the train-
ing data. In general a lower threshold yieldshigherdetec-
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Figure 4: Schematicdepictionof a the detectioncascade.
A seriesof classi�ersareappliedto every sub-window. The
initial classi�ereliminatesalargenumber of negativeexam-
pleswith verylittle processing. Subsequent layerseliminate
additionalnegativesbut requireadditionalcomputation.Af-
terseveral stagesof processingthenumber of sub-windows
have beenreduced radically. Furtherprocessingcan take
any form suchasadditional stagesof thecascade(asin our
detection system)or analternative detection system.

tion ratesandhigher falsepositiverates.

For example anexcellent �rst stageclassi�er canbecon-
structedfrom atwo-featurestrongclassi�erby reducingthe
threshold to minimize falsenegatives. Measuredagainst a
validationtrainingset,the threshold canbeadjustedto de-
tect100% of thefaceswith afalsepositiverateof 40%.See
Figure 3 for a description of the two featuresusedin this
classi�er.

Computation of the two featureclassi�er amounts to
about 60 microprocessorinstructions. It seemshard to
imagine that any simpler�lter could achieve higherrejec-
tion rates. By comparison, scanninga simple imagetem-
plate,or asinglelayerperceptron,wouldrequireat least20
timesasmany operationspersub-window.

The structure of the cascadere�ects the fact that
within any singleimageanoverwhelmingmajority of sub-
windows arenegative. As such,thecascadeattemptsto re-
ject asmany negativesaspossibleat theearlieststagepos-
sible. While a positive instancewill trigger the evaluation
of everyclassi�er in thecascade,this is anexceedingly rare
event.

Much like a decision tree, subsequent classi�ers are
trainedusing thoseexamples which passthrough all the
previous stages.As a result, the secondclassi�er facesa
moredif�cult taskthanthe�rst. Theexampleswhichmake
it through the �rst stageare “harder” than typical exam-
ples. The more dif�cult examplesfacedby deeper classi-
�ers pushtheentirereceiveroperatingcharacteristic(ROC)
curve downward. At a givendetectionrate,deeperclassi-
�ers havecorrespondingly higherfalsepositiverates.

4.1. Training a Cascadeof Classi�ers
The cascadetraining processinvolves two typesof trade-
offs. In most casesclassi�ers with more featureswill
achievehigherdetectionratesandlowerfalsepositiverates.
At thesametimeclassi�erswith morefeaturesrequire more
timeto compute. In principle onecouldde�ne anoptimiza-
tion framework in which: i) thenumber of classi�er stages,
ii) thenumberof features in eachstage,andiii) thethresh-
old of eachstage,are tradedoff in order to minimize the
expectednumberof evaluatedfeatures.Unfortunately�nd-
ing thisoptimumis a tremendouslydif�cult problem.

In practicea very simpleframework is usedto produce
aneffective classi�er which is highly ef�cient. Eachstage
in thecascadereducesthefalsepositive rateanddecreases
the detectionrate. A target is selectedfor the minimum
reduction in falsepositives andthe maximum decrease in
detection. Eachstageis trainedby adding featuresuntil the
targetdetectionandfalsepositivesratesaremet( theserates
aredeterminedby testingthedetectoron a validationset).
Stagesareaddeduntil the overall target for falsepositive
anddetectionrateis met.

4.2. Detector CascadeDiscussion
Thecompletefacedetectioncascadehas38stageswith over
6000 features.Neverthelessthecascadestructureresultsin
fast averagedetectiontimes. On a dif�cult dataset,con-
taining 507 facesand 75 million sub-windows, facesare
detectedusinganaverageof 10featureevaluationspersub-
window. In comparison,thissystemis about 15timesfaster
thananimplementation of thedetectionsystemconstructed
by Rowley et al.3 [12]

A notion similar to the cascadeappears in the facede-
tectionsystemdescribed by Rowley et al. in which two de-
tectionnetworksareused[12]. Rowley et al. useda faster
yet lessaccuratenetwork to prescreen theimagein orderto
�nd candidate regionsfor a slower moreaccuratenetwork.
Though it is dif�cult to determine exactly, it appearsthat
Rowley et al.'s two network facesystemis thefastestexist-
ing facedetector.4

The structure of the cascadeddetectionprocessis es-
sentially that of a degeneratedecisiontree,andassuchis
relatedto the work of Amit andGeman[1]. Unlike tech-
niqueswhichusea�x eddetector, Amit andGemanpropose
analternative point of view whereunusual co-occurrences
of simpleimagefeaturesareusedto trigger theevaluation
of a morecomplex detectionprocess.In this way the full
detectionprocessneednot beevaluatedat many of thepo-
tential imagelocations andscales.While this basicinsight

3Henry Rowley very graciously suppliedus with implementationsof
his detection systemfor direct comparison. Reported results areagainst
his fastestsystem.It is dif®cult to determinefrom thepublishedlit erature,
but the Rowley-Baluja-Kanade detector is widely considered the fastest
detection systemandhasbeenheavil y testedon real-world problems.

4Other publisheddetectors have either neglected to discussperfor-
mancein detail, or have never publisheddetection andfalsepositive rates
on a largeanddif®cult training set.
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is very valuable, in their implementation it is necessaryto
�rst evaluatesomefeaturedetectoratevery location.These
featuresarethengroupedto �nd unusualco-occurrences. In
practice,sincetheform of ourdetectorandthefeaturesthat
it usesareextremely ef�cient, theamortized costof evalu-
atingourdetectorateveryscaleandlocationis muchfaster
than�nding andgroupingedgesthroughouttheimage.

In recentwork FleuretandGemanhavepresenteda face
detection techniquewhich reliesona “chain” of testsin or-
derto signify thepresenceof a faceataparticular scaleand
location [4]. Theimagepropertiesmeasured by Fleuretand
Geman, disjunctionsof �ne scaleedges,arequitedifferent
thanrectangle features which aresimple,exist at all scales,
andaresomewhat interpretable. The two approachesalso
differ radicallyin their learning philosophy. Themotivation
for FleuretandGeman's learningprocessis densityestima-
tion anddensitydiscrimination, while ourdetectoris purely
discriminative. Finally thefalsepositive rateof Fleuretand
Geman's approachappearsto behigher thanthatof previ-
ousapproacheslike Rowley et al. andthis approach. Un-
fortunatelythepaperdoesnot report quantitative resultsof
thiskind. Theincludedexample imageseachhavebetween
2 and10 falsepositives.

5 Results

A 38 layercascadedclassi�er wastrainedto detectfrontal
upright faces.To train the detector, a setof faceandnon-
facetraining imageswereused.The facetrainingsetcon-
sistedof 4916 handlabeledfacesscaledandalignedto a
baseresolutionof 24 by 24 pixels. The faceswere ex-
tractedfrom images downloadedduring a random crawl of
theworld wideweb. Sometypical faceexamplesareshown
in Figure 5. The non-facesubwindows usedto train the
detector comefrom 9544 imageswhich weremanually in-
spectedandfoundto notcontainany faces.Thereareabout
350million subwindows within thesenon-faceimages.

Thenumber of featuresin the�rst � ve layersof thede-
tector is 1, 10, 25, 25 and 50 featuresrespectively. The
remaining layershaveincreasingly more features. Thetotal
numberof featuresin all layersis 6061.

Eachclassi�er in thecascadewastrainedwith the4916
training faces(plus their vertical mirror imagesfor a total
of 9832training faces)and10,000 non-facesub-windows
(alsoof size24 by 24 pixels) usingthe Adaboost training
procedure. For the initial one feature classi�er, the non-
facetrainingexampleswerecollectedby selectingrandom
sub-windows from a setof 9544imageswhichdid notcon-
tain faces.Thenon-faceexamplesusedto train subsequent
layers wereobtainedby scanningthepartialcascadeacross
thenon-faceimagesandcollectingfalsepositives. A max-
imumof 10000 suchnon-facesub-windows werecollected
for eachlayer.

Speedof the Final Detector

Figure5: Example of frontal upright faceimagesusedfor
training.

Thespeedof thecascadeddetector is directly relatedto
thenumberof featuresevaluatedperscannedsub-window.
Evaluatedon theMIT+CMU testset[12], anaverageof 10
featuresoutof atotalof 6061 areevaluatedpersub-window.
This is possiblebecausea large majority of sub-windows
arerejectedby the�rst or secondlayer in thecascade.On
a700Mhz PentiumIII processor, thefacedetector canpro-
cessa 384 by 288 pixel imagein about .067seconds (us-
ing a startingscaleof 1.25anda stepsizeof 1.5described
below). This is roughly 15 times fasterthanthe Rowley-
Baluja-Kanadedetector[12] andabout600timesfasterthan
theSchneiderman-Kanadedetector[15].

ImageProcessing
All example sub-windows usedfor training were vari-

ancenormalized to minimize the effect of different light-
ing conditions.Normalization is thereforenecessaryduring
detectionaswell. The variance of an imagesub-window
canbe computedquickly usinga pair of integral images.
Recall that �

�

���

�


��

�

�

�

�

, where � is the standard
deviation, � is the mean,and � is the pixel valuewithin
the sub-window. Themeanof a sub-window canbe com-
putedusingthe integral image.Thesumof squaredpixels
is computedusingan integral imageof the imagesquared
(i.e. two integral imagesareusedin thescanningprocess).
During scanning the effect of imagenormalizationcanbe
achievedby post-multiplying thefeaturevalues ratherthan
pre-multiplying thepixels.

Scanningthe Detector
The �nal detector is scannedacrossthe imageat multi-

ple scalesandlocations.Scalingis achieved by scalingthe
detectoritself, ratherthanscalingthe image. This process
makessensebecause the featurescanbe evaluatedat any
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�

Detector

Falsedetections

10 31 50 65 78 95 167

Viola-Jones 76.1% 88.4% 91.4% 92.0% 92.1% 92.9% 93.9%
Viola-Jones(voting) 81.1% 89.7% 92.1% 93.1% 93.1% 93.2% 93.7%
Rowley-Baluja-Kanade 83.2% 86.0% - - - 89.2% 90.1%
Schneiderman-Kanade - - - 94.4% - - -
Roth-Yang-Ahuja - - - - (94.8%) - -

Table2: Detectionratesfor various numbers of falsepositiveson the MIT+CMU testsetcontaining 130 imagesand507
faces.

scalewith thesamecost.Goodresultswereobtainedusing
asetof scalesa factorof 1.25apart.

Thedetectoris alsoscannedacrosslocation.Subsequent
locationsareobtained by shiftingthewindow somenumber
of pixels

�

. Thisshiftingprocessis affected by thescaleof
thedetector: if thecurrentscaleis � thewindow is shifted
by �

�

���

, where �

�

is theroundingoperation.
Thechoiceof

�

affectsboththespeedof thedetector as
well asaccuracy. The resultswe presentarefor

�

�

���

� .
We canachieve a signi�cant speedup by setting

�

�

�����

with only a slightdecreasein accuracy.

Integration of Multiple Detections
Sincethe�nal detectoris insensitive to smallchangesin

translationandscale,multipledetections will usuallyoccur
aroundeachfacein ascannedimage.Thesameis oftentrue
of sometypesof falsepositives. In practiceit oftenmakes
senseto returnone�nal detection perface.Towardthisend
it is usefulto postprocessthedetectedsub-windowsin order
to combine overlapping detectionsinto asingledetection.

In theseexperimentsdetections arecombined in a very
simple fashion. The setof detections are �rst partitioned
into disjoint subsets.Two detectionsarein thesamesubset
if their bounding regions overlap. Eachpartition yields a
single �nal detection. The cornersof the �nal bounding
region aretheaverage of thecornersof all detections in the
set.

Experimentson a Real-World TestSet
We testedoursystemontheMIT+CMU frontal facetest

set[12]. This setconsistsof 130 images with 507 labeled
frontal faces.A ROCcurveshowing theperformanceof our
detector on this testsetis shown in Figure6. To createthe
ROC curve the threshold of the �nal layerclassi�er is ad-
justedfrom



	

to
��	

. Adjusting the threshold to
��	

will yield a detectionrateof 0.0 anda falsepositive rate
of 0.0. Adjustingthethreshold to



	

, however, increases
boththedetectionrateandfalsepositive rate,but only to a
certainpoint. Neitherratecanbehigherthantherateof the
detection cascademinusthe�nal layer. In effect, a thresh-
old of



	

is equivalent to removing that layer. Further
increasingthedetectionandfalsepositiveratesrequiresde-
creasingthe threshold of thenext classi�er in thecascade.

Thus,in orderto constructacompleteROCcurve,classi�er
layersareremoved.Weusethenumber of falsepositivesas
opposedto the rate of falsepositivesfor the x-axis of the
ROC curve to facilitatecomparisonwith othersystems.To
compute the falsepositive rate,simply divide by the total
number of sub-windows scanned. In our experiments,the
numberof sub-windowsscannedis 75,081,800.

Unfortunately, mostprevious publishedresultson face
detectionhaveonly includeda singleoperating regime (i.e.
singlepoint on theROC curve). To make comparisonwith
our detectoreasierwe have listedour detectionratefor the
falsepositive ratesreported by the othersystems.Table2
lists the detectionrate for variousnumbersof falsedetec-
tionsfor oursystemaswell asotherpublishedsystems.For
theRowley-Baluja-Kanade results[12], a numberof differ-
entversionsof theirdetectorweretestedyielding a number
of differentresultsthey areall listedin underthesamehead-
ing. For theRoth-Yang-Ahuja detector[11], they reported
their resulton theMIT+CMU testsetminus5 imagescon-
tainingline drawn facesremoved.

Figure7 shows theoutput of our facedetectoron some
testimagesfrom theMIT+CMU testset.

A simple voting schemeto further impr overesults
In table2 we alsoshow resultsfrom running threede-

tectors(the38 layeronedescribedaboveplustwo similarly
traineddetectors)and outputting the majority vote of the
threedetectors. This improvesthedetectionrateaswell as
eliminating morefalsepositives. The improvement would
begreaterif thedetectorsweremoreindependent.Thecor-
relationof theirerrorsresultsin amodestimprovement over
thebestsingledetector.

6 Conclusions

We have presented anapproachfor objectdetectionwhich
minimizescomputationtimewhile achievinghighdetection
accuracy. The approachwas usedto construct a facede-
tectionsystemwhich is approximately15 fasterthanany
previousapproach.

This paperbrings togethernew algorithms, representa-
tions, and insightswhich are quite genericand may well
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Figure 7: Outputof our facedetectorona numberof testimagesfrom theMIT+CMU testset.

Figure 6: ROC curve for our face detector on the
MIT+CMU testset.Thedetectorwasrun usinga stepsize
of 1.0 andstartingscaleof 1.0 (75,081,800 sub-windows
scanned).

havebroaderapplicationin computervisionandimagepro-
cessing.

Finally this paperpresents a setof detailedexperiments
on a dif�cult facedetectiondatasetwhich hasbeenwidely
studied. Thisdatasetincludesfacesunderaverywiderange
of conditions including: illumination, scale,pose,andcam-
era variation. Experimentson sucha large and complex
datasetaredif�cult andtime consuming. Neverthelesssys-
temswhich work under theseconditions areunlikely to be
brittle or limited to a singlesetof conditions. More impor-
tantly conclusionsdrawn from this datasetareunlikely to
beexperimentalartifacts.
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