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Abstract

Facedetectionsystemshaverecentlyachievedhigh detec-
tion rates[11, 8, 5] and real-timeperformance[11]. How-
ever, thesemethodsusuallyrelyona hugetrainingdatabase
(around ��������� positiveexamplesfor good performance).
While such huge databasesmaybe feasiblefor building a
systemthat detectsa singleobject,it is obviouslyproblem-
atic for scenarioswhere multipleobjects(or multipleviews
of a singleobject)needto bedetected.Indeed,evenfor mul-
tiview facedetectiontheperformanceof existingsystemsis
far fromsatisfactory.

In thisworkwefocusontheproblemof learningto detect
objectsfrom a small training database. We showthat per-
formancedependscrucially on the features that are used
to representthe objects. Speci�cally, we showthat using
local edge orientation histograms(EOH) as features can
signi�cantly improve performancecompared to the stan-
dard linear featuresusedin existing systems.For frontal
faces,local orientationhistogramsenablestateof the art
performanceusingonly a few hundred training examples.
For pro�le view faces,local orientationhistogramsenable
learninga systemthat seemsto outperformthestateof the
art in real-timesystemsevenwith a smallnumberof train-
ing examples.

1 Intr oduction

In recentyears,considerableprogresshasbeenmadeonthe
problemof frontal facedetection[11, 8, 5]. Existing sys-
temsachieve roughly 	���
 detectionrate with a tolerable
amountof falsepositivesandcanoperatein real time [11].
Onemightbetempted,therefore,to declarefrontal facede-
tectiona “solved” problem.

Despitethis �rst impression,mostof thefrontal facede-
tectionsystemsrequirea hugetrainingdatabaseto achieve
goodresults. Furthermore,mostof thesesystemscannot
beeasilyappliedfor othertypesof objects.Even thesim-
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Figure1: Frontal facedetectionratesasa function of the
sizeof thetrainingdatabase(with about100falsepositives
on the MIT-CMU testset). The two curvesshow systems
trained using an identical learningalgorithm (AdaBoost)
andwith thesametrainingsetbut with differentfeaturerep-
resentationsof the input patch. In the bottom curve, the
featuresweretheonessuggestedby Viola andJones[11],
namelyedge�lter responsesatdifferentsizesandlocations
(see�gure 2). Thetop curveshows theperformancewhere
featuresincludetheedge�lter responsesaswell aslocalori-
entationhistograms.We alsotesteda third typeof features,
theaverageintensityof imagesub-patches.With thesefea-
tureswe got poor results(30.2%with 100 examplesand
34%with 250examples).

ilar problemof detectingpro�le view faces,is found to be
muchharder.

In this paperwe focus on achieving good results(in
termsof detectionrates)from small trainingdatabases.We
would also like to refrain from limiting the systemto the
frontal face detectionproblem but rather to �nd a more
genericsolution,thatcouldbeappliedto othertypesof ob-
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jects.
There are some advantagesto learning from small

databases.Obviously, thesystem's ability to achieve good
resultsfrom few examplesis strongevidencefor its gener-
alizationabilities.

Therearealsosomepracticalproblemswhenusinglarge
databases.Althoughit takesonly a few daysto gatherthou-
sandsof frontal faces,it is muchharderto createsuchlarge
databasesfor lesscommonobjects.Moreover, asmentioned
above, one of the major problemsin object detectionis
their diversi�ed appearancefrom differentpointsof view.
Most studiesovercomethis problemby training a classi-
�er for eachpoint of view [12, 8, 1]. However, this creates
many classi�ers,andthereforemakesit hardto gatherlarge
databasesfor eachpointof view.

As thesizeof thedatabaseincreases,therunningtimeof
the trainingphasealsoincreases.Usually we only require
that the runningtime of thedetectionphasebereasonable.
However, this is not alwaysthecase.For example,assum-
ing we want to train a facedetectoron a customer's site in
order to customizethe systemto the sites' speci�c condi-
tions. In suchcases,not only do we have few examples
but we would alsolike the trainingphaseto be asshortas
possible.

Learningsystemsusually consistof two elements,the
learningalgorithmandthefeatures.In this paperwe show
that thetypeof featurehasgreatimpacton theresults(see
�gure 1). In particular, we show thatusinglocal edgeori-
entationhistograms(EOH) asfeaturesin theAdaBoostal-
gorithmgreatlyimprovesthelearningof frontal facesfrom
a smalldatabaseandenablesimproving thestate-of-theart
real-timesystemsfor learningpro�le faces.We alsoshow
that theEOH featuresarenot limited to facesandcansig-
ni�cantly improveresultsondifferenttypesof objectssuch
aschairs.

1.1 Previouswork

In the last few years,major advanceshave beenmadeto-
ward a real-time,reliableandaccuratefacedetectionsys-
tem. The most commonapproachwas to use statistical
learningtools, mainly from the �eld of supervisedlearn-
ing, in which the input of thealgorithmis a labeledsetof
examples,containingimagesof facesaswell asnon-face
images[7, 11, 8].

Oneof theearliestworksonfacedetectionwaspresented
by Rowley, Baluja andKanade[7]. They traineda neural
network with a databaseof 1050faces.They manipulated
this database(mainly by applyingrotations)andtheir �nal
databaseincludedmorethan10,000faces.Later on, they
extendedtheir work suchthat it would be invariant to in-
planerotation[6].

Schneidermanand Kanade[8] use a Naive Bayesap-

proachwith waveletscoef�cients or eigenvectorsastheat-
tributes.Theirmethodachievesexcellentresultsin termsof
detectionrate,yet is notapplicablein real-time.Theirwork
wasthe �rst to successfullyaddresstheproblemof detect-
ing facesfrom pro�le point of view (pro�le faces).Schnei-
dermanandKanadecreateda trainingdatabasecontaining
over2000frontal view faces(frontal faces).They extended
their databaseby applyingsmallchangesin rotation,scale,
positionetc.oneachof the2000faces.All togethertheir �-
nal trainingdatabasecontainedmorethan80,000examples.

Viola andJones[11] presentedthe �rst highly accurate
aswell asreal-timefrontal facedetector. In theirwork they
presenteda set of very simple featuresand usedthe Ad-
aBoostalgorithmto build a cascadeof classi�ers.Thecas-
cadedatastructuredecreasestherunningtimeof thesystem
by rejectingat thebeginningof thecascademostof thear-
easin the imagewhich do not containa face. They used
morethan5000examplesto train their systemandtheir �-
nal detectorachievesover 90% detectionrate in real-time
performance(15 framespersecond).

Although many studiesdeal with the frontal face de-
tectionproblem,only few have addressedthe problemof
detectingpro�le faces[12, 8, 1]. As mentionedbefore,
Schneidermanand Kanade[8] were the �rst to presenta
relatively accurate(but not real-time)pro�le facedetector.
Somework hasbeendoneto extendViola andJones'work
for thepro�le facedetectionproblem.Li etal. [1] presented
apro�le facedetectorbut didnotpublishthedetectionrates.
Lately, Viola andJonespresentedsmall variationsin their
featuresetandappliedit on pro�le faces.[12]. Despitethe
fact that their pro�le detectoris lessaccuratethanSchnei-
dermanandKanade's it doeswork in real-time.

Orientationhistogramshave alreadybeenidenti�ed as
an informative tool for various vision tasks. C.Sunand
D.Si [10] usedorientationhistogramsto �nd the symme-
try axisin animage.W.FreemanandM.Roth[2] developed
a methodfor handgesturerecognitionbasedon theglobal
orientationhistogramof the image. Lowe [4] developed
a recognitionmethodwhich is basedon local orientation
histograms.However, this methodis targetedin scenarios
wherea speci�c instanceshouldbe recognisedratherthan
in generalisationto theobjectclass.

2 Systemdescription

Sinceour intentionis to �nd visualattributeswhich will be
usefulin detectiontasksratherthandevelopinganew algo-
rithm, we adoptedViola andJones'[11] framework which
proved itself to be both accurateandfast. We will brie�y
describethis framework.

In orderto detecta facein animagewe needto examine
eachpossiblesub-window and determinewhetherit con-
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linearedges meanintensity edgeorientationhistogram(EOH)

Figure2: Thethreetypesof featureswe arecomparingin this paper. We show thatusinglocal orientationhistogramsover
a subareaof the facegreatlyimprovestheperformancein comparisonto Viola andJones'linearedges.On theotherhand
usingonly meanintensityfeaturesgreatlydecreasestheperformance.

tainsa faceor not. In a regular imageof 320*240pixels
thereareup to 500,000sub-windows.

In orderto reducethe total runningtime of the system,
we needto radically boundthe averagetime that the sys-
tem spendson eachsub-window. For this purpose,Viola
andJones[11] suggestedusingacascadeof classi�ers.The
ideaof a cascadeis basedon theobservationthatwe need
very few featuresto createa classi�er that acceptsalmost
all (morethan99%)positiveexampleswhile rejectingmany
(20 - 50%)of thefalseexamples.Linking many suchclas-
si�ers oneaftertheotherwill createa cascadeof classi�ers
that separatestrue from false examplesalmost perfectly.
This is donewith a very low cost per testedwindow be-
causemostof thenon-facesub-windowswill berejectedin
theearlyclassi�ersof thecascade.Viola andJonesusethe
discreteversionof Adaboost[3] to selectfeaturesandde-
terminetheir weights. Thereforeat stage� of the cascade
theclassi�er is:
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We deviate slightly from the framework of Viola and

Jonesin thatwe foundthatwe canimprove detectionrates
of frontal facesby usinga secondcascade,which contains
theverticalmirror imageof thefeaturesin thecascadethat
wascreated.Using the original cascadeandthe mirrored

cascadeat thesametime,wecangainupto 2%moredetec-
tion rateswith thesamefalsedetectionrate.

3 Featuresfor AdaBoost

Every weaklearnerin the Viola andJonesframework is a
thresholdedfeaturedetector. During boosting,a subsetof
featuresis chosenfrom this pool of features.We compared
threetypesof featurepools:

> Linearedgedetectorsasusedoriginally by Viola and
Jones.Thesefeaturesmeasurethe responseof linear
edgedetectorsatdifferentsubareasof theinput image.

> Averageintensity detectors. Thesefeaturessimply
measurethe meanintensityat a subareaof the input
image.

> Localedgeorientationhistograms(EOH).

Figure2 illustratesthethreetypesof features.While global
orientationhistogramshavebeenusedextensively in awide
rangeof visionapplications(e.g.[2, 10,9]) theuseof local-
ized orientationhistogramsfor object detection,is to the
bestof our knowledge,novel.

Our reasonfor using local orientationhistogramswas
our belief that they would give muchbettergeneralization
than simple linear edge�lters. First, the orientationhis-
togramis largely invariantto global illumination changes.
Second,local orientationhistogramsarecapableof captur-
ing geometricpropertiesof facesthataredif�cult to capture
with linearedge�lters. Figure3 showssomeexamples.We
will now explain thecalculationof thelocalorientationhis-
togramsin detail.

3.1 Preprocessing

We begin by performingedgedetectionon the image. We
useSobelmasksdueto their simplicity andef�ciency.
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a) b) c) d)

Figure3: Globalvs.Localstatisticsof frontal faces.Usingtheorientationhistogramswecangatherbothglobalstatisticsof
theobjectaswell aslocal statistics.(a,b)showsomeglobal characteristicof a face. (c,d)showimportantlocal features.a)
Theinnerpart of thefaceasa wholeincludesmuch morehorizontaledgesthanverticaledges.b) Theratio betweenvertical
andhorizontaledgesis bounded.c) Theareaof theeyesincludesmainlyhorizontaledges.d) Thechin hasmore or lessthe
samenumberof obliqueedgesonbothsides.

The gradientsat the point (x,y) in the image ? can be
foundby convolving Sobelmaskswith theimage.
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In orderto ignorenoisewe thresholdG(x,y) suchthat
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A major drawback of Sobelmasksis that we have to
manuallyset the value of the thresholdT. In our experi-
mentsthevalueof T wassetto bebetween80and110.

Theorientationof theedgeis
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We then divide the edgesinto K bins. We denotethe
valueof the b
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We found that when k valuesbetween4 to 8 the sys-
temgeneralizeswell andconsumesonly a limited amount
of memory.

3.2 EdgeOrientation Histogram Features

Viola andJonesintroducedthe 'Integral Image' [11] and
usedit to calculatethesumof thepixels for any rectangle

in theimageatonly four tablelookupoperations.However,
the Integral Imagecanbeusedon any nonnegative arrays
suchasthe

d e

andthuswe cancalculateequation9 at only
four tablelookupoperations.
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WhereR is somesub-window in theimage.
We thende�ne a setof features,t , suchthat:
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3.2.1 Dominant Orientation Features

We aresometimesinterestedin �nding the dominantedge
orientationin a speci�c arearatherthanthe ratio between
two differentorientations. Thereforewe de�ne a slightly
differentsetof features,which measurestheratio between
asingleorientationandtheothers,i.e.
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The sizeof this featuregroup is boundedby |
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.
When thereis a dominantedgeorientationthesefeatures
aresuperiorto theprevioussetof features,t .
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3.2.2 Symmetry Features

It hasbeensuggestedbefore(seeC.SunandD.Si[10]), that
symmetryplaysanimportantrole in objectrecognition.We
thereforede�ne a third setof featureswhich capturessym-
metry in the image. The symmetryaxesarelocatedat the
centerof theimage.
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Where
m

% and
m

R arerectanglesof the samesizeandare
positionedatoppositesidesof thesymmetryaxes.Thesize
of thisgroupof featuresis boundedby |

���(}K�

. The •

% norm
betweenthe two histogramsis divided by the size of

m

%

suchas to preserve the scaleinvarianceproperty. As for
theprevioustypesof features,thesymmetryfeaturescanbe
usednot just to �nd symmetrybut alsoto �nd placeswere
symmetryis absent.For example,the lower andtheupper
partof thefacearenot symmetricto eachother.

4 Experimental results

4.1 Frontal faces

We collectedabout3000frontal facesmainly from the In-
ternetand from a databasethat we obtainedfrom Henry
Schneiderman. All faceswere croppedand rescaledto
a size of 24*24 pixels. As falseexampleswe randomly
downloaded over 10,000 images containing more than
100,000,000sub-windows. We usedMIT-CMU testsetto
testour system.This testsetcontains130imageswith 507
frontal view faces.However, someof thesefacesareline
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Figure4: The numberof featuresin the cascadeincreases
asthetrainingdatabasesizegrows.

drawn andthey haveaninterestingin�uence on theresults.
As the accuracy of the detectorgrows, i.e. asthe training
databasesizegrows, the detectionratesof the line drawn
facesdecrease.This impliesthatthesystemlearnedto sep-
aratebetweenline drawn facesand real faces. However,
sincemost previous paperspresentedtheir resultsfor the
entiredatabasesodid we.

4.1.1 The in�uence of the training databasesize

In orderto demonstratethein�uenceof thesizeof thetrain-
ing databasewe randomlycreatedtraining databaseseach
of themcontainingbetween10and2500examples.Wethen
trainedthe systemon eachof thesedatabases.In �gure 1
we show thedetectionrates(with 100 falsepositives)asa
function of the training databasesize. Already with only
250positiveexampleswecanseeabove90%detectionrate
whenusingbothEOH andViola andJones'features.

Theseresultsshow that the typeof featuresthatwe use
hasa crucial role in theability of thesystemto generalize
from asmallnumberof examples.Furthermore,wecansee
that the differencebetweenthe detectionratesof the two
methodsdecreasesasthedatabasesizegrowsyet it doesnot
vanish. With 2500 featureswe achieved 92.5%detection
with 100 falsepositiveswhile using Viola and Jones'set
of featuresthesystemachievedon thesamedatabaseonly
90.5%.

In �gure 5 we show someof thefeatureschosenby Ad-
aBoostat the �rst stages(1-3) of thecascade.We cansee
that it choosesmainly local features(5 - 10%of the face's
area)butalsoglobalfeatures.Wealsoseethatsomeof these
featuresareinternalwhile otherscapturetheoutlineof the
face.

A key advantageof usingsmalldatabasesis that there-
sultingclassi�er, is usuallyshorter, andthusfaster. In �g-
ure4 we presentthenumberof featuresthat the �nal clas-
si�ers contain. We can seethat the cascadecreatedafter
trainingon 250facescontainsonly 363features,which are
enoughfor reachingmorethan90%detectionrate.Ourbest
classi�er, whichwastrainedon2500faces,is 10 timesbig-
gerbut introducesonly a moderateimprovementin thede-
tectionrates.Not only doesthe small databasereducethe
size of the cascade(in termsof numberof features),but
moreover, usingtheEOH featuresreducesthis numberal-
mostby half.

Smallcascadesimprovetherunningtimeof thedetector,
aswell astremendouslyaffect therunningtimeof thetrain-
ing phase.We foundthattrainingthesystemon a database
of 250images,is 10 timesfasterthantrainingit over 2500
images.

In �gure 6 we presenta ROC curve of our resultson
a databaseof 2500 imagescomparedwith the resultswe
achieved using only Viola and Jones' features. With 99
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Figure5: Examplesof themostinformativefeatures.AdaBoostselectsthesefeaturesat the�rst stages(1-3) of thecascade.
Thefeaturein (a) determinesthat theaveragefaceincludesmoreverticaledgesthanslantedges.In (b) thesystemlearned
that theratio betweenverticaledgesandslantedgesis upperboundedby a threshold

5

. In (j) thesystemusesthefact that
theinternalpartof thefacecontainsmorehorizontaledgesthanverticaledges.Someof thesefeatures(see(a) and(c) ) are
usefulto rejectnon-faceimagesratherthanto accepta face.

falsedetection,weachieved92.5%detectionrate,while us-
ing only Viola andJones'featureswe achievedonly 90.5%
detectionrate (with the samenumberof falsedetections).
Viola andJones[11] trainedtheir systemon 4116faceand
their vertical mirror images(so that the total numberof
facesin thetrainingdatabaseis 8232).They reporteda de-
tectionrateof 92.1%detection(with 78 falsedetections).

As mentioned above, some of the images in the
MIT-CMU databaseare line drawn. Schneidermanand
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Figure6: ROCcurveson the2500examplesdatabase. The
advantageof usingEOH doesnot vanishon large training
databases.Theresultsof the systemwhenusingthe EOH
is constantlysuperiorto theresultsweachievedusingonly
Viola andJones'features.

Kanade's [8] resultsreferto thedatasetexcludingtheseim-
ages. They achieved a detectionof 94.4% with 65 false
detections.Our systemachievesa detectionrateof 92.9%
with 56 falsedetection(on theMIT-CMU databaseexclud-
ing the line drawn images). However, Schneidermanand
Kanade's [8] systemwastrainedonmorethan80,000faces
andis nota real-timesystem.

4.2 Pro�le Faces

Ourpro�le facesdatabasecontainsonly 300facesthatwere
taken from the Internetand from Henry Schneiderman's
training database.All facesin the training databaseare
between3/4 view and full pro�le. We manuallycropped
and rescaledtheseimagesto a size of 36*36 pixels. As
a testsetwe obtaineda databasefrom Schneidermanand
Kanadeat CMU. This databasecontains208 imageswith
347faces.This testsetwaspreviously usedby Schneider-
manandKanade[8] andby Viola andJones[12] asa test
set.

In �gure 7 weshow theROCcurveof ourpro�le detector
alongwith theresultsachievedusingonly Viola andJones'
features. As can be seen,the EOH featuressigni�cantly
improvetheresults.Our classi�er achievesa detectionrate
of 84.1%with 246 falsedetectionswhile usingonly Viola
andJones'featureswe achievedonly 73.9%with 313false
detections.

Not many previousworkshaveaddressedtheproblemof
detectingpro�le faces. In [12] Viola andJonesextended
theirsetof featuresandincludedalsodiagonal�lters. Their
training databaseincludes2868pro�le faces. In �gure 7
wealsoincludetheirROCcurve. Despitethedifferencesin
thetrainingdatabasesize,ourresultsaresigni�cantly better
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Figure7: ROC curvesof pro�le facedetectors.We com-
pareour detectorto Viola andJones'[12] results. We also
compareto theresultsachievedusingonly thebasicfeature
setof Viola andJoneson thesamedatabase.

thanViola andJones'results.With 389 falsedetectionwe
achieved a detectionrateof 90.2%while Viola andJones
achievedadetectionrateof 81.5%with 400falsedetection.

SchneidermanandKanade[8] achieveda detectionrate
of 92.8%with 700falsepositives,86.4%with 91 falsepos-
itivesand78.6%with 12 falsepositives.Schneidermanand
Kanade's resultsare slightly better than ours. However,
theirtrainingdatabasewashugeandoursystemis real-time.

4.3 Chairs

In orderto demonstratethat theEOH featuresarenot lim-
ited to faces,we usedour systemto createa chairdetector.
We collectedasetof 185chairimages,mainly from theIn-
ternet.We rescaledtheseimagesto a sizeof 0K§

L;¨

� pixels
anddividedtheminto two sets:trainingsetwhichcontained
100imagesandtestingsetwhich contained85 images.We
usedthesamenegativeexamplesaswe usedin thefacede-
tectors.

The resultsachievedby the chair detectorareshown in
�gure 8. It is clearfrom the resultsthat the EOH features
areveryef�cient andshow superiorperformanceoverViola
andJones'features.

5 Discussion

Despitethe impressive progressin the �eld of object de-
tection,currentmethodsstill dependon hugedatabasesto
compensatefor thevastvarietyin theappearanceof objects.

In this work we have showedthat learningfrom a small
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Figure8: ROC curvesof chair detectors. the improvement
achievedby theEOH featuresis not limited to faces.EOH
featuresperformbetteralso on different taskssuch as the
chair detector.

databaseis not only neededbut alsoa moredif�cult prob-
lem. We showed that good featuresare crucial to the
system's ability to learn from a small numberof exam-
ples.Speci�cally, we suggestedtheuseof localhistograms
of orientationas featuresfor object detectiontasks. We
showedthatthesehistogramssigni�cantly improvetheabil-
ity of thesystemto learnfrom smalltrainingdatabases.We
alsoshowedthatthesehistogramsarewell suitablefor other
detectiontaskssuchaspro�le faceandchairdetection.

Weachievedexcellentresultsonfrontal facesusingonly
250examples.We alsoexceededstateof theart resultson
pro�le facedetectionfor realtime systems.

In future,we intendto extendthis work by �nding more
visual features,e.g. cornerdetectors.We would also like
to apply this methodon othercategoriesof objectssuchas
animalsandbuildings.Wewouldliketo investigatethepos-
sibility of combiningtheEOH with othertypesof features
suchascolor andtexture featuresin orderto createa pool
of featuresthatcancopewith many typesof objects.
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