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Abstract

Facedetectionsystemsaverecentlyachieved high detec-
tion rates[1], 8, 5] andreal-timeperformance[1] How-
ever, thesemethodsuisuallyrelyona hugetraining database
(around positive examplesfor good performance).
While sudh huge databasegnay be feasiblefor building a
systenthat detectsa singleobject,it is obviouslyproblem-
atic for scenariosvhere multiple objects(or multiple views
ofasingleobject)needo bedetectedIndeed gvenfor mul-
tiview facedetectionthe performanceof existing systemss
far fromsatisfactory

In thisworkwefocusontheproblemoflearningto detect
objectsfrom a smalltraining database We showthat per
formancedependscrucially on the featuresthat are used
to representthe objects. Speci cally, we showthat using
local edge orientation histograms (EOH) as features can
signi cantly improve performancecompaed to the stan-
dard linear featues usedin existing systems.For frontal
faces,local orientation histogramsenablestate of the art
performanceusingonly a few hunded training examples.
For pro le view faces,local orientationhistagramsenable
learninga systenthat seemgo outperformthe stateof the
art in real-timesystem&venwith a smallnumberof train-
ing examples.

1 Intr oduction

In recentyears considerabl@rogresdiasbeenmadeonthe
problemof frontal facedetection[11, 8, 5]. EXxisting sys-
temsachieve roughly detectionrate with a tolerable
amountof falsepositvesandcanoperatean realtime [11].
Onemightbetemptedthereforeto declarefrontal facede-
tectiona “solved” problem.

Despitethis rst impressionmostof thefrontal facede-
tectionsystemgequirea hugetraining databasé¢o achieve
goodresults. Furthermoremostof thesesystemscannot
be easilyappliedfor othertypesof objects. Eventhe sim-
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Figure 1: Frontalfacedetectionratesasa function of the
sizeof thetrainingdatabaséwith about100falsepositives
on the MIT-CMU testset). The two curvesshav systems
trained using an identical learning algorithm (AdaBoost)
andwith thesametrainingsetbut with differentfeaturerep-
resentation®f the input patch. In the bottom curve, the
featureswerethe onessuggestedy Viola andJoneq11],
namelyedge lter responseatdifferentsizesandlocations
(see gure 2). Thetop curve shavs the performancevhere
featuresncludetheedgelter responseaswell aslocal ori-
entationhistogramsWe alsotesteda third type of features,
the averageintensityof imagesub-patchesWith thesefea-
tureswe got poor results(30.2% with 100 examplesand
34%with 250examples).

ilar problemof detectingpro le view faces,s foundto be
muchharder

In this paperwe focus on achieving good results(in
termsof detectiorrates)from smalltraining databasesVe
would alsolike to refrain from limiting the systemto the
frontal face detectionproblem but ratherto nd a more
genericsolution,thatcould be appliedto othertypesof ob-



jects.

There are some adwantagesto learning from small
databasesObviously, the systems ability to achieve good
resultsfrom few examplesis strongevidencefor its gener
alizationabilities.

Therearealsosomepracticalproblemswvhenusinglarge
databasesAlthoughit takesonly afew daysto gatherthou-
sandsof frontal facesjt is muchharderto createsuchlarge
databasefor lesscommonobjects.Moreover, asmentioned
above, one of the major problemsin object detectionis
their diversi ed appearancéom differentpoints of view.
Most studiesovercomethis problemby training a classi-
er for eachpoint of view [12, 8, 1]. However, this creates
mary classi ers,andthereforemakesit hardto gatherdarge
databasefor eachpointof view.

As thesizeof thedatabaséncreasegherunningtime of
the training phasealsoincreasesUsually we only require

thatthe runningtime of the detectionphasebe reasonable.

However, this is not alwaysthe case.For example,assum-
ing we wantto train a facedetectoron a customers sitein

orderto customizethe systemto the sites' speci ¢ condi-
tions. In suchcasesnot only do we have few examples
but we would alsolik e the training phaseto be asshortas
possible.

Learningsystemsusually consistof two elementsthe
learningalgorithmandthe features.In this paperwe shov
thatthetype of featurehasgreatimpacton theresults(see
gure 1). In particular we shown thatusinglocal edgeori-
entationhistogramqEOH) asfeaturesin the AdaBoostal-
gorithmgreatlyimprovesthelearningof frontal facesfrom
a smalldatabas@ndenablesmproving the state-of-theart
real-timesystemdor learningpro le faces.We alsoshowv
thatthe EOH featuresarenot limited to facesand cansig-
ni cantly improve resultson differenttypesof objectssuch
aschairs.

1.1 Previouswork

In the last few years,major advanceshave beenmadeto-
ward a real-time, reliable and accuratefacedetectionsys-
tem. The most commonapproachwas to use statistical
learningtools, mainly from the eld of supervisedearn-
ing, in which theinput of the algorithmis a labeledsetof
examples,containingimagesof facesaswell asnon-face
imaged?7, 11, 8].

Oneof theearliesworksonfacedetectionvaspresented
by Rowley, Balujaand Kanade[7]. They traineda neural
network with a databasef 1050faces. They manipulated
this databasémainly by applyingrotations)andtheir nal
databaseéncludedmorethan 10,000faces. Later on, they
extendedtheir work suchthat it would be invariantto in-
planerotation[§.

Schneidermarand Kanade[$ use a Naive Bayes ap-

proachwith waveletscoefcients or eigervectorsasthe at-
tributes.Theirmethodachievesexcellentresultsin termsof
detectiorrate,yetis notapplicablein real-time.Theirwork
wasthe rst to successfullyaddresshe problemof detect-
ing facesfrom pro le pointof view (pro le faces).Schnei-
dermanandKanadecreateda training databaseontaining
over 2000frontal view faceg(frontal faces).They extended
their databasdy applyingsmallchangesn rotation,scale,
positionetc. on eachof the2000faces All togethettheir -
naltrainingdatabaseontainednorethan80,000examples.

Viola andJoneq11] presentedhe rst highly accurate
aswell asreal-timefrontal facedetector In their work they
presenteda setof very simple featuresand usedthe Ad-
aBoostalgorithmto build a cascadef classi ers. Thecas-
cadedatastructuredecreasetherunningtime of thesystem
by rejectingat the beginning of the cascadenostof thear
easin the imagewhich do not containa face. They used
morethan5000examplesto train their systemandtheir -
nal detectorachieves over 90% detectionratein real-time
performancgl15 framespersecond).

Although mary studiesdeal with the frontal face de-
tection problem,only few have addressedhe problem of
detectingpro le faces[12, 8, 1]. As mentionedbefore,
Schneidermarand Kanade[8] werethe rst to presenta
relatively accuratgbut not real-time)pro le facedetector
Somework hasbeendoneto extendViola andJones'work
for thepro le facedetectiorproblem.Li etal. [1] presented
apro le facedetectoibut did not publishthedetectiorrates.
Lately, Viola and Jonespresentedsmall variationsin their
featuresetandappliedit on pro le faces.[12 Despitethe
factthattheir pro le detectoris lessaccuratehan Schnei-
dermanandKanade$it doeswork in real-time.

Orientationhistogramshave alreadybeenidenti ed as
an informative tool for variousvision tasks. C.Sunand
D.Si [10] usedorientationhistogramsto nd the symme-
try axisin animage.W.FreemarandM.Roth[2] developed
a methodfor handgesturerecognitionbasedon the global
orientationhistogramof the image. Lowe [4] developed
a recognitionmethodwhich is basedon local orientation
histograms.However, this methodis targetedin scenarios
wherea speci ¢ instanceshouldbe recognisedatherthan
in generalisationo theobjectclass.

2 Systemdescription

Sinceour intentionis to nd visualattributeswhich will be
usefulin detectiontasksratherthandevelopinga new algo-
rithm, we adoptedViola andJones'[11] framewvork which
proveditself to be both accurateandfast. We will brie y
describethis framawork.

In orderto detectafacein animagewe needto examine
eachpossiblesub-windav and determinewhetherit con-
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Figure2: Thethreetypesof featureswve arecomparingin this paper We show thatusinglocal orientationhistogramsver
a subareaf the facegreatlyimprovesthe performanceén comparisorto Viola andJones'linear edges.On the otherhand
usingonly meanintensityfeaturegreatlydecreasethe performance.

tainsa faceor not. In aregularimageof 320*240 pixels
thereareupto 500,000sub-windavs.

In orderto reducethe total runningtime of the system,
we needto radically boundthe averagetime thatthe sys-
tem spendson eachsub-windav. For this purpose,Viola
andJoned11] suggestedsingacascad®f classi ers.The
ideaof a cascadés basedon the obsenationthatwe need
very few featuresto createa classi er thatacceptsalmost
all (morethan99%)positive examplesvhile rejectingmary
(20 - 50%) of the falseexamples.Linking mary suchclas-
si ers oneaftertheotherwill createa cascadef classi ers
that separatedrue from false examplesalmost perfectly
This is donewith a very low cost per testedwindow be-
causemostof the non-facesub-windavswill berejectedn
theearlyclassi ersof thecascadeViola andJonesusethe
discreteversionof Adaboost3] to selectfeaturesandde-
terminetheir weights. Thereforeat stage of the cascade
theclassi eris:

1)

where is aweakhypothesiand s its weight.
In theViola andJonedramewnork, eachweakhypothesis
is associateavith a certainfeature:

if
otherwise

)

where isthevalueof thefeature and isitscor
respondindearnedhreshold For eachsuchfeaturewe can
createa secondveakhypothesidy replacingthe condition

with its dual

We deviate slightly from the framework of Viola and
Jonesn thatwe foundthatwe canimprove detectionrates
of frontal facesby usinga secondcascadewhich contains
theverticalmirror imageof the featuresn the cascadéehat
was created. Using the original cascadeand the mirrored

cascadatthesametime, we cangainupto 2% moredetec-
tion rateswith the samefalsedetectiorrate.

3 Featuresfor AdaBoost

Every weaklearnerin the Viola and Jonesframewvork is a
thresholdedeaturedetector During boosting,a subsetof
featureds choserfrom this pool of features We compared
threetypesof featurepools:

Linear edgedetectorsaasusedoriginally by Viola and
Jones. Thesefeaturesmeasurehe responsef linear
edgedetectoratdifferentsubareasf theinputimage.

Averageintensity detectors. Thesefeaturessimply
measurehe meanintensity at a subarezof the input
image.

Local edgeorientationhistogramgEOH).

Figure2 illustratesthethreetypesof featuresWhile global
orientationhistogramsave beenusedextensiely in awide
rangeof vision applicationge.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 Iters. First, the orientationhis-
togramis largely invariantto global illumination changes.
Second]ocal orientationhistogramsare capableof captur
ing geometrigpropertiesof faceghataredif cult to capture
with linearedge lters. Figure3 shonvs someexamplesWe
will now explainthe calculationof thelocal orientationhis-
togramsin detail.

3.1 Preprocessing

We beagin by performingedgedetectionon the image. We
useSobelmasksdueto their simplicity andef ciency.



,‘5
—— "
-

o T
4 —
——
a) b) C)

Figure3: Globalvs. Local statisticsof frontal faces.Usingthe orientationhistagramswe cangatherbothglobal statisticsof
theobjectaswell aslocal statistics.(a,b) showsomeglobal characteristicof a face (c,d) showimportantlocal featuies.a)
Theinner part of thefaceasa wholeincludesmud more horizontaledgesthanvertical edges.b) Theratio betweervertical
andhorizontaledgesis bounded c) Theareaof the eyesincludesmainly horizontaledges. d) Thechin hasmote or lessthe

samenumberof obligueedgeson bothsides.

The gradientsat the point (x,y) in theimage canbe
foundby corvolving Sobelmaskswith theimage.

3)
and
4)
Where and arethe x andy Sobelmasks

respectiely. The strengthof the edgeatthe point

®)

In orderto ignorenoisewe thresholdG(x,y) suchthat

if
otherwise

(6)

A major drawvback of Sobelmasksis that we have to
manually set the value of the thresholdT. In our experi-
mentsthevalueof T wassetto bebetweerB0and110.

Theorientationof the edgeis

)

We then divide the edgesinto K bins. We denotethe
valueofthe  bintobe

if
otherwise

(8)

We found thatwhen  valuesbetweend to 8 the sys-
tem generalizesvell andconsume®nly a limited amount
of memory

3.2 EdgeOrientation Histogram Features

Viola and Jonesintroducedthe 'Integral Image' [11] and
usedit to calculatethe sumof the pixels for any rectangle

in theimageat only four tablelookupoperationsHowever,

the Integral Imagecanbe usedon any non negative arrays
suchasthe  andthuswe cancalculateequatior® atonly

four tablelookupoperations.

(9)

WhereR is somesub-windav in theimage.
We thende ne asetof features, , suchthat:

(10)

For each we have features. Assumingthat our
sub-windav is of size the numberof featuresis
boundedby . We add bothto the numerator
andto thedenominatofor smoothingpurposes.

Notice that andthereforeeachfeature
yieldstwo potentialweak hypotheses and

for somethreshold . For the rst
weak hypothesiq ) thesefeaturescapture
R'swere 'sorientationis dominantin respecto 'sori-
entationrelation.

3.2.1 Dominant Orientation Features

We aresometimesnterestedn nding the dominantedge
orientationin a speci ¢ arearatherthanthe ratio between
two differentorientations. Thereforewe de ne a slightly
differentsetof featureswhich measureshe ratio between
asingleorientationandtheothers,.e.

(11)

The size of this featuregroupis boundedby .
Whenthereis a dominantedgeorientationthesefeatures
aresuperiorto the previoussetof features, .



3.2.2 Symmetry Features

It hasbeensuggestedefore(seeC.SunandD.Si[10Q), that
symmetryplaysanimportantrole in objectrecognition.We
thereforede ne athird setof featureswvhich capturesym-
metry in theimage. The symmetryaxesarelocatedat the
centerof theimage.

(12)

Where and arerectangleof the samesizeandare
positionedat oppositesidesof the symmetryaxes. Thesize
of thisgroupof featureds boundedy .The norm
betweenthe two histogramsis divided by the size of
suchasto presere the scaleinvarianceproperty As for
the previoustypesof featuresthesymmetryfeaturecanbe
usednotjustto nd symmetrybut alsoto nd placeswere
symmetryis absent.For example,the lower andthe upper
partof thefacearenot symmetricto eachother

4 Experimental results

4.1 Frontal faces

We collectedabout3000frontal facesmainly from the In-
ternetand from a databasdhat we obtainedfrom Henry
Schneiderman. All faceswere croppedand rescaledto
a size of 24*24 pixels. As false exampleswe randomly
downloaded over 10,000 images containing more than
100,000,00Gsub-windavs. We usedMIT-CMU testsetto
testour system.This testsetcontainsl30imageswith 507
frontal view faces. However, someof thesefacesareline
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Figure4: The numberof featuresn the cascadencreases
asthetrainingdatabassizegrows.

drawn andthey have aninterestingn uence ontheresults.
As the accurag of the detectorgrows, i.e. asthe training
databasesize grows, the detectionratesof the line dravn
facesdecreaseThis impliesthatthe systemlearnedo sep-
aratebetweenline drawvn facesand real faces. However,
since most previous paperspresentedheir resultsfor the
entiredatabassodid we.

4.1.1 Thein uence of the training databasesize

In orderto demonstratéhein uence of thesizeof thetrain-
ing databaseve randomlycreatedtraining databasesach
of themcontainingbetweerl0and2500examples We then
trainedthe systemon eachof thesedatabasesin gure 1
we shav the detectionrates(with 100 falsepositives)asa
function of the training databasesize. Already with only
250positive exampleswe canseeabore 90%detectiorrate
whenusingbothEOH andViola andJonesfeatures.

Theseresultsshaw thatthe type of featureshatwe use
hasa crucialrole in the ability of the systemto generalize
from asmallnumberof examples.Furthermorewe cansee
that the differencebetweenthe detectionratesof the two
methodslecreaseasthedatabassizegrowsyetit doesnot
vanish. With 2500 featureswe achiezed 92.5% detection
with 100 false positives while using Viola and Jones'set
of featureghe systemachieved on the samedatabasenly
90.5%.

In gure 5 we shov someof the featureschoserby Ad-
aBoostat the rst stageq1-3) of the cascadeWe cansee
thatit choosesnainly local featureg5 - 10% of the faces
area)ut alsoglobalfeatures We alsoseethatsomeof these
featuresareinternalwhile otherscapturethe outline of the
face.

A key advantageof usingsmalldatabasess thatthere-
sulting classi er, is usuallyshorter andthusfaster In g-
ure 4 we presenthe numberof featureshatthe nal clas-
si ers contain. We can seethat the cascadecreatedafter
trainingon 250facescontainsonly 363 featureswhich are
enoughor reachingnorethan90%detectiorrate. Our best
classi er, whichwastrainedon 2500facesjs 10 timesbig-
gerbut introducesonly a moderatemprovementin the de-
tectionrates. Not only doesthe small databaseeducethe
size of the cascaddin termsof numberof features),but
moreover, usingthe EOH featuresreduceghis numberal-
mostby half.

Smallcascadesnprovetherunningtime of thedetector
aswell astremendoushaffecttherunningtime of thetrain-
ing phase We foundthattrainingthe systemon a database
of 250images,s 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: Examplef the mostinformativefeatuies. AdaBoostselectghesefeaturesat the rst stageq1-3) of the cascade.
Thefeaturein (a) determineghatthe averagefaceincludesmorevertical edgeshanslantedges.In (b) the systemlearned
thatthe ratio betweenvertical edgesandslantedgess upperboundedoy athreshold . In (j) the systemusesthe factthat
theinternalpartof the facecontainsmorehorizontaledgeshanverticaledges.Someof thesefeatureqsee(a) and(c) ) are

usefulto rejectnon-faceimagesratherthanto acceptaface.

falsedetectionwe achieved92.5%detectiorrate,while us-
ing only Viola andJonesfeaturesve achievedonly 90.5%

detectionrate (with the samenumberof falsedetections).

Viola andJoneq11] trainedtheir systemon 4116faceand
their vertical mirror images(so that the total number of
facesn thetrainingdatabasés 8232). They reporteda de-
tectionrateof 92.1%detection(with 78falsedetections).

As mentioned above, some of the imagesin the
MIT-CMU databaseare line dravn. Schneidermarand
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Figure6: ROC curveson the 2500examplesdatabase The
advantae of usingEOH doesnot vanishon large training
databases.Theresultsof the systemwhenusingthe EOH
is constantlysuperiorto theresultswe achievedusingonly
Viola and Jones'features.

Kanades [8] resultsreferto the dataseexcludingtheseim-

ages. They achieved a detectionof 94.4% with 65 false
detections.Our systemachievesa detectionrate of 92.9%
with 56 falsedetection(on the MIT-CMU databasexclud-

ing the line drawn images). However, Schneidermarand
Kanades [8] systemwastrainedon morethan80,000faces
andis notareal-timesystem.

4.2 Prole Faces

Ourpro le facedatabaseontainsonly 300faceghatwere
taken from the Internetand from Henry Schneidermars'
training database. All facesin the training databaseare
between3/4 view andfull prole. We manuallycropped
and rescaledtheseimagesto a size of 36*36 pixels. As

a testsetwe obtaineda databasdrom Schneidermarand
Kanadeat CMU. This databaseontains208 imageswith

347faces.Thistestsetwaspreviously usedby Schneider
manandKanade[8] andby Viola andJoneq12] asa test
set.

In gure 7weshov theROC curveof ourpro le detector
alongwith theresultsachiezedusingonly Viola andJones'
features. As can be seen,the EOH featuressigni cantly
improve theresults.Our classi er achiezesa detectiorrate
of 84.1%with 246 falsedetectionsvhile usingonly Viola
andJones'featureswve achiezedonly 73.9%with 313false
detections.

Not mary previousworkshave addressethe problemof
detectingpro le faces. In [12] Viola and Jonesextended
their setof featuresandincludedalsodiagonal lters. Their
training databasencludes2868 pro le faces.In gure 7
we alsoincludetheir ROC curve. Despitethedifferencesn
thetrainingdatabassize,ourresultsaresigni cantly better
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Figure7: ROC curvesof pro le facedetectors.We com-
pareour detectorto Viola and Jones'[12 results. We also
compareo theresultsachiezedusingonly the basicfeature
setof Viola andJonesonthe samedatabase.

thanViola andJones'results. With 389 falsedetectionwe
achieved a detectionrate of 90.2%while Viola and Jones
achieredadetectiorrateof 81.5%with 400falsedetection.
SchneidermaandKanade[8] achieved a detectionrate
of 92.8%with 700falsepositives,86.4%with 91 falsepos-
itivesand78.6%with 12 falsepositives.Schneidermaand
Kanades resultsare slightly betterthan ours. However,
theirtrainingdatabasaashugeandoursystems real-time.

4.3 Chairs

In orderto demonstrat¢hatthe EOH featuresarenot lim-
ited to faceswe usedour systemto createa chairdetector
We collecteda setof 185chairimagesmainly from theln-
ternet.We rescaledheseimagesto a sizeof pixels
anddividedtheminto two sets:trainingsetwhich contained
100imagesandtestingsetwhich contained5 images.We
usedthe samenegative examplesaswe usedin thefacede-
tectors.

The resultsachieved by the chair detectorare shovn in
gure 8. It is clearfrom the resultsthatthe EOH features
areveryef cient andshav superiomperformanceverViola
andJonesfeatures.

5 Discussion

Despitethe impressive progressin the eld of objectde-
tection, currentmethodsstill dependon hugedatabaseto
compensatéor thevastvarietyin theappearancef objects.

In this work we have shavedthatlearningfrom a small
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Figure8: ROC curvesof chair detectos. the improvement
achievedby the EOH featuesis not limited to faces.EOH
featules perform better also on different taskssud as the
chair detector

databasés not only neededbut alsoa moredif cult prob-

lem. We showved that good featuresare crucial to the

systems ability to learn from a small numberof exam-

ples.Speci cally, we suggestedhe useof local histograms
of orientationas featuresfor object detectiontasks. We

shavedthatthesehistogramsigni cantly improvetheabil-

ity of the systemto learnfrom smalltrainingdatabasesie

alsoshavedthatthesehistogramsarewell suitablefor other
detectiontaskssuchaspro le faceandchairdetection.

We achievedexcellentresultson frontal facesusingonly
250 examples.We alsoexceededstateof the art resultson
pro le facedetectionfor realtime systems.

In future,we intendto extendthis work by nding more
visual featurese.g. cornerdetectors.We would alsolike
to apply this methodon othercateyoriesof objectssuchas
animalsandbuildings. We wouldlik eto investigatehe pos-
sibility of combiningthe EOH with othertypesof features
suchascolor andtexture featuresin orderto createa pool
of featureghatcancopewith mary typesof objects.
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