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Abstract

Wedescribeanew facedetectionalgorithmbasedonahierarchyof supportvectorclassi�ers(SVMs)

designedfor ef�cient computation.Thehierarchyservesasa platformfor a coarse-to-�nesearchfor

faces:mostof theimageis quickly rejectedas”background”andtheprocessingnaturallyconcentrates

on regionscontainingfacesandface-like structures.The hierarchyis tree-structured:In proceeding

from the root to the leaves,the SVMs graduallyincreasein complexity (measuredby the numberof

supportvectors)anddiscrimination(measuredby the falsealarmrate),but decreasein the level of

invariance. Reducedcomplexity is achieved by clusteringsupportvectorsandshifting the decision

boundaryin order to satisfya ”conservation hypothesis”that preservespositive responsesfrom the

original setof trainingdata.Thecomputationis organizedasa depth-�rst searchstrategy. Thegainin

ef�ciency is enormous.
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It is thecommonwonderof all men,

howamongsomanymillionsof faces

thereshouldbenonealike.

Sir ThomasBrowne.



Chapter 1

Intr oduction

1.1 About faces

1.1.1 Evolution

Sincethe dawn of moderntime, humanshave beeninterestedin how naturefunctions,including

themselves. This understandinghasallowed mankindto reproducecertainforms, and to overcome

limits. An impressiveexampleis escapinggravitation; (in otherwords�ying), andnow thehumanrace

is increasinglyinterestedin reproducingoneof the most impressive featuresof nature: intelligence.

Researchersaretrying to build intelligent machinesthat have differentfacilities. Building machines

with thefacultyof visionis probablyoneof themostchallengingproblemshumansaretrying to solve.

Thehumanfaceis oneof themostfascinatingof all objects:powerful, expressive,andhighly vari-

able.At thesametime, it is a highly specializedpartof thebodyandthemostconvincing proof of an

individual's identity. How did thefacecometo besoimportant?Evolution (Landau1989)emphasizes

the role of the environmentin shapingthe face's form. Themodernscienti�c theoryof evolution by

naturalselection,�rst proposedby CharlesDarwin in )7€�/�} , enablesusto understandwhy eachspecies

is adaptedto its particularenvironmentandwhy thefacelooksandbehavestheway it does.

1.1.2 Moti vations

The computervision communitystartedto pay attentionto faceprocessingsomethreedecades

ago, and it hasbeenwidely investigatedrecently (Kanade1977), (Turk & Pentland1991), (Sung

& Poggio 1998), (Brunelli & Poggio 1993), (Leung et al. 1995), (Osunaet al. 1997b), (Rowley

et al. 1998), (Schneiderman& Kanade2000), (Schneiderman& Kanade2002), (Moghaddam&
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Pentland1997), (Phillips 1999), (Papageorgiou & Poggio 2000), (Oren et al. 1997), (Huang et

al. 1998),(Moghaddam& Yang2000)(Moghaddam& Yang2002),(Romdhanietal. 2001),(Fleuret&

Geman1999),(Viola & Jones2001a), andthelist is very far from exhaustive.

In thisthesis,wearemainly interestedin thefacedetectionproblem,whichmeanshow to �nd, based

on visual information,all theoccurrencesof facesregardlessof who thepersonis. Facedetectionis

oneof themostchallengingproblemsin computervision andthereis asyet no solutionwith perfor-

mancecomparableto humans'bothin precisionandspeed.High precisionis now technicallyachieved

by building systemswhich learnfrom a lot of datain orderto minimize errorson testsets. In most

cases,the increasein precisionis achieved at the expenseof a degradationin run-timeperformance

and,in majorapplications,high precisionis demanded,andhencedealingwith computationto reduce

processingtime is now a problemwith hardconstraints.

1.2 Challenges

Faceappearancedependsmainly on theviewing conditions,thegeometricalsensorsandthephoto-

metricalparameters.Thestatisticalvariationamongall possiblefaceimagesunderall viewing condi-

tionsis very large,soonequestionwhicharisesis: whatis thesetof all possiblefaceimagesunderall

viewingconditions? (Belhumeur& Kriegman1996)(Belhumeur& Kriegman1998).

Posevariation

Slight changesin theface's positionoften leadto largechangesin theface's appearance.Theprin-

cipal factorsare2D transformationssuchastranslationsandrotationsin theimageplane(cf. Fig 1.1).

Facesareconsideredassemi-rigid3Dobjectsandtheirappearancesaresubjectto rigid transformations,

distortionsandtheperspective transformationresultingfrom thegeometricalsensor.

Figure1.1: Faceposevariation.
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Lighting variations

Thevariability in facesdueto differencesin illumination is usuallydramatic,anddoesnot leadto

changesonly in contrast,but alsoin thecon�guration of theshadow. It hasbeenobserved(Moseset

al. 1994)that thevariability in the imagesof a givenfacedueto illumination changesis greaterthan

that from personto personunderthesamelighting. Indoor lighting conditionscanbewell controlled

andhencefacedetectorsachieveveryhighperformancein suchconditions.For outsidescenes,lighting

conditionsareimpossibleto controlresultingin strongvariationsin facialappearances(cf. Fig 1.2).

Figure1.2: Lightingconditionvariations.

Shapevariation

Faceshapevariability (cf. Fig 1.3, left) is dueto physiognomy, ethnicity, physiologicalbehavior,

identity, facialexpression,etc. Thesevariationsareclassi�edaseitherglobal (height,elongation,etc)

or local (noseandmouthshape,distancebetweentheeyes,etc)(Brunelli& Poggio1993).

Figure1.3: Left: Faceshapevariations.Right: Backgroundimagesmaylook like faces.
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Many appearance-basedapproachesproposedtheuseof theposeandintensityinformationto model

andlearndifferentrepresentationsof facesundervaryingconditions(Murase& Nayar1995),(Pentland

et al. 1994),(Sirovitch & Kirby 1987).Themaindrawbackof theseapproachesis that in orderto de-

tect facesseenin a particularposeandlighting condition,the facesmusthave beenseenpreviously

underthesameconditions.Clearly, this makesthedecisionverycomplex andthevisualselectiontask

quickly getsoutof hand.

Hence,a detectionalgorithmshoulddealwith asmany of thesesourcesof variability aspossible,

leaving asfew un-modeledvariationsto be learnedaspossible.This is roughlyequivalentto usinga

larger trainingsetcontainingmany “virtual examples”generatedfrom realexamplesby changingthe

global conditions. It is clear that a larger training setgenerallyimprovesthe performanceof a face

detectionalgorithm,but it alsousuallyincreasestheprocessingtime for trainingandclassi�cation,so

reducingvariability is animportantissuein reducingthesizeof thetrainingset,thecomplexity of the

decisionboundaryandthedif�culty of thetrainingandtheclassi�cationproblems.
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1.3 Facedetection: Relatedwork

Many methodsfor face detectionare discussedin the literature, including arti�cial neural net-

works (Rowley et al. 1998) (Sung1996), supportvector machines(Osunaet al. 1997b)(Evgeniou

et al. 2000)(Romdhaniet al. 2001), Bayesianinference(Cooteset al. 2000), deformabletemplates

(Miao et al. 1999),graph-matching(Leunget al. 1995),skin color learning(Hsu et al. 2001)(Sahbi

& Boujemaa2000) and coarse-to-�neprocessing(Fleuret& Geman2001)(Viola & Jones2001a).

Distinguishingfactorsincludewhetherthey cansolve the facedetectionproblemwith real complex

backgrounds(cf. Fig 1.3,right) andtherun-timecost.

1.3.1 Finding faceson imageswith a controlled background

In this easycase,the processedimagesareconsideredin a pre-de�nedstaticor controlledmono-

color backgroundwhich is removedto extract the faceboundaries.In this constrainedcontext, these

algorithmssolvethefacedetectionproblemef�ciently; butwhenpresentedwith adifferentbackground,

thealgorithmsfail dramatically.

Finding facesby color

Colorprovidesacomputationallyef�cient methodwhichis robustunderrotationsin depthandpartial

occlusions. Color propertiesare modeledusing invariant color spaces,i.e., the componentswhich

emphasizeskinpropertiesregardlessof stronglighting effects.Generallyspeaking,theinvariantspace

(Swain & Ballard 1991) is called the chrominancecolor spaceand is usedto modeland learnskin

color ef�ciently from a training set using standardclassi�ers (Sahbi& Boujemaa2000) (Sahbi&

Boujemaa2002b) (Hsuetal. 2001)(Yangetal. 1998)(Cai& Goshtasby1999).

Finding facesby motion

The generalidea is to detectdifferencesbetweenthe currentand the previous frame in a video

sequence.If the differencebetweenpixel valuesis greaterthana given threshold,the movementis

consideredto be signi�cant andthe pixel is setto be of interest. Many prior knowledge(cf. section

below) canbeusedto decidewhetherapixel of interestbelongto afaceor not(Eleftheriadis& Jacquin

1995),(Saber& Tekalp1998).

Prior knowledge

It is almostalwaysadvantageousto useprior knowledge.For facedetection,weknow thattheheadis

locatedat thetopof thebody, thatahumannormallywalksupright,etc(Sobottka& Pittas1996),(Yow
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& Cipolla 1998). For example,blinking patternsin animagesequenceis aneasyanda reliablemean

to detectthepresenceof a facesinceblinking providesaspace-timesignalwhich is easilydetectedand

uniqueto faces(Graumanet al. 2001). The fact that both eyesblink togetherprovidesa redundancy

which makesit possibleto discriminatefacesfrom othermotionin thescene.Furthermore,symmetry

andthe�x edseparationbetweentheeyesprovidesaway to estimatethesizeandtheorientationof the

head.

1.3.2 Finding facesin a complexbackground

This is themostinteresting,challenging,andpracticalcase,sinceit servesmany applications.The

genericapproachis basedon modelingthe faceappearanceusing an a priori geometricor learned

model. Many methodshave beenproposedto perform face detectionin a complex background

using machinelearning techniquessuch as neural network classi�ers (Rowley et al. 1998)(Sung

& Poggio 1998), Bayesianinference (Cootes et al. 2000), support vector machines(Osuna et

al. 1997b)(Romdhanietal. 2001)andeigenfaces(Moghaddam& Pentland1995).Othertechniquesare

basedontheanalysisof facialstructures,andinclude:graphmatching(Leungetal. 1995),geometrical

hashing(Lamdanet al. 1998),edgecountingandcoarse-to-�neprocessing(Fleuret& Geman2001),

togetherwith AdaBoost(Viola & Jones2001a) andFloatBoost(Li et al. 2002).

We limit the review of existing methodsto only themostrepresentative state-of-the-arttechniques,

andto thosewhich operatein a similar way to our detector:extractingwindows at differentlocations

andscales;pre-processingsubimagesusingnormalizationtechniquesandencodingthemusinganap-

propriatestructureor a featurespace.The underlyingextractedinformationis classi�ed asface/non

faceusingasuitableclassi�er andsearchstrategy. Again, techniquesdiffer in thetrainingmodelused,

the amountof training datanecessaryto capturethe complexity of the decisionboundary, the facial

representation,andmainly thesearchstrategy usedto reducecomputation.

Arti�cial neural networks

(Rowley et al. 1998) trained several neural networks to locate frontal, pro�le, and full pro�le

faceswherethe bootstrapmethodis usedto characterizethe set of negative examples(Bradley &

Robert1991)(Vetteret al. 1997).Eachindividual facedetectorin the �rst stepappliesa setof neural

networksat differentlocationsandscales,wherearbitrationtechniquesareusedto mergeoverlapping

detectionsfrom individualnetworks.Theneuralnetwork receivesasinputa 	�]¸��	�] pixel regionof the

imageandrespondspositively or negatively to thepresenceof a face. The input imageis repeatedly

down-sampledby a factorof )�+x	 to detectfacesat differentscales.The 	�]¹�º	�] pixel subimageis

processedusinglighting correctionsandhistogramequalization.Thesewindows areclassi�ed using
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a neuralnetwork which hasa retinalconnectionto its input layer. Eachinput window is divided into

smallerpiecesof four ),]»�¼),] regions,sixteen/��^/ regionsandsix overlapping	�]¢�^/ regionswhich

have completeconnectionsto a hiddenunit. The shapeof thesesubregionswaschosento allow the

hiddenunitsto detectlocalcharacteristicswhichmightbeimportantfor facedetection.Thehorizontal

stripesallow the hiddenunits to detectfacial componentssuchasthe mouth,or the eyes,while the

hiddenunitswith squarereceptive�elds mightdetectindividualcomponentssuchastheeyes,thenose,

or cornersof the mouth. The network at the endhasa singleoutputwhich indicateswhetheror not

thewindow containsa face. For tilted faces,thesystemusesa separate“de-rotationnetwork” which

analysesthe input window beforeit is processedby the facedetector. The input of this network is an

imageof 	�]¸��	�] pixels,andif it is declaredaface,thenetwork returnsavalid angleandthewindow is

accordinglyde-rotatedto make thefaceupright for processingby theoriginal uprightneuralnetwork.

Thisapproachis signi�cantly fasterthanexhaustively trying all theorientations.

Thealgorithmfor frontal facesdetects€�}’+½	¢¨ of faceswith }�/ falsealarmsin theCMU+MIT set.

For tilted faceimages,thesystemis ableto detect•�}w+2�¢¨ of facesover this testset. The fastversion

of Rowley'sdetectortakes1.5(s)to processanimageof ž&	�]H�M	���] pixelscontaininguprightfaces,and

14(s)to processanimagecontainingtilted facesusinga175Mhz R10000SGI O2.

Face/non-faceclustering

In (Sung& Poggio1995),(Sung& Poggio1998),thelearningis basedon theuseof six “f ace”and

six “non-face” clustersasdistribution prototypesfor the classesof facesandbackgroundwherethe

centersandthevariancesareestimatedusingclusteringtechniques.Thefacedetectorvisitssubimages

for different locations,and scales,extractswindows of )7}¾�e)7} pixels, and pre-processesthem by

maskingin order to remove backgroundparts. Extra lighting and shadows are compensatedusing

an illumination gradientcorrection,which �ts the bestplanefrom the unmasked window valuesand

subtractstheplanefrom theunderlyingsubimage.Eachprocessedwindow is representedby a vector,

which is the setof the Mahalanobisdistancesof the window to )‡	 prototypes( � for facesand � for

background).This vector is usedas input to a trainedmuti-layerperceptron(MLP) network which

classi�esthewindow asfaceor not. Theauthorsusedadatabaseof �&•’�jžw)7� facesandnon-facesto train

theMLP. This facedetectorwastestedon a setof ž�]w) high quality frontal faceimagesof •’) different

peopleand 	�ž imagescontaining ),��} faceswith a wide variationin quality. For the�rst database,the

systemcorrectly�nds 96.3% of faceswhile making3 falsealarms.On thesecondtestsetthesystem

achievesadetectionrateof 79.9% with 5 falsealarms.
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Graph models

(Leung et al. 1995) proposedan algorithm for locating quasi-frontalviews of facesin cluttered

scenes.Thisapproachis derivedfrom (Amit & Kong1993)for aligningX-ray imagesof hands,where

thegraphsarerestrictedto beof a specialform (triangulated).(Leunget al. 1995)usea probabilistic

modelto scorepotentialmatches,wheremissingfacecharacteristicsarehandledexplicitly. First, the

imageis convolvedwith a setof Gaussianderivative �lters atdifferentorientationsandscalesin order

to extract components.A faceis representedasa randomgraphwherethe nodesare the extracted

componentsandthearc labelscorrespondto thedistancebetweenthesecomponents.Thevariability

in different facesis characterizedby different facial componentdistanceswhich are modeledas a

randomvectordrawn from aprobabilitydistribution. Facelocalizationis performedasarandomgraph

matchingprocesswhereanef�cient computationalalgorithmis introducedwhichexploitsthestatistical

structureof the graph. This algorithmwasappliedto a setof )7/�] framesfrom a lab sequence,and

achievesa detectionrateof €��H¨ , eventhough •H¨ of theimagesin thetestsetshow faceswith (more

than) )‡/�r rotationin depth.For quasi-frontalviews,thedetectionperformanceis }&/¿¨ .

Facedetectionusingsupport vector machines(SVMs)

Theproblemof SVM trainingis verychallengingwhenthesizeof trainingdatais verylarge,whichis

generallythecasefor thefacedetectionproblem.(Osunaetal. 1997b) show thata largescalequadratic

programmingproblem(Moré & Wright 1993)(Fletcher1980)canbe solved by a decompositional-

gorithm wherethe original training procedureis replacedby a sequenceof smallerproblemswhich

areeasierto solve andareproved to converge to the optimal solution. The SVM problemis solved

iteratively usingchunking, i.e., solving anSVM problemusinga buffer containinga subsetfrom the

training set which is updatediteratively by removing datawhich are not supportvectors,replacing

themby othersandthereforeoptimizingover a reducedsetof datavectors.Conditionsareintroduced

to decideif the problemhasbeensolvedoptimally at a particulariteration. Using SVMs for a large

trainingset,(Osunaetal. 1997b) build a facedetectorthatoperatesby exhaustively scanninganimage

atmany scalesandlocations,andclassifyingeach),}…��)7} subregionasbeingafaceor not. Theauthors

usedmasking,histogramequalizationandilluminationgradientcorrectionto reducenoise,extra-light,

shadowsandto improvecontraston faceimages.Two testsetswereusedcontaining,respectively, žw)7ž

highquality imageswith onepersonperimage,andanothersetcontaining	�ž imagesof mixedquality

with ),�&} faces.Thedetectionrateswere }&•’+-)¸¨ with � falsealarmsin the�rst setand •��¥+x	¢¨ on the

secondsetwith 	�] falsealarms.
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Coarse-to-�ne processing

The main precursorof our work (Fleuret1999)(Fleuret& Geman2001)developeda facedetector

which is entirely basedon edgecon�gurationsanddoesnot take into accountthe color information.

This approachis hierarchicalandconsidersa nestedfamily of classi�ers trainedon differentsetsto

achieve a null miss-detectionrateon thesetraining setswith acceptablefalsealarms. Eachtraining

capturesaparticulartolerancein thefaceappearancewhich is de�nedby thelocation,thescaleandthe

orientationof faces.

Eachdetectorin thehierarchyis a successionof testsdedicatedto certainlocationsandorientations

in a given ���E�N��� subimage.This approachis motivatedby thegeometryof a facewhereits global

form is decomposedinto a setof correlatededgefragmentscorrespondingto the presenceof some

facialstructures(mouth,contourof thehead,etc).

At thetop of thehierarchy, thevarianceof thetrainingsetis thehighest,sothedistributionof these

fragmentsthroughthetrainingsetis veryspread.Whengoingthroughdifferentlevelsin thehierarchy

thesefragmentsaremoreandmorededicatedto particularlocationsona referencesubimage.Eachlo-

caldetectorin thehierarchycountsthenumberof fragmentswhich arepresenton a ���i� ��� subimage

anddeclaresthesubimageasa faceif andonly if thenumberof fragmentsof differentcomplexities is

higherthana giventhreshold.(Fleuret& Geman2001)allow thesethresholdsto becontrolledin such

awayto havenomisseddetectionsto thedetrimentof somefalsealarms.Both thearrangementsetsof

fragmentsandthresholdsareestimatedduringa trainingstagewith theOlivetti database.

FleuretandGeman's detectoris scannedacrosstheimageat locationswhich aremultiplesof €i�¾€

pixels,andat four scalesandextractswindows of ���µ�¼��� pixels. In orderto declarea givenwindow

asa“f ace”,aroot-leafchainof localdetectors(cf. Fig 1.4)mustbefoundwhereeachdetectoranswers

“yes” (to the presenceof a face). This approachis very ef�cient from an algorithmicpoint of view

sincethe algorithmdoesnot visit eachlocationandexaminethe surroundingimagedata,but rather

only a sparsesub-latticeasthedetectorsaredecreasinglytolerantin locationaswe traversedifferent

levelsof thehierarchy. Clearly, thismakestherejectionof simpleandbackgroundstructuresextremely

fastusingtestsof low complexitieswhile morecomplex andface-likestructuresarerejectedby testing

thepresenceof fragmentswith highercomplexities. In practice,thealgorithmtakes ]w+x/ (s) to process

imagesof �&/�]k�[ž&/�] pixelsin orderto extractexisting faces.

Recently, (Viola & Jones2001a) proposeda real-timeandaccuratefacedetectionalgorithmwhich

canprocessanimageof ž�€��k�¾	�€�€ pixelsin ]w+x]��&•w�À–‡� . Theapproachis basedon ef�cient featurecom-

putationandselectionusinga new imagerepresentationreferredto asthe integral image(discussed
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Figure1.4: Hierarchical posedecomposition.Each ���Å� � representsa subsetof geometricposes.

in the following sections)andthe AdaBoosttraining technique(Freund& Schapire1996)(Collinset

al. 2000)(Tieu& Viola 2000).

AdaBoostis aboostingtechniquewhichis usedin (Viola & Jones2001a)(Viola & Jones2001b) both

for trainingandselectinga subsetof critical featuress amongall thepossiblefeatures.Themethodre-

strictseachweakclassi�er
:

to a single feature. The approachis basedon combininga setof weak

classi�ersin orderto build astrongerone.At eachstepof training,andamongall possibleweakclassi-

�ers, oneis selectedsuchthatits errorrateon thetrainingsetis minimal. Accordingly, theparameters

(threshold,weight,etc)of this weakclassi�er areestimatedandtheglobal (strong)classi�er is given

asa linear combinationof the selected(weak)classi�ers. In this iterative process,weakclassi�ers

(features)whichareselectedearlyyield minimumerrorrateswhile weakclassi�ersselectedin further

iterationsmakehighererrorsasthediscriminationtaskbecomesharder.

Faceprocessingin thisapproachis achievedby combiningsuccessively strongerclassi�ersin acas-

cade(seeFig 1.5)whereat thebeginningof thecascade,asimpletwo-featurestrongclassi�er (a linear

combinationof two terms)is usedto �lter many backgroundstructures( ��]&¨ in experiments)while

preservingalmost )7]�]&¨ of faces.To beevaluated,this two featurestrongclassi�er requiresbetween
Æ

Critical in thesenseof achieving thelowesterrorratewhenusedto discriminatedatain thetrainingset.
Ç

i.e. notexpectedto classifya trainingsetwith ahigh precision.
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All subimages

  Step 1   Step 2   Step N  Step N-1
Yes Yes Yes

No No No

Background rejection

Yes

No

Figure1.5: Faceprocessingusinga cascadeof strongclassi�ers.

�ÈIi} arrayreferencesto estimateeachfeature(seefollowing sections),onethresholdoperationandone

multiply, additionper featureresultingin approximately��] microprocessorinstructions.Thenumber

of featuresin differentstepsof thecascadeincreasesandthis makestheunderlyingstrongclassi�ers

moreandmorediscriminating,andeventhoughthey aremoreexpensive thanthestrongclassi�ersin

theearlysteps,theoverallmeanrun-timeof theglobalcascadeis extremelysmall. This is mainly due

to the fact that only faceandface-like rarestructuresreachthesestepsrequiringfurther processing.

Notice alsothat thresholdsof strongclassi�erscloseto the beginning of the cascadeareadjustedto

havenomiss-detections.

Again,thisapproachachievesprocessingby combiningsuccessively moreandmorecomplex strong

classi�ers in the cascade.Simpleclassi�ers rapidly determinewherein an imagefacesmight occur

while morecomplex processingis appliedonly on theseregions. Using theMIT + CMU testset,the

detectionrateis about}�]’+x€¿¨ with }&/ falsealarmsandthisdetectorprocesses)‡/ framespersecondon

astandard•�]�] Mhz Intel PIII.

Notice that the hierarchicalplatform in FleuretandGemanis coarse-to-�neboth in the poseand

in the complexity of the edgearrangementsusedin the local detectors,while in Viola andJonesthe

approachis coarse-to-�neonly in complexity (thenumberof featuresat a givenstepof thecascade).

In this thesis,we usethe samehierarchicalplatform asFleuretand Gemanto model the posein a

coarse-to-�neway. Our platformis alsocoarse-to-�nein complexity asthenumberof supportvectors

is increasingfrom thetop to thebottomlevelsof theposehierarchy. This platformprovidesa generic

framework to modelinvariancefor differentvisualselectiontasks,for instancefacedetection,andcar-

ries out ef�cient computationusingseveral classi�ers. This is the main motivation for usingsucha

platformto designa facedetectorbasedonanSVM hierarchy.
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1.3.3 Speed-upmethodsfor facedetection

Most objectdetectiontasksin computervision arecomputationallyexpensive becauseof the large

amountof datathathasto beclassi�ed,andtheneedto usecomplex classi�ersto achieveahighdegree

of precision. In the facedetectionproblem,muchrecentwork is startingto addresstheselimitations

(Rowley 1999),(Sobottka& Pittas1996), (Heiseleet al. 2001), (Fleuret& Geman2001), (Viola &

Jones2002).

Skin color

Skin color classi�cationcanacceleratefacelocalization(Yanget al. 1998). The learningis based

on modelinga skin color distribution from differentethnicitiesusinga mixture of densities(Hsu et

al. 2001) (Sahbi& Boujemaa2000) (Sobottka& Pitas1996) (Sahbi& Boujemaa2002a)(Jones&

Rehg1998). (Cai & Goshtasby1999)usea very large training setof skin mapsto modelskin color

histograms.Thesehistogram-basedclassi�ers achieve real-timelocalizationof skin, so the ideaof

usingskincolor to rapidly seekparticularcandidatefaceregionsis of interest(Rowley 1999)(Sahbi&

Boujemaa2000).

Figure1.6: Skincolor �ltering asa preprocessingstepin order to directattentionto regionsof interest.

(Rowley 1999)appliedaGaussianskincolorclassi�er to theaveragecolorof each	…�8	 pixel region

of the input image. The detectorusesa simpletestwhich countsthe numberof skin pixels. If this

numberis greaterthana given threshold,in a 	�]^�É	�] window, this window is declaredasbeinga
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candidatefacialregion. (Rowley 1999)(Sahbi& Boujemaa2001a)(Sahbi& Boujemaa2000)alsoused

an adaptive schemeto re�ne skin color learning. Initialy, a broadcolor model is usedto help select

facial regions,and,whenfacesaredetected,the pixels from the centerof the faceareeliminatedto

reducetheeffectsof glassesandeyecolor; thenasecondmorepreciseGaussianmodelis re-estimated.

Changedetection

With a stationarycamera(cf. Fig 1.7),anda particular�x edbackground,it is possibleto estimate

whichportionsof thepicturehavechangedin anew frame,soprocessingcanbefocusedononly some

portionsof an image.At eachstep,a new backgroundis estimatedandthedifferencebetweena new

frameandthepreviousoneis computed.A thresholdis usedto checkif a givenchangeis signi�cant

(Sobottka& Pittas1996).

Figure1.7: Image framedifferencesprovideregionsof motionwhere themaincomputationis applied.

View-basedlearning and coarse-to-�ne processing

To makethedetectionprocessfaster, detectorscanbebuilt whichrespondto faceswhoseposesrange

over a particularsubset.In (Fleuret& Geman2001),facedetectionis madecoarse-to-�neusinga hi-

erarchyof classi�ersarrangedin a treestructure.Theroot “cell” detectorlooksfor faceswith location

anywherein an €H�E€ block,
#

I¸	�]&Êo�0Fu	�]�Ê

%

in tilt and
#

)7]ËI¼	�]

%

pixelsin scale.Thisview-basedlearning

allowsfacesto becharacterizedwithoutusingany apriori knowledgeof thebackground.Therootcell

detectorconstrainstheposetheleast,andhenceyieldsa high falsealarmrate.Dueto thefact thatthe

top detectoris tolerantby a factorof €E�Ì€ pixels in location,mostof the sceneregionsarerejected

usinglittle computationandonly regionscontainingcomplex structuresincludingfacesrequiremore

computation.

(Rowley 1999)makesthe facedetectormore�e xible by traininga coarseneuralnetwork classi�er

which detectsfaceswhoselocationsarein a )7]i�Ì)7] block. Thus,this detectorcanbemovedin steps
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of ),] pixelsacrosstheimage,andstill detectsall facespresentwithin thesetolerances.(Rowley 1999)

usesalsoa �ner neuralnetwork classi�er in theregionsof )7]¢�¼)7] pixelsfor which thecoarsedetector

respondspositively. To reducetheeffort of scanningthese)7]E�É)7] blocks,theauthortrainsa neural

network which returnsthe S and Í coordinatesof thecandidatefaceinsidethe )7]µ�É)7] block. These

coordinatesareusedto extractthefacewindow andto validatethefacehypothesisusinga�ne detector.

Fast feature estimation

Someimageprocessingtechniquesmakeit possibleto extractinvariantfeatures
4

whicharegenerally

unchangedevenif illumination andothereffectscansigni�cantly alter thebrightnesson faceimages.

Thesefeaturesaregenerallybasedon thedifferentialpropertiesof imageswhich aremorerobust to-

wardchangesin illumination thanraw pixel representations,and,becauseof dimensionalityreduction,

a feature-basedsystemcanin principaloperatefasterthanapixel-basedsystem,especiallywhenthese

featuresarequickly computed.

(A) (B) (C)

Figure1.8: Examplesof (A) thetwo (B) thethree(C) andthefour rectangularfeatures.

Many existing facedetectorsextract featuresusingcomplex processingof dataandsuffer from the

overheadof computingthem,i.e., therun-timeto detectfacesis largelydominatedby theprocessingof

faces.Recently, (Viola & Jones2001a) proposedanew imagerepresentation,referredto astheintegral

image.Thebasicideaof theintegral imageis derivedfrom thede�nition of thecumulativedistribution

function(CDF) in thetheoryof probability. Let Î , Ï betwo randomvariableswith possiblevaluesin

R and ‚ betheunderlyingprobabilitydistribution. Let Ði��S`�•Íw�6
e‚É��ÎÒÑ§S`�jÏÓÑÔÍ¥� bethejoint CDF
Õ

In this thesis,a featurevectoris de�ned asafacialrepresentationor descriptionin somespacereferredto asthefeature

space.

35



1.3. Face detection: Related work

of Î and Ï . Thus,given �D­l�jÖ7�j×‡�•Ø’�;Ù¾R v , wehave:

‚§�•­•ÚºÎÒÑÔÖ7�5×TÚœÏÓÑœØ’�¶
 Ð��DÖ‡��Øw�EF¶Ði�D­l�j×o�

I Ð��DÖ‡�•×��^IÛÐi�D­l�•Ø’�

(1.1)

In thecontext of imageprocessing,eachterm Ð��•S`�•Íw� on theright-handsideof theabove equation

de�nes thevalueof theintegral imageat a givenposition �•S`�•Íw� while theleft-handsidede�nesa sum

of pixel intensitiesinsidetherectangle
#

­l�jÖ

%

�

#

×¡�•Ø

%

. (Viola & Jones2001a) usetheintegral imageto

computetheresponseof a Haarbasis�lter (referredto asa “rectangularfeature”)(Simardet al. 1999)

at a givenlocationandscaleusingonly four arrayreferences(cf. chapter2). Eachrectangularfeature

is usedto computeef�ciently the responseof threeHaarbasis�lters (seeFig 1.8) usingrespectively
� , € and } arrayreferences.A two, threeandfour Haarbasis�lters arerespectively de�ned as(1) the

differencebetweenthesumof pixelswithin two rectangularregions;(2) thedifferenceof thecumulated

sumof two outsiderectanglesanda centerrectangle;(3) thedifferencebetweentwo pairsof diagonal

rectangles.
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1.4 Overview and main contributions

Traditional learningtechniquesfor classi�cation suchasa multi-layer perceptron(MLP) (Bishop

1995)useempiricalrisk minimizationandonly guaranteeminimum error over the training set. The

bias-variancetradeoff (Gemanet al. 1992), capacitycontrol (Guyon et al. 1992) and over-�tting

(Montgomery& Peck1992) led to the introductionof a new learningtechnique(Boseret al. 1992)

referredto asSupportVectorMachines. SVM is a machinelearningtechniquewhich balancesthe

empiricalaccuracy on a particulartrainingsetandthecapacityof themachineto achievea smallerror

rateon unseendata,i.e., thegeneralizationerrorof themachine.

Recentadvancesin SVM learningmake it possibleto treat large size training problemssuccess-

fully, howevercomputationis still aproblem.Thisthesisbringstogethermathematicalandalgorithmic

materialsto tackle the precision/speedtradeoff in the framework of optimal designof SVM hierar-

chies.We developa combinationof SVM technology(Collins et al. 2000),(Yu etal. 2002),(Osunaet

al.1997b), (Niyogi. etal.2001),(Joachims1998b), (Cortes& Vapnik1995),(Joachims1998b), (Cortes

& Vapnik1995)(Clarkson& Moreno1999),which is currentlyviewedasoneof the mostpromising

techniquesin machinelearning,andrecentadvancesin ef�cient computationandalgorithmicmod-

eling. This is thena successfulmarriagebetweentwo powerful techniquesin machinelearningand

computervision: SVM andcomputationalef�ciency achievedby coarse-to-�neprocessing(Fleuret&

Geman2001)(Sahbietal. 2002)(Viola & Jones2001a) (Amit & Geman1999)(Li et al. 2002).

Usingthesameposedecompositionv asin (Fleuret1999)(Fleuret& Geman2001),weproposein this

thesisa facedetectorbasedon a tree-structurednetwork of SVM classi�ers,which is fastdueto using

only very crudeSVMs at thebeginningfollowedby a steadyincreasein complexity. Thecomplexity

of eachSVM, in termsof thenumbersof supportvectors,is determinedby solvingaconstrainedmini-

mizationproblem(cf. chapter5) basedonamodelfor theoverallmeancostof thenetworkandthefalse

positiveerrorrate ˆ . This analysisis performedunderthehypothesisof a convex function ˆÜ
ŠWJ�DŽ@� ,

which modelsthebackgroundrejectionprobabilityof eachclassi�er with respectto its complexity Ž ,

thenumberof supportvectors.Thedesignof thehierarchicaldetectorensuresfastprocessingof most

of the imagearea,and�ne processingonly in areascontainingfaceandface-like structures,thereby

resultingin anef�cient facedetector.

Goingfrom theroot to leavesin thehierarchy, thestatisticalvariationof thefacesin thelearningsets

associatedwith theinterveninginternalnodesbecomessmallerandsmallerwhich makesthe learning
Ý

A poseis de�ned asthreeparameters(position,tilt andscale)whichdeterminetherigid af�ne transformationof a face
andde�ne its appearance.
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processlessand lessdif�cult andresultsin classi�ers with decreasingfalsealarmrates. Thus,our

approach(Sahbietal. 2001),(Sahbietal. 2002)attemptsto continuouslyre�ne thelearningby further

constrainingthepose.By performingcrudedetectors�rst thereis anef�cient reductionin errors(false

alarms)with a goodpreservationof faceandface-like structures.Thesestructuresareprocessedusing

�ne (andrelatively expensive)classi�ers.

Sinceinvarianceis explicitly modeledin thecompletehierarchy, thereis no needto train a mono-

lithic classi�er thatinducestheinvarianceusingaveryhugetrainingset.Trainingaclassi�er with this

orderof magnitudeandinvariancewouldyield ahighly complex SVM classi�erwith ahugenumberof

supportvectors.Ourhierarchicalframework overcomesthisdrawbackandis interpretedasthegeneral-

izationof view-basedlearning(Pentlandetal.1994)(Rowley etal.1998)(Viola& Jones2001a), andcan

alsobeinterpretedin theframework of sourcecodingandinformationtheory(Amit et al. 1997)(Amit

& Geman1999). This approachprovidesa low-to-highfrequency scoringof theposewherea nested

family of classi�ersaremoreandmorediscriminatingandeasyto learn.

TheSVM classi�er relatedto the largestposecell in thehierarchysetdoesnot learnperfectlyhow

to separatebetweenbackgroundandfacesin all theseappearances.However, this classi�er guarantees

the conservationhypothesis, i.e., it learnsto rejecta lot of backgroundsubimageswhile attempting

to acceptall faceandface-like structures.This argumentis extendedto all SVM decisionboundaries

whengoing from theroot to the leaves,but therejectioncapabilitiesof theseclassi�ersincreasewith

respectto thelevel. Consequently, theamountof datawhichcouldbeusedin learningexactly thepose

variation is usedinsteadto learnthe non-linearand local facedeformations.Thus, falsealarmsare

reducedfrom top to bottom,andonly real faceandface-like structuresreachthe leaf-cell classi�ers

(leaf tests).Thesetestsaremoreexpensiveto evaluatebut arevery rareandthemostdiscriminating.

Several proposalshave beenmadein the literature to reducethe complexity of an SVM deci-

sion boundary(a local detectorin our hierarchy)(Lee & Mangasarian2001)(Fung& Mangasarian

2001)(Burges& Scḧolkopf 1997) (Osuna& Girosi 1998). The most representative state-of-the-art

methodis the“reducedsettechnique”(Burges& Scḧolkopf 1997)(Scḧolkopf et al. 1998)which gen-

eratesasetof supportvectorsandassociatedweightsasaresultof anoptimizationproblem.However,

thereducedsettechniqueis morecomplex thansolvingtheoriginalSVM problemsincetheminimiza-

tion is carriedout in a spaceof dimensionØM�¾Þ8ß , where Ø is thedimensionalityof thefeaturespace

and Þ�ß is the expectednumberof supportvectors. In addition,the form of the underlyingobjective

function is in generalnot convex anddif�cult to solve. Moreover, the performanceof the simpli�ed

classi�er is not guaranteedto beconsistentwith thatof the initial one,and,eventhoughexperiments

areveryencouraging,noequivalencein termsof thegeneralizationperformanceis demonstratedtheo-
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retically in (Burges& Scḧolkopf 1997)(Burges1996)(Scḧolkopf etal. 1998).

Thus,weproposeanef�cient decompositionalgorithmwhich solvesasequenceof smallerandeas-

ier minimizationproblemsusingclustering.This algorithminitializesef�ciently theparametersof the

optimizationproblemrelatedto the reducedsettechniqueandhelpsthe minimizer
z

get closerto the

optimum.Furthermore,eachsimpli�ed localdetectoris built to achieveanull falsenegativerateusing

the conservationhypothesis,i.e., it learnsto rejectmany backgroundsubimageswhile taking careto

accept,in principle, all faceand face-like structures.Thus,we extendthe reducedset techniqueto

implementtheconservationhypothesisusingbiasvariationandwe proposealsoanef�cient boundon

thegeneralizationperformance.

Anothercontribution in this thesisis anew scaleinvariantkernel(Sahbi& Fleuret2002)of anexpo-

nentialform which makesit possibleto automaticallyadaptthedecisionboundaryto thescaleof the

trainingproblem.A new theoreticalresultshowsthatboththeformulationof theminimizationproblem

andtheform of thedecisionboundaryareunchangedwith respectto thescaleof thetrainingset.Hence

it is notnecessaryto usethecrossvalidationprocessto �nd thebestscaleparameterasin thecaseof the

Gaussiankernel. Givena family of Gaussiankernelswith differentvariances,extensive experiments

show thatSVMs trainedusingour kernelachieve at leastsimilar generalizationperformanceasthose

trainedusingthebestGaussiankernel,i.e.,which is foundusingcrossvalidationto estimatethescale

parameter.

At theend,thefacialrepresentationis alsoanimportantfactorin thesuccessof thevisualselection

task.For instance,discriminatingfacesfrom eachother, i.e., facerecognition,is basedon thehigh fre-

quencycharacteristics, i.e., facial details(Sahbi& Boujemaa2001b)(Sahbi& Boujemaa2002b) and

this problemis not the subjectof this thesis.On the otherhand,discriminatingfacesfrom the back-

ground,which is ourgoal,requiresa facialrepresentationwhichcapturesthelow frequencycharacter-

isticsof faces(i.e., thegeneralproperties)without takingdetailsinto account.Takingtheeigenvector

decomposition,thegeneralapplicabilityof this lineartransformationmethodfor appearance-basedob-

ject detectionandrecognitionhasbeenconvincingly demonstratedin (Turk & Pentland1991)(Murase

& Nayar1995)(Moghaddam& Pentland1995)(Moghaddam& Pentland1997). This decomposition

allowstherankingof theprincipalmodeof variationof thelearnedobjectsin termsof eigenvaluesand

their correspondingeigenvectors. Axes(eigenvectors)correspondingto the highestvaluesof eigen-

valuescapturethe most importantcharacteristicssuchas the whole shapeof objectswhereasaxes

correspondingto low eigenvaluescapturedetails.

à

Theconjugategradientdescentmethod.
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1.4. Overview and main contributions

Thelow frequency coef�cients resultingfrom theDWT (DiscreteWaveletTransform)(Meyer1992)

(Mallat 1989)arealsorelatedto thewholeshapeof faceswhereashigh frequency coef�cients repre-

sentdetails. As demonstratedin (Evgeniouet al. 2000),waveletscanoutperformthe eigenandthe

raw pixel representationswhen usedfor object detection. In chapter2, this techniqueis discussed

anda framework is provided to ef�ciently encodefaces. We alsodiscussa fastversionof the Haar

wavelet decompositionderived from (Viola & Jones2001a) wherea fastnormalizationtechniqueis

alsopresented.
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1.5. Outline of the thesis

1.5 Outline of the thesis

At this point, many questionshave arisen:what is anappropriatefacial representationandthebest

kernelto train anSVM for facedetection?Whatis thebestcomplexity/ precisiontradeoff of ourSVM

hierarchy?And, providedthattheSVM hierarchyis designed,how canwebuild eachsimpli�ed SVM

classi�er suchthat theconservationhypothesisis guaranteed?Theseissuesareconsideredin the fol-

lowing order:

In the secondchapter, we discussrapid facenormalizationandthe featurespaceusedto train the

SVM machinery. In thethird chapterwe review SVM training,kernelselectionandthegeneralappli-

cationto atwo-classseparationproblemsuchasfacedetection.Themaincontributionof thischapteris

ascale-invariantkernelwhichallowsthedecisionboundaryto beadaptedto thescaleof thetrainingset

andavoidsthecrossvalidationprocessotherwisenecessaryto �nd thebestparametersfor theselected

kernel.Thehierarchyof classi�ersis presentedin chapter4,wheretwo networks(hierarchies),referred

to asthef-network andtheg-network areanalyzed.Theconservationhypothesisis alsointroducedas

anecessaryconditionto minimizethenumberof miss-detections.

We present,in chapter5, a framework for optimally tuning thecomplexity of SVM classi�ers(de-

�ned asthe numberof supportvectors)for eachlevel in the hierarchysuchthat the averagecompu-

tationalcostof theglobaldetector, i.e, executingthenetwork, is minimized. In chapter6, we present

a new formulationof the“reducedsettechnique”(Burges& Scḧolkopf 1997)(Scḧolkopf et al. 1998)

andweimplementtheconservationhypothesisusingbiasvariation.Theapproachhasconnectionswith

clusteringin kernelspaceandhelpstheminimizerto overcomethedif�culty dueto thenon-convexity

of theunderlyingminimizationproblem.We alsoprovide a boundon thegeneralizationerror related

to theconservationhypothesis.

Finally, in chapter7, we presentexperimentsin facedetectionandevaluatethedetectorusingstan-

dardchallengingtestsets.We alsodiscusscomparisonswith relatedwork andwe attemptto demon-

stratehow our facedetectoris usefulin applicationssuchasimageretrieval, biometricauthentication

andvideosurveillance.Wedraw conclusionsin chapter8 andindicatesomedirectionsfor futurework.
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Everythingshouldbemade

assimpleaspossible, but notone

bit simpler.

Albert Einstein.



Chapter 2

Processingfacesand featurespaces

2.1 Intr oduction

A fastandaccuratefacerepresentationis describedandinterpretedasdatacompressionandvariabil-

ity compensation. Datacompressionmapstheraw informationcontainedin faceimagesinto asuitable

spacereferredto asthe feature spacewhile variability compensationattemptsto reducethe effect of

changesin illumination andskin color. Thesetwo stepsarepreliminaryto ef�ciently encodefacesin

orderto build a facedetectorthathandlesthefaceextractiontaskwith high precisionandin real-time.

Thesearenontrivial constraints,sincein generalthe total run-timefor facedetectionis largely domi-

natedby encodingsteps.

The Haar featurespresentedin this chapterare simple and coarsecomparedwith other features

(asthe Daubechiesfeatures).Initialy, we weremotivatedby the useof Daubechies�lters which are

lesssensitive to the presenceof edges,rectangularstructures,etc.; furthermorethey provide better

compressionfactorsthantheHaar�lters. Nevertheless,therearetwo reasonswhichdriveusto usethe

Haarfeatures:(1) The extremerapidity in estimatingthesefeaturesand(2) the fact that facecoding

is coarse-to-�ne, i.e., we useweakHaarfeaturesto train coarseSVMs while �ne SVM classi�ersare

trainedusingcomplex andstrongfeatures.Thiswill notaffecttherun-timeperformanceof ourdetector

since�ne classi�ersareappliedonly in faceandface-likesubimageswhich areextremelyrare.

2.2 Facecodingand featureselection

Considera referenceblock, i.e., a subimageof ����� ��� pixels,which maybea faceor background.

We proceedby mappingsucha block into anappropriatefeaturespacewhich representsthe low fre-

quency coef�cients of the Haarwavelet transform. Thesecoef�cients areselectedin sucha way to
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2.2. Face coding and feature selection

compresstheinformationcontainedin the �����M��� referenceblockandin thecaseof faces,to preserve

theglobalshapewhentheprocessis reversed,i.e., whendecompressingthesecoef�cients, theglobal

shapeof facesis preservedwhereasfacialdetailsareremoved(seesection2.2.2).

This facerepresentationis not invariantto rigid transformations(rotation,scaleandlocation)which

aremodeledexplicitly usingahierarchyof faceposes(cf. chapter4). Therefore,this facialrepresenta-

tion attemptsto captureinvarianceto localandnon-lineartransformationssuchasexpression,identity,

etc.

2.2.1 Waveletanalysisand discretewavelet transform

In recentyears,researchersin appliedmathematicsand signal processinghave developedtech-

niques for multi-scale representationand analysisof signals (Barlaud et al. 1994), (Daubechies

1988),(Daubechies1990),(Cohenet al. 1992), (Grossman& Morlet 1984), (Meyer 1992), (Mallat

1989).Thesemethodsdiffer from traditionalFouriertechniqueswhich cannotsimultaneouslyachieve

goodlocalizationboth in spaceandfrequency for a signal. Waveletslocalizethe informationin the

space/frequency domain;in particular, they arecapableof tradingonetype of resolutionfor another,

whichmakesthemespeciallysuitablefor theanalysisof non-stationarysignals.

Let WJ�•S`�•Í¥� bea continuoussignalde�ned in
Ä

:

�LR

:

� . Thecontinuouswavelet transform(CWT) of

WJ��S`��Í¥� is de�ned as:
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Here ç

è

� é

°

is referredto asthebasisfunction(seefor exampleFig 2.1)and –&�m�ËÙ¼R arerespectively the

scaleandthetranslationparameters.

By analogywith thecontinuouscase,the 	�
 discretewavelettransform(DWT) decomposesanim-

ageinto differentfrequency bands(cf. Fig 2.3)anddifferentresolutionsusingasuccessiveapplication

of low-passandhigh-pass�lters (i.e., basisfunctions)resultingin smoothapproximationsaswell as

detailedinformation. For facedetection,the main interestingfact is that the global shapeof facesis

embeddedin thecoef�cients of thesmoothapproximation.

The 2D signal
$

de�ned over an 	&íÛ�œ	�í window s is �ltered with ç

è

� é

�2�

��+.+-+.��ç

è

� é

101

, the Haar basis

functions.For a givenscale– andlocation ��
������&������� in a discretedomain,these�lters are:
Æ

In practiceM=6.
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2.2. Face coding and feature selection
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Figure2.1: Some	�
 Haar basis�lter s, �5
Š�����&������� .

When �^
 �����3�������[
 �D]w�j]&� , we simply denotethese�lters by ç

è

�"�

, ç

è

�"1

, ç

è

10�

and ç

è

101

. Thus, for

<���=»
 ]w�,+-+-+.�0	
í

˜

�

I§) , wede�ne thecoef�cients of onelevel of thediscretewavelettransformon
$

as:
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2.2. Face coding and feature selection
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Thisstepdown-samplestheoriginal image
$

with afactor 	

� by averagingneighboringblocksresult-

ing into
!

�

�2�
# $3%

which is referredto assmoothapproximationof
$

at theresolution' . Thecoef�cients

in
!

�

�"1
# $3%

(resp.
!

�

10�
# $&%

,
!

�

101
# $&%

) arehorizontal(resp. vertical anddiagonal)block differences,which

arereferredto asthedetail informationsof
$

at theresolution' . Eachstep ' increasesthefrequency

resolutionof
$

by 	

� anddecreasesits spatialresolutionby 	

� . For imagesof size 	�í*�Ì	�í pixels,

this process,referredto assub-bandcoding, is repeatedfor '¹
 )��,+.+-+-��� IÔ) space/frequency resolu-

tions. In theremainderof thischapter, wedenoteonestepof thisdecompositionsimplyby
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� (seeFig 2.2).

2.2.2 Featureselectionand facerepresentation
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Here ­ � Ö denotes the rest of the division of ­ on Ö . It follows that only
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. At this stage,we

47



2.2. Face coding and feature selection
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2.2. Face coding and feature selection
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2.2. Face coding and feature selection
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This mapping ç

� , referredto asthe compressionfunction, reducesthe dimensionof the image
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where
!

r

�"�

is foundusing(2.4).

Thefacecodingproblemis thentheselectionof theappropriatecompressionfunction ç

� andthis is

constrainedbothby thedimensionof theunderlyingfeaturespaceandthepowerof description,i.e.,the

capacityof thelow frequency coef�cients to capturetheglobalshapeof faceswhen
$

is decompressed.

When Ž\
¶/ no gain in storageandrun-timeperformancefor classi�cation (whenusingSVMs) is

achieved.Ontheotherhandif Ž¹
Š) thedecompressedimageis degradeddramatically. It appears(see

Figs2.3,2.4) thatonly ),�•�~),� low frequency coef�cients resultingfrom theHaarwavelet transform

encodethe faceshapereasonablywell
:

and this correspondsto ŽV
Ûž anda compressionfactorof

)7]�]8�Ì��)qI

s

{LK

s
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v

K�{

v

��
e}�žw+½•�/T¨ .
Ç

i.e., whenusingonly theseMONQPCMRN coef�cients to reconstructS , onecanrecognizeS asa facewhile the identity, the

gender, or theexpressionof this facearenotnecessarilyrecognizable.
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2.3. Fast feature computation and histogram equalization

2.3 Fast featurecomputation and histogram equalization

2.3.1 Speedupprocess:the integral image

Considertheaveragevalueof thegray level informationcontainedin a rectangleof ƒŠ�

á

pixels

where �D<��À=’� is theupperleft-handcornerof this rectangle.Thissumis expressedas:
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The work in (Viola & Jones2001a) de�nes the integral image
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at a given location �D<m��=>�

as the sumof all the gray level informationcontainedabove and to the left of �D<m��=>� as follows (cf.

Figs2.5,2.6):
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Usingtheintegral image,therectangularsum
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� A canbeestimatedat a givenlocation �D<m��=>� using

only four arrayreferencesasdescribedbelow:
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2.3. Fast feature computation and histogram equalization

Figure2.6: An exampleof theintegral image.

Usingthestatementabove,wecaneasilyshow thatequations(2.3)canbewritten as:
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It followsfrom theaboveequationsthatonly � , � , � and} arrayreferencesaresuf�cient, respectively, to

calculateeachvalue
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2.3. Fast feature computation and histogram equalization

2.3.2 Fasthistogram equalization

Histogramequalizationis astandardcontrastenhancementtechniquewith theobjective to make the

empiricalprobabilitydistributionof thegraylevel informationin a givenimageuniform(seeFig 2.7).

Let •a`É
\gcb

s

�,+-+-+.�dbe`

p

beaquantizationof thegraylevelsin asubimage
$

and fg`~
\gjf9h

$

��+.+-+.�Df9hji

p

be

its underlyingempiricalprobabilitydistribution. In generalfg` is not uniform,sohistogramequaliza-

tion �nds a new quantization•l‘µ
Šgck

s

�,+-+-+.�dk�‘

p

(
Ä

ÚÔ” ) suchthatits underlyingempiricalprobability

distribution f»‘k
_g•f8l

$

�,+-+.+-�Lf9l�m

p

approximatesa uniformdistribution.

Histogramequalizationoperationis thena mappingfunction:
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��<���=>��
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�
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(2.10)

In this case,any two pixelswith thesameoriginal gray level will have thesamegray level in thenew

image
$

¬�o

.

Let Ðph>�À'¥� 
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f9l�q ) be the discretecumulative distribution function

(CDF) associatedwith f�` (resp. f»‘ ). Using Ðph>�À'w� , thehistogramequalizationprocessis performed

accordingto thefollowing steps:
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r Givenapixel �DŽJ��îï� , choose• suchthat
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��ŽJ�•îï�ËÙ
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�,+-+.+-�db
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˜
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where { is anormalizationfactor( {E
e	�/�/�n

Ä

).

Speedup

The histogramequalizationalgorithmasreviewed earlierenhancesconsiderablythe contrast(see

Fig 2.7). Whenanimage
$

is dark,histogramequalizationwill replacesomeof darkpixelswith bright

ones
4

, and this helpsto improve the contrast(for instance,betweenthe eyesand the skin part of a

face).Nevertheless,histogramequalizationis laborioussinceits underlyingcomplexity for an image

containing 	�í*�Ü	�í pixels is \��À	

:

í»� . In what follows, we presenta simplemethodwhich reduces

thecostdueto histogramequalization.This methodis basedon theobservationthat: performinghis-

togramequalizationon
$

andon a smoothapproximation
!

	z}

�2�
# $&%

of
$

(at a particular resolutionî

r

)
Õ

Sincethenew graylevel distributionin Sd~€• is expectedto approximateauniformdistribution,it is necessaryto replace

someof thedarkpixelswith brightonesandvice-versa.
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2.3. Fast feature computation and histogram equalization
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Figure 2.7: Histogram equalizationand probability distribution of the gray level information. The

histogramsaredrawnonly for Lena.Thegoalof histogramequalizationis to usethespectrumof gray

levelsin a uniformway. For instance, thetop-leftpictureis verydarkandrequirestheuseof bright gray

levelsin order to enhancethecontrastbetweenthewall andthewindowsof themonument.Thesame

reasoningis possiblefor Lenaasweneedto enhancethecontrastbetweentheeyes,thenoseandthe

skin. Noticealsothat theskinpart of Lena's faceis degradedsincehistogramequalizationis applied

on thewholeimage, but for facedetection,thisprocessis appliedonlyon ���k� ��� pixel subimages.
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2.3. Fast feature computation and histogram equalization

will provide the sameresults, i.e., theCDFsrelatedto thegray level distribution of
$

and
!

	z}

�2�

# $&%

are

similar (cf. Fig 2.8). This will ensurethathistogramequalizationprocesswill mapa givengray level

(belongingto
$

or
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	z}

�"� # $&%

) into thesamepoint.

Recall
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� , the Haar wavelet decompositionfunction de�ned at the resolution ' :
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� . Let Q beafunctiondenotingthehistogramequalizationoperatorwhich

takesanimage
$

andtransformsit into
$

¬�o

suchthat
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�D<��À=’�P
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�
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�D<m��=>��� . For someresolutionî
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(in practiceî
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V	 ), wecanexpresstheaboveobservationas(cf. Fig 2.9):
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Figure2.8: Strongsimilarity of theCDFsrelatedto
$

and
!

:

�"�
# $&%

. Thesediagramsare drawnfor faces

in the�r standthefourthcolumnsof Fig (2.10).

Wecaneasilyshow thatequations(2.3)canbewrittenas:
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Figure2.10: Left: Theoriginal images. Middle: histogram equalizationfollowedby Haar wavelet

decomposition.Right: Haar waveletdecompositionfollowedby histogramequalization.We can see

fromthethird andthe�fth columnsthat imagesarequitesimilar andthetwoprocesses(i.e., estimating
!�:

�2�

andtheoperator
Q

) arealmostcommutative.
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2.3. Fast feature computation and histogram equalization
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Equations(2.12)and(2.3) imply:®
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Whencombiningthehypothesis(2.11)andequation(2.14),weobtain:
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Accordingto theaboveequationandusingtheintegral image,webuild �rst asmoothapproximation
!

	�}

�2�
# $&%

( î

r


V	 ). Then,weenhancethecontrastusinghistogramequalizationoperatorQ whichis now

achievedon a )7�8�N)7� subimage
!

:

�"�
# $&%

ratherthan
$

.

2.3.3 Complexity discussion

We now considerthegain in computationachievedwhenhistogramequalizationandHaarwavelet

analysisare performedaccordingto (2.15). Again, eachstepof the Haar wavelet decomposition
!

�

#

Qº�

$

�

%

canbewrittenas:
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As shown in thisequation,eachstepof theHaarwaveletdecompositioncanbeperformedef�ciently

usingthe subimageQ

#
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. This ef�ciency is mainly dueto the useof the integral imageto pro-
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using(2.3). Then,histogramequalizationis doneon the subimage
!

	 }

�"�

# $&%

of smallerdimensionand
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In practice,theparameters� and î
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arerespectively equalto � and 	 andthecodingprocesspro-

ducesapproximationsof
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, 'k
 î

r

Fµ)���+.+-+.��� Ik) with acomplexity \É�m)7�
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� insteadof \§�L���
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� .

In order to illustrate the gain in processingtime whenusing the fastHaar featureestimationand

fasthistogramequalization,we run a simpletwo classSVM classi�erv with two supportvectorson a

subsetof } imagestaken from the CMU+MIT database(cf. chapter7). Eachimageis processedby

visiting non-overlapping )7�E�º),� blocksat four differentscales,processingthe surrounding���M�N���

pixels(histogramequalization+ Haarfeaturecomputation)andclassifyingtheHaarfeaturesusingthe

SVM classi�er. Table2.1 shows therun-timeperformanceof thesestepsexecutedseparatelywithout

usingthefastversionsof histogramequalizationandHaarfeaturecomputation.Table2.2illustratesthe

gainin processingtime whenusingtheintegral imageto producetheHaarfeaturesandfasthistogram

equalization. Clearly, the run-time for pre-processingis now the sameorder as running the SVM

classi�er. All theseexperimentsareperformedusinga1 GhzPentiumIII computer.

2.4 Summary

The facecodingproblemdescribedthroughthis chapteraimsto reducethe dimensionalityof face

imagesandto capturetherelevant informationfor thetaskat hand.This informationis carriedin the
Ý

This classi�er separatesapopulationof facesfrom thebackground.
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2.4. Summary

Table 2.1: Run-timeperformanceswhenclassifyingseveral sub-windowsof a given image. These

run-timesare shownseparately for different steps,i.e., for histogramequalization,the Haar feature

computationwithoutusingtheintegral imageandfor classi�cation.

Image Numberof Histogram Haarfeature SVM
size sub-windows equalization estimation classi�cation
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v r
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Table 2.2: Run-timeperformanceswhenclassifyingseveral sub-windowsof a given image. These

run-timesare shownseparately for different steps,i.e., for fast histogramequalization,Haar feature

computationusingtheintegral imageandfor classi�cation.

Image Numberof Fasthistogram FastHaarfeature SVM
size sub-windows equalization estimation classi�cation
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2.4. Summary

low frequenciesof the 2D facial signal. In this thesis,we usedthe fastversionof Haarfeatureanal-

ysiswhich reducestheoverheadandto make the costof pre-processingat leastof thesameorderas

classi�cation. Histogramequalizationis performedin orderto gain invarianceto skin color andsome

lighting effects. This preprocessingschemegreatly improvesthe performanceof our detectorsince

we needlessthan ]w+-),�®�À–‡� on averageto computetheHaarwaveletcoef�cients andperformhistogram

equalizationon imagesof �3/�]i�[��]�] pixels.

60



Thatis whatlearningis.

You suddenlyunderstandsomething

you'veunderstoodall your life,

but in a new way.

Doris Lessing.



Chapter 3

Support vector machines

3.1 Intr oduction

Dif�culties due to the bias-variancetradeoff (Gemanet al. 1992), capacitycontrol (Guyon et

al. 1992)andover-�tting (Montgomery& Peck1992)led to the introductionof a new learningtech-

niquereferredto asSupportVectorMachines(Boseretal. 1992).SVM trainingbalancestheempirical

accuracy ona particulartrainingsetandthecapacityof thetrainedmachineto achievea low errorrate

for unseendata,i.e., its generalizationcapacity.

We aregivena labeledtrainingsetwith two classes,which maybeeitherlinearly separableor not,

i.e., thereexists(or not)onehyperplanewhichcanseparatethesetof positiveexamplesfrom thesetof

negativeexamples.Thepurposeof SVM trainingis to �nd anoptimalfunctionin thesenseof achiev-

ing thesmallestgeneralizationerror(cf. next section).SVMshavebecomeastandardtool for machine

learningandthesubjectof intenseactivity in boththeoryandapplication.

This chapteris a review of generalizationtheory, SVM classi�ersandis partially in�uencedby the

excellenttutorial in (Burges1998). The mathematicalmaterialneededto understandandimplement

SVMs includes: kernelsandHilbert spaces,optimizationtheory,
�¢�

-dimensionandgeneralization

errors. For an excellentsurvey of SVMs, see(Cristianini & Shawe-Taylor 2000);see(Vapnik 1998)

for the theory; and seeMINOS (StanfordOptimizationLaboratory),LOQO (PrincetonUniversity)

(Vanderbei1999), Matlab (optimization tool-box), (Cauwenberghs & Poggio 2000), (Platt 1999),

SVM ‘

T

„

1jé (Joachims1998a), SVM ¼

h (Osunaetal. 1997b), andSVM
?

Ê¾½�¿

1 (Collobert& Bengio2001),

for SVM softwareengineeringaspects.SVMs havebeenusedsuccessfullyto detectandanalyzecom-

plex patternsin data,in bio-informatics(Yu et al. 2002),machinevision (Osunaet al. 1997b), text

categorization(Joachims1998b), hand-writtencharacterrecognition(Cortes& Vapnik1995),phonetic
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3.2. Generalization theory

classi�cation(Clarkson& Moreno1999),andotherareas.

In what follows, we adoptthe following notation:a patternS is a datapoint belongingto an input

spaceÀ andhasa classlabel given by ÍŒÙÓg3I‹)��0F»)

p

. Let Á 
Cg>�•S

]

s

^

��Í

]

s

^

�t�,+-+.+-�7�•S

]

£

^

�•Í

]

£

^

�

p

be a

trainingsetwhere S

]

T

^

ÙÂÀ and Í

]

T

^

Ù g3I‹)��0F»)

p

<¿
*)��,+-+.+-�jÞ . We assumethatboth trainingandtest

dataaregeneratedindependentlyfrom aprobabilitydistribution ‚i��S`��Í¥� on ÀÔ�9g3I‹)��0F»)

p

.

3.2 Generalization theory

Training classi�ers is an ill-posedproblemsincemany decisionsurfacesexist, so we needa con-

venientway to chooseoneof them. Many principlescould be appliedsuchasBayesianinference,

minimumdescriptionlengthandFisherdiscriminantanalysis(Bishop1995). Oneof therecenttrain-

ing techniques,i.e.,SVM, involves�nding adecisionfunctionwhich is intendedto minimizeacertain

boundon thegeneralizationerror. In theremainderof this thesisthis functionwill bereferredto asthe

optimaldecisionfunction.

3.2.1 ÃÅÄ -dimension

Let Æ 
*g�WÈÇ

p

be a family of decisionfunctionswhere É is a vectorof parameters.We saythata

set Á of Þ pointsin À is shatteredby Æ , if, for eachof the 	

£

possiblelabelingsof the Þ points,a

function WÈÇ from Æ canbefoundsuchthateachpoint is assignedto its classlabelusingthesignof W.Ç .

The
�¢�

-dimensionof Æ is de�ned asthemaximumnumberof pointsthatcanbeshatteredby Æ . For

example,in 	�
 any threepointsS

]

s

^

��S

]Å:

^

��S

]�4

^ canbeshatteredby asetof lineswhatevertheir labeling,

providedthatthesevectorsS

]

s

^

��S

]Å:

^

��S

]�4

^ arelinearly independent(cf. Fig 3.1). But no four pointscan

beshattered.Hencethe
���

-dimensionof thesetof linesin R

:

is three.

In general,a setof Þ pointscanbe shatteredby orientedhyperplanesin R

‘ if givenonepoint as

the origin, the positionsof the remaining Þ¶I\) pointsare linearly independent.It follows that the
���

-dimensionof a setof hyperplanesin R

‘ is
Ä

F ) , sincewe canalwaysselectoneparticularpoint

astheorigin, suchthatatmost
Ä

positionsof theremaining
Ä

pointsarelinearly independent.

3.2.2 Structural risk minimization

De�nition 1 Let Á bea trainingsetof Þ examplesusedto train a machine WtÇ where É is a particular

vectorof parameters. Wecall theempiricalrisk (or theloss)theerror madeby WtÇ on Á . Thismeasure
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3.2. Generalization theory

is givenby:

ÊÌË

	€Í3�³ÉÜU�Ák�5
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	�Þ

£

�

T




s

U Í

]

T

^

IÜ–,<D³>ŽJ�ÀWcÇ®��S

]

T

^

�m�‡U

where –,<L³3Ž6�LWÈÇ®��SY�m�P
 ð

F») if WÈÇl�•SY�Å¯C]

I‹) if WÈÇl�•SY�ÌÑ ]

(3.1)

Theexpectedrisk (or thegeneralizationerror)
Ê

é

Ë

è

é��¾ÉœUÎÁi� madeby a trainedmachine WJÇ is de�ned

by
Ê

é

Ë

è

é��¾ÉÉU�Ái�;
 ‚º�L–,<L³3Ž6�LWÈÇ®�•Î¼���?� 
eÏ�� . Here Î^�jÏ are randomvariablesstandingfor thedatain À

andtheir classlabelsin g3I¢)��0F»)

p

andhaveprobabilitydistribution ‚i��S`�•Íw� .

Theorem 1 (Vapnik Ï Chervonenkis)

Considera setof decisionfunctionsÆ with a VC-dimension
�

. Fix ÐEÙ

#

]w�,)

%

, Þ 
 U Á^U , andde�ne:

Ñ




	

Þ Ò

�

•

Ÿ

³�G

	�Þ

�

I

FÒ•

Ÿ

³

	

Ð°Ó

(3.2)

Then

‚º�

Ê

é

Ë

è

éw�³É~UjÁi�NÑ

ÊÌË

	"ÍP�¾É~UjÁi�“F

Ñ

�

x

)�I™Ð (3.3)

wheretheprobabilityis with respectto thechoiceof Á .

According to the boundin (3.2), the
���

-dimensioncontrolsthe generalizationperformanceof the

trainedmachine. Increasingthe sizeof Æ will decreasethe empirical risk, but the underlying
���

-

dimension,andhenceÑ , becomeslarger, andthetrainedmachinemight requirea largertrainingsetin

orderto reducetheoverallbound.Thestructuralrisk minimizationprincipleseeksto selecttheoptimal

decisionboundarywhich balancesempiricalrisk and Ñ .

Theglobalform of thedecisionfunction(Guyonetal. 1992)in SVM learningis:

WÈ��SY�¾


�

T

É

T

Í

]

T

^

'B�•S

]

T

^

��SY�“F~Ö (3.4)

A B C D

Figure3.1: (A,B,C)Somecon�gurationsof pointsin R

:

which are shatteredby lines. (D) No possible

hyperplanecanseparatethesethreedatapointssincethey are linearly dependent.
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3.3. Support vector training

Here É

T

describesastrengthof thedatapoint S

]

T

^ . Mostof thestrengthsarenull, andtrainingexamples

with non-null strengthsarereferredto asthesupportvectorsof thedecisionfunction W . In theabove

function, 'B��S

]

T

^

��SY� is interpretedasthesimilarity of a datapoint S with respectto thetrainingelement

S

]

T

^ . Thismeasureis usuallyexpressedusingsymmetricfunctions(referredto askernels).Amongpos-

siblekernels:'B�•S

]

T

^

��SY�5
Š±�S

]

T

^

��S

²

de�neslineardecisionfunctions,'B�•S

]

T

^

��SY�5
Š��)’F^±�S

]

T

^

��S

²

�

Í de�nes

polynomialdecisionfunctionsand 'B�•S

]

T

^

��SY��
ed�S&f@g3IkhjS•INS

]

T

^

h

:

n�Z

:op

de�nesradialbasisfunctions.

Now, wecanrewrite (3.4)as:

WJ�•SY�JIÜÖÌ


�

�

²

q

·




ë

s

É

T

'Y��S

]

T

^

�mSY�^I

�

�

² Ô

·




˜

s

É

T

'B��S

]

U

^

��SY� (3.5)

Consequently, a dataelementS is classi�edpositively if andonly if Ö plustheweightedmeasureof S

with respectto thepositive supportvectorsis greaterthantheweightedmeasureof S with respectto

thenegativesupportvectors.

3.3 Support vector training

Thebasictrainingfor SVMs(Guyonetal.1992)involves�nding afunctionwhichoptimizesabound

on the generalizationcapability, i.e., performanceon unseendata. In what follows, we review SVM

trainingfor bothseparableandnon-separablecases,usinglinearandnon-linearseparators.

We aregiven Þ observationsS

]

T

^

ÙÌR

‘ with associatedlabels Í

]

T

^

�•<5
 )��,+-+.+-�jÞ . Therepresentation

S

]

T

^ of a face,for example,is the ),���Ì)7� arrayof low frequency coef�cients of thewavelettransform

for a �����¾��� subimage(cf. chapter2). Thelabel Í

]

T

^ is equalto ) if the �����¾��� subimagecontainsa

face,andequalto I¢) otherwise.Our objective is to train a mappingS

D

E Í[
 W.Ç¥��SY� andto �nd the

vector É of parametersthatbalancesempiricalrisk andgeneralizationerror.

Throughoutthis section,all vectorsare denotedin lower-caselettersand matricesin upper-case

letters. Thetransposeof a givenvector(or a matrix) is denotedby é and d

é




#

)»+-+-+Y)

%

ÙÔR¸s

K

£

. The

setof vectorsS

]

T

^

�q<‹
Û)��,+-+-+.�jÞ , form an
Ä

�ÜÞ matrix denotedby Õ , where Õ

T

ÙVR

‘ denotesthe

<D�OÖ columnof Õ andcorrespondsto S

]

T

^ , and Õ

U

T

Ù R denotesthe = th componentof Õ

T

. × is an

Þ �ºÞ diagonalmatrix, where ×

T

U


 ]w�

®

<m��= suchthat <™� 
•= and ×

TØT

Ù g3I¢)��jF8)

p

denotesthe

classmembershipof a trainingexample Õ

T

. Finally, we denoteby �D¯

é

�jÖt�¿ÙNR

‘

ë

s a hyperplanewhere

¯

é

Ù¾R

‘ is its normaland ÖTÙ¾R is its canonicaldistanceto theorigin.
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Figure3.2: Maximalmargin classi�er.

3.3.1 Linear SVMs

The separablecase

A setof trainingdata g>�•S

]

T

^

�•Í

]

T

^

�

p

is linearly separableif thereexistsahyperplane�D¯

é

�•Öo� for which

thepositiveexampleslie ononesideandthenegativeexamplesontheother. Let usde�ne themargin as

twice thedistanceof theclosesttrainingexampleto thehyperplane�D¯

é

�jÖt� (cf. Fig 3.2).Thestructural

risk minimization principle (Vapnik 1995) statesthat a hyperplanewhich classi�es the training set

accuratelywith thelargestmargin will minimizeaboundonthegeneralizationerrorandwill generalize

best,regardlessof thedimensionalityof theinput space.

Providedthatall of thetrainingexamplesarelinearly separable,thegoal is thento �nd theoptimal

separatinghyperplane�D¯

é

�jÖt� in thesenseof maximizingthemargin (cf. Fig 3.2). Let Ø)ìY� íj�•S

]

è

^

� bethe

distanceof theclosesttrainingexampleS

]

è

^ to aseparatinghyperplane�D¯

é

�jÖt� :

Ø.ìY� í���S

]

è

^

�P


U ¯

é

S

]

è

^

FÉÖ�U

h0¯�h

(3.6)

If weconstrainU ¯

é

S

]

è

^

FiÖ&U�
\) , then Ø.ìY� í���S

]

è

^

��


s

î

ì

î andthemargin associatedto ��¯

é

�jÖt� is equalto
:

î

ì

î (cf. Fig 3.2).Hence,theoptimalseparatinghyperplane�D¯

é

�jÖt� is foundby minimizingthe
Ä

: norm

of ¯ , undertheconstraintthatthetrainingsetis well separatedby �D¯

é

�jÖt� , i.e., we solve thefollowing
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Figure3.3: LinearSVMclassi�er, theseparablecase.

constrainedminimizationproblem:

ògóõô

ìb� í

s

:
¯

é

¯

s.t. Í

]

T

^

�

¯

é

S

]

T

^

FÒÖL�~I )

x

]w�

®

<

(3.7)

Wecanwrite theaboveconstraintsusingmatricesas:

òöó¤ô

ìY� í

s

:7¯

é

¯

s.t. × �¬Õ

é

¯¶F ÖPd‡�^IÛd

x

]

(3.8)

UsingLagrangianmultipliers,theprimal form of theobjective functionis:
Ä

�³ÉO�•¯¢�jÖt��


)

	

¯

é

¯§I�É

é

�

× ÷�Õ

é

¯¶FÒÖ5d�øÌI¶d
�

s.t. É

x

]

(3.9)

Ä

�¾ÉO��¯��jÖt� is alsoreferredto asthe“primal Lagrangian”and É

é




#

É

s

+.+-+µÉ

£

%

aretheLagrangemultipli-

ers.Theobjective function
Ä

�¾ÉP�•¯��jÖt� is convex in ��¯��jÖt� sinceit is thesumof a convex term ¯

é

¯ and

a linearterm.Thefunction
Ä

�³ÉO�•¯¢�jÖt� is minimizedwith respectto ¯ , Ö andmaximizedwith respectto

É .

Any local minimum (or maximum)of an objective function is referredto asa “stationarypoint”.

A stationarypoint of the Lagrangian
Ä

�³ÉO�•¯¢�jÖt� is found whenits underlyinggradientvanisheswith

respectto ¯ and Ö asdescribedbelow:
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¯
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_É
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×ÿÕ
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É

é

×ÔdT
 ] ý

(3.10)

If we substitute(3.10) into (3.9), then the Lagrangian
Ä

�¾ÉP�•¯��•Öo� can be speci�ed using only the

parameterÉ . Thenew form of theconstrainedoptimizationproblem,referredto asthe“dual form”, is

thenexpressedas:

ò��

š

Ç

É

é

d~I

s

: É

é��

É

s.t. É

x

]

É

é

×œd¸
 ]

(3.11)

This is aconstrainedquadraticprogramming(Qp)problemwhere� is givenby ×

é

Õ

é

Õè× and Õ

é

Õ

is referredto asthelinearkernelmatrix. Again,whensolvingthisproblem,trainingdatafor which the

coef�cients É

T

aredifferentfrom ] arecalledsupportvectorsandaretheclosestdataelementsto the

optimalseparatinghyperplane(cf. Fig 3.2). Throughoutthis thesis,we assumethatthetrainingset Á

is rearrangedin suchaway thatthe�rst Þ8ª elementsS

]

s

^

�,+-+-+.��S

]

£
¦

^ arethesupportvectors.In orderto

estimatethevalueof Ö , wecanuseany two supportvectorsS

]

ÍL^

��S

]

�

^ with differentclasslabels:

ù

¯

é

S

]

ÍL^

FÉÖ…
 F»)

¯

é

S

]

�

^

F~Ö…
ŠI‹)
ý

þ

Ö…

˜

s

:É¯

é

�

S

]

ÍL^

FÜS

]

�

^

� (3.12)

Sincethe problem(3.11) is convex in É , the necessaryand suf�cient conditionsfor a stationary

point to beaglobalsolutionaregivenby theKarushKuhnTucker ( ” ”[ƒ ) conditions(Moré& Wright

1993)(Fletcher1980)asfollows:

�

�

¯

Ä

�³ÉO�•¯¢�jÖt�6
e] (3.13)
�

�

Ö

Ä

�³ÉO�•¯¢�jÖt��
 ] (3.14)

× ÷¤Õ

é

¯ÒF¶ÖPd�øÌIÛd

x

] (3.15)

É

x

] (3.16)

É

é

�

×

÷

Õ

é

¯¶F ÖPd

ø

I¶d
�


e] (3.17)

Conditions(3.13)and(3.14)arereferredto asthenormalLagrange identityconditionswhile (3.17)is

referredto asthecomplementaryslacknesscondition.

Let ��S

s

�,+-+.+-��Sb‘w� , ��¯

s

�,+.+-+-�•¯�‘w� bethecoordinatesof adatapoint S andthenormalvector̄ respectively.

Uponsolving(3.11),theunderlyinglineardecisionfunctionis:

WÈ��SY�5


‘

�

U




s

¯

U

S

U

F Ö (3.18)
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The non-separablecase

In the casewhenthe training set is not linearly separable,“slack variables” �

é




# �

s

��+.+-+.�

�

£

%

are

de�ned astheamountby whicheachS

]

T

^ violatestheconstraintÍ

]

T

^

�

¯

é

S

]

T

^

FÉÖ��

x

) . Only when
�

T

is

greaterthanone, S

]

T

^ is misclassi�ed.Usingtheslackvariables,theconstraintsin (3.8)arerelaxed,if

necessary, andthenew constrainedminimizationproblembecomes:

òöó¤ô

ìb� íL� �

s

:,¯

é

¯ÛF

�

���

é

d‡�
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�L'
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ë

�

s.t. ×
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Õ

é

¯ÒFÒÖPd
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I•d9F	�

x

]

�

x

]

(3.19)

Here
�

�
�

é

d‡�

�

is a penaltytermrelatedto misclassi�cationsand '^
 ) in practice.UsingLagrange

multipliers É

é




#

É

s

+.+-+ É

£

%

and �

é




# �

s

+.+-+

�

£

%

associatedwith theconstraintsin (3.19),thenew form

of theconstrainedminimizationproblemis:

ògóõô

Ä

�¾ÉP�•¯��jÖ7���Œ���5�

s.t. É

x

]

�

x

]

(3.20)

Here
Ä

�³ÉO�•¯¢�jÖ7��� ���5��
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�5�

�

I�É

é

�

× ÷�Õ

é

¯ÒF Ö5d�øÌIÛd;F
�
�

I��

é
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Whentheaboveminimizationproblemis solved,theslackvariablesg

�

s

�,+-+-+.�

�

£

p

canbeexpressedas

(seeFig 3.5):
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é
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Õ_FÉÖPd

é

ø
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ë

(3.21)

Where:
�m+x�

ë

B

R

£

IFE R

£

�³k

s

�,+-+.+-�dk

£

�

D

IFE ��îE­3S �»k

s

�•]&�t�,+-+-+.�•îE­&S �»k

£

�j]&���

(3.22)

(Osunaet al. 1997a) statethatthis formulationis a practicalimplementationof structuralrisk mini-

mizationsincethe�rst termof theobjectivefunctionin (3.19)maximizesthemargin, while thesecond

term reducesmisclassi�cationsandcontrolsthe empirical risk. Following the samestepsas in the

separablecase,andfrom (Osunaetal. 1997a), thedualform of thepreviousproblemis givenby:

ò��

š

Ç

É

é

dqI

s

:ZÉ

é��

É

s.t. ]_Ñ É•Ñ

�

d

É

é

×œd¸
 ]

(3.23)
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3.3. Support vector training

Figure3.4: An exampleof a linear SVMdecisionboundary. Theimageon theright is de�nedfor each

pixel S by 	�/�/TIVU WÈ��SY�‡U .
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Figure3.5: Slack variablesare introducedin order to handlethenon-separablecase.
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As in theseparablecase,asolutionto theaboveproblemis globalif andonly if thefollowing ” ”[ƒ

conditionsaresatis�ed:

�

�

¯

Ä

�³ÉO�•¯¢�jÖ7��� ���5�J
e] (3.24)
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�
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] (3.27)
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] (3.28)
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] (3.29)
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] (3.30)
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e] (3.31)
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�9
 ] (3.32)

r If É

T


 ] , equation(3.26)impliesthat
�

T

¯º] andthismeansthatthetrainingexampleS

]

T

^ is not

a supportvectorandit is not misclassi�edsinceit resultsfrom (3.32) that its underlyingslack

variable
�

T

is necessarilyequalto ] .

r If ]¼Ú É

T

Ú

�

, equation(3.26) implies that
�

T

¯ ] . From (3.32) S

]

T

^ is not misclassi�edand

correspondsto asupportvector.

r If É

T




�

, equation(3.26)impliesthat
�

T


 ] . From(3.32)
�

T

x

] , so S

]

T

^ maybeamisclassi�ed

dataelementandis nota supportvector.

Again, given SŠ
 ��S

s

�,+.+-+-��Sb‘w� and ¯ 
 �D¯

s

��+.+-+.��¯�‘w� , the linear decisionfunction, when solving

(3.23),is:
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F Ö (3.33)
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3.3. Support vector training

Remark 1 Theform of the normal to the optimal separating hyperplaneis given in (3.10) by ¯Û


�

£

T




s

É

T

Í

]

T

^

S

]

T

^ where É

T

is referredto astheembeddingstrengthof S

]

T

^ andinterpretedin (Rosenblatt

1958) as a measure proportional to the numberof timesa misclassi�edtraining example S

]

T

^ has

causedthe updateof its weightingcoef�cient. This quantity measures the dif�culty causedby S

]

T

^

during training and providesa connectionto the boostingtheory(Schapire et al. 1997), (Collins et

al. 2002), i.e., when É

T

is high, S

]

T

^ is a weaktrainingexampleandrequiresgreaterattentionin order

to reducetheempiricalrisk.

3.3.2 Nonlinear SVMs

In SVM training,theglobalframework for thenon-linearcaseconsistsin mappingthetrainingdata

into a high dimensionalspacewherelinearseparabilitywill bepossible.In therepresentation(3.11),

training dataappearonly in the form of dot productsexpressedby Õ

é

Õ . Let � be a mappingfrom

theinput spaceR

‘ into a high dimensionalEuclideanspaceR

¬

referredto asthemappingspace.Let

usde�ne a symmetricfunction that returnsthevalueof thedot productin themappingspaceR

¬

by

'B��S

]
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^

��S

]

U

^

�¹
 ±��¸�•S

]

T

^

�t���¸��S

]

U

^

�

²

. Therefore,we needonly to replace Õ

é

Õ in (3.11) by ” where

”

U

T


V'B��S

]

T

^

��S

]

U

^

� . Undercertainconditions(Mercer'sconditions,(Cristianini& Shawe-Taylor2000))

thesymmetricfunction ' is referredto asakernel.

Thenew form of theconstrainedQpproblem(3.23)is:
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(3.34)

Thenormalof theoptimalseparatinghyperplanein R

¬

is givenasanexpansionof supportvectors

andLagrangemultipliers by ¯

é
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denotesthe

matrix relatedto thetrainingdatain R

¬

. Thus,themembershipof a testelementS is givenby thesign

of Í 
 ±D¯¢���¸��SY�
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F Ö .

Let �¸�•S

]

ÍL^

� , �¸��S

]

�

^

� betwo supportvectorswith differentclasslabels.As in theseparablecase,the

bias Ö is expressedas Ö…

˜
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�¸��S
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^

�O� andthedecisionfunction(seeFig 3.6) is then:
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3.3. Support vector training

3.3.3 The leave-one-outbound on SVMs

Oneinterestingfact in SVMs is thatonly thesupportvectorsarecritical for trainingandclassi�ca-

tion. Givena training setusedto build an SVM classi�er, it is clearfrom the minimizationproblem

(3.34) that onecanomit the non-supportvectorsfrom the training set,re-traina new classi�er using

only thesupportvectors,and�nds thatthedecisionfunctionremainsunchanged.Underthisstatement,

aninterestingboundis derivedin (Vapnik1998)which is discussedin thissection.
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Here:
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At thisstage,wecanwrite thegeneralizationerror
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Theexpectationof thegeneralizationerroroverbothtestdataandtrainingsets(of size Þ ), drawn from

thesameprobabilitydistribution,canbewrittenas:
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(Luntz & Brailovsky 1969)showedthat theexpectationof thegeneralizationerror
Ê

é

Ë

è

é��¾ÉŒUÎÁ

]

£

^

� is

equalto:
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Again, as the optimal decisionboundarydependsonly on the supportvectors,removing the non-

supportvectorsfrom a training setwill leave the decisionboundaryunchangeable,so the leave-one-

out procedurewill classify the non-supportvectorscorrectly. Thus, given a training set Á
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Here,the expectationis over differenttraining setsdrawn from the sameprobability distribution. In

chapter4, this boundwill be usedfor the analysisof SVM classi�ers in the posehierarchy(the f-

network).

3.3.4 Kernel selection

Again,kernelsareusedfor mappingdatafrom theinputspaceR

‘ into ahigh-dimensionalspaceR

¬

wheretheseparationcapacityof thetrainedmachinesis increased.Variouskernelsexist in theliterature

andthe main differenceamongthesekernelsresidesin the VC-dimension,the smoothingproperties

andthegeneralizationperformanceof theresultingsetof classi�ers.Amongexistingkernels,we �nd:

Polynomial kernels

Thegeneralform of thiskernelon R

‘

�iR

‘ is givenby 'Y��S`��Slac�5


�

±�S`�mSla

²

FÒ×j�#" , ×¿Ù¾R and Ø

x

	 .

For this kernel,thedimensionof themappingspaceis
�

‘

ë

"

˜

s

"

� anda family of SVMs built with these

kernelshasVC-dimension
�

‘

ë

"

˜

s

"

�PFœ) (seepage38 in (Burges1998)).Usingthiskernel,thedecision

boundaryin theinput spaceR

‘ is apolynomialcurveof degreeØ .

Neural network kernels

Theuseof neuralnetwork classi�ersrequiresa speci�c de�nition of theunderlyingarchitecturein

termsof the numberof layersandthe units containedin eachlayer. Whenusingthe sigmoidkernel
'B��S`�mS

a
�5
Ô�«­3ŽFÖ

�

­Y±�S`��S
a

²

IÜÖ�� for aparticular �D­l�jÖt�ËÙ¾R

:

, anSVM canbeseenasasinglehiddenlayer

neuralnetwork classi�er for whichthenumberof unitsin thehiddenlayeris automaticallyadaptedand

correspondsto thenumberof supportvectors.In this case,theweightsof connectionsfrom the input

to thehiddenlayerarethevaluesof supportvectorsandtheweightsfrom thehiddenlayerto theoutput
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3.4. Triangular kernel and scale invariance

correspondto thetrainingparametersgÈÉ

T

p

(Vapnik1995).

Gaussiankernels

Theform of theGaussiankernelis :

'B��S`��S

a

��


™0š’›

G“I

)

Z

:

hjS�INS

a

h

:

I

(3.43)

This kerneldeterminesa dot productin an in�nite-dimensionalspacewherethe linearseparabilityof

two setswith differentlabelscanbeguaranteed.Eventhoughthe
�‹�

-dimensionof a family of SVMs

trainedusingtheGaussiankernelis in�nite, this kernelperformswell in practicewhen Z is well-tuned

(Boseret al. 1992), (Burges1998). The parameterZ is directly relatedto scaling. If Z is too large

(overestimated),theexponentialbehavesalmostlinearly andit canbeshown thatthemappinginto the

high-dimensionalspaceis almostlinearanduseless(Cristianiniet al. 1998)(seeFig 3.8, lower right).

On theotherhandwhen Z is too small (underestimated),the function lacksany regularizationpower

andthedecisionboundaryis jagged,irregularandhighly sensitiveto noisydata(cf. Fig 3.8,lowerleft).

Givena family of Gaussiankernelsg�'%$3�6Z¾Ù¾R

p

, theappropriatekernel '%$

æ is oftenselectedusingthe

“cross-validation”process,i.e.,onetrainsseveralSVM classi�ersusingkernelswith different Z . Then,

oneselectsthe Z

°

for theSVM classi�er with thelowesterrorrateonavalidationset(seeFig 3.7).

Using the Gaussiankernel, an SVM automaticallyimplementsan RBF (Radial BasisFunction)s

(Scholkopf, Sung& Poggio1997)wherecenters,weightsandvariancesareestimatedin sucha way

asto minimizeanupperboundon thegeneralizationerror. (Scholkopf, Sung,Burges,Girosi, Niyogi,

Poggio& Vapnik 1997)providesan excellentequivalenceandcomparisonbetweenSVM andRBF

classi�ers,andthe authorsconcludethat SVMs achieve a higheraccuracy thanstandardRBF classi-

�ers usingtheUSpostalservicedatabase(USPS)where•�ž�]�] handwrittendigitswereusedfor training

and 	�]�]�] for testing.
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3.4. Triangular kernel and scale invariance

Figure3.6: An exampleof a non-linearSVMdecisionboundary.
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Figure3.7: Thegeneralizationerror asa functionof Z in theGaussiankernel.
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3.4. Triangular kernel and scale invariance

Figure3.8: Anexampleof a non-linearSVMclassi�er for thedatain theupperleft usingtheGaussian

kernel. Thewhite region correspondsto the pixelsclassi�ed positivelywhile the black region corre-

spondsto thepixelsclassi�ednegatively. An SVMcan(1) act asa linear classi�er (bottomright) with

Z 
¶)7]�]�]�] ; (2) over�t (bottomleft) with ZŒ
¶)7] ; (3) havea goodgeneralization performance(top

right) with Z[
V/�] .
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3.4. Triangular kernel and scale invariance
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Figure3.9: Top: Exponentialkernel 'B�•S`��SYa �…
_d�S&f@g3IkhjSMIÜSla«hon¡Z

:
p

(continuousline) andtriangular

kernel (dashedline) at variousscales(left to right, respectively��)7]3r,�8��)7]>st�»��)7]

:

). Thetriangular

kernelbehavesastheexponentialkernel for large scales.Bottom: Gaussiankernel (continuousline)

and triangular kernel (dashedline) at variousscales(left to right, respectively��)7]>r,�k��)7]

:

�8��)7]
v
).

Intuitively, whereasthe triangular kernel hasthe sameshapeat all scales,the Gaussiankernel has

differentshapes,froma Dirac-like to a uniformweightingof theneighborhood.
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3.4. Triangular kernel and scale invariance

3.4 Triangular kernel and scaleinvariance

3.4.1 Triangular kernel

Let Î bea randomvariableon R

‘ standingfor thedatato beclassi�ed (in theoriginal space),and

ÏÒÙVg3I‹)��0F»)

p

the real classof the data. In this section,we focuson a lessstandardkernelreferred

to asthetriangular kernel, which is basicallyanaf�ne functionof theEuclideandistancebetweenthe

pointsin theoriginalspace,givenby 'B�•S`��SYac�5
_�m) INhjS¸I•Sla�hon�Z

:

�

ë

. The �L�

ë

forcesthismappingto be

positive,andensuresthisexpressionto beakernel.Wewill maketheassumptionthatwecanchooseZ

suchthatall thedatalivesin aball of radius $

+

: , i.e. ‚i�thjÎ§h¿Ñ

$

+

: �5
_) (seeFig 3.9). If Î a is a random

variablewith thesamedistributionas Î , then:
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wherethekernel '

?

is de�ned from ' without forcing its positiveness:
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 )ÌI
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hjS•I(S

a

h (3.45)

3.4.2 Scaleinvariance

De�nition 2 We saythat a kernel is scaleinvariant if theunderlyingSVMs W and W�* trainedrespec-

tivelyon thesetsÁ and Á
* ( Á

* is obtainedby scalingtheelementsfrom Á bya factor +[Ù¼R ) satisfy

thefollowingcondition:

W

*

�•SY�¼
 WJ��SYn,+@� (3.46)

Proposition 1 (Fleuret & Sahbi2003)The triangular kernel '

?

implementsa scaleinvariant SVM

classi�er.

Proof of Proposition 1 ThestatementabovemeansthatanSVMtrainedon Á canbeusedto infer the

SVMtrainedon Á
* andvice-versa. We showthat there existsa relationbetweentheQp formulations

to train anSVMon Á and Á-* .
Æ

A radialbasisclassi�er .0/2143 is givenby .0/51�3�687

�59;:

/=<?>

@BA
Æ�C

@5D

1FEG/IHKJMLONPL�QSRUT=JMV

W

R

3,XZY[3 wherecenters14\

@B]

andvariances
^

@ aregenerallyestimatedusingsomeclusteringtechniques.Theweights C

@ arefoundby eithererrorback-propagationor
thepseudo-inversemethod(Bishop1995).
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3.4. Triangular kernel and scale invariance

Noticethat (3.46)is strictly equivalentto showthat W_*>�I+lSY�¾
 WÈ��SY� . Let
Ä)`

Í (resp. Ð ) betheformof

Qp problem(resp.theobjectivefunction)de�nedon Á :
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Here gZÉ
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p

denotethe Lagrange multipliers of the Qp problemrelatedto the initial training set Á

(seeequation3.11).In a similar way, theconstrainedQp problemon Ác* is:
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Thus,theconstrainedQpproblemon thetrainingset Áh* canbewrittenas:
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It follows that ­
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Wenowshowthat theSVMclassi�ers trainedon thesetsÁ , Á * satisfythecondition(3.46).Indeed,

wehave:
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Ök* is referredto asthebiasof thescaledproblemandis givenby (seeequation3.12):
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Theclassi�er in equation(3.48)is nowwrittenas:
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Soequivalently:
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Remark 2 (VCdimension)

The
���

-dimensionof a familyof SVMstrainedusingthetriangular kernelis in�nite asa Grammatrix

built usingthis kernelis alwaysinvertible(Micchelli 1986).

Remark 3 (Invarianceto photometry)

Let ÁÓ
 s®�

$

]

T

^

��Í

]

T

^

�

v

bea trainingset,whereeach element
$

]

T

^ is a raw imagewith �xed dimensions
:

Ç

Theraw imagesareusedhereasfeaturevectorsfor SVM training.

81



3.4. Triangular kernel and scale invariance

and Í

]

T

^ its classlabel in g3I‹)��0F»)
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]
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^
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As the triangular kernel is also translationinvariant andaccording to thepreviousproposition,if we

train an SVMusingthis kernelon Á

]

*

� qZ^ , thenthe decisionfunctionremainsunchangedwith respect

to thescale+ of thenew classi�cationproblem,andthetranslationparameter̂ . Thus,thetriangular

kernelis af�ne invariant.

3.4.3 Scale-invariance and generalizationperformances

2D toy problem

To illustratethescaleinvarianceandthegeneralizationperformanceof thetriangularkernel,wehave

setup a simpleclassi�cationtaskin two dimensions.Theoriginal trainingpopulationis a setof /’)‡	

points,uniformly distributedin theunit square.Theclassof eachof thosesamplesis a deterministic

functionof their locationin the square,i.e., r�³

B

#

]w�,)

%

:

IFE g3I‹)��0F»)

p

suchthat Ï†
 ³b�•Î¼� . (see

Fig 3.10,upperrow.)

From this sample,we have producedtwo others,onescaleddown by a factorof )7] , andtheother

scaledup by thesamefactor. We have built threeSVMs basedon a Gaussiankernelwith Z9
 ]w+x	 on

thosethreesamples,andthreeSVMs basedon the triangularkernel. Resultsareshown in Fig 3.10.

As expectedtheGaussiankerneleithersmoothstoo much(middlerow, left), is accurate(middlerow,

center)or over�ts (middlerow, right), while thetriangularkernelbehavessimilarly atall scales.

Figure(3.11)shows other2D examplesrepresentinga spiral,a chess-boardandtheword “INRIA”

which is drawn by handusinga Java applet
4

. In all thesecases,the triangularkernelperformsgood

classi�cationtasks.

Facedetection

This experimentalstudyaimsto understandthegeneralizationperformanceof thetriangularkernel

in the context of the face/no-faceclassi�cation problem. The main ideabehindthis approachis to

decomposethespaceof faceappearancesby constrainingmoreandmoretheposes(eyeslocations)in

the imageplan(Fleuret& Geman2001). We do not go hereinto detailsof thefacedetectionscheme

(seechapter4), but we just focuson thegeneralizationperformanceof individual classi�ersdedicated

to constrainedpopulationsof facesubimages.

We considersix trainingandtestingfacedatasetscorrespondingto six levelsof “poseconstraints”

(cf. chapter4) rangingfrom a looselyto highly constrainedfacepopulation.Eachpopulationis gen-

eratedby doing af�ne bitmap transformationsof the original pictureswhich are taken from ORL
Õ

http://www-rocq.inria.fr/s sahbi/Web/MITDEMO/resultat.html
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3.4. Triangular kernel and scale invariance

#
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%

:
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%

:

Gaussiankernel

Triangularkernel

Figure3.10: A simpleclassi�cation taskin 	�
 . Theupperrow showsthetraining setscaledby three

different factors. The�gur esare zoomedaccording to thesamefactors for easeof visualization.The

middlerowshowstheresultsof theclassi�cationwith a Gaussiankernel( Z[
V]w+x	 ), andthelower row

showsresultswith thetriangular kernel.
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3.4. Triangular kernel and scale invariance

Figure3.11:Examplesof 	�
 non-linearSVMdecisionboundariesusingthetriangular kernel.Wecan

seethatthetriangular kernelcanseparatethetwopopulationsin thespiral (toprow),evenif it requires

variousscales.
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3.5. Summary

databasev . For eachlevel, an SVM is trainedwith �&]�] faceand ��]�] backgroundsubimages
z

. Error

ratesareestimated,for eachlevel, on ��]�] otherfaceimages,verifying thesameposeconstraints,and

��]�] otherbackgroundsubimages.

As expected,themorethe facesareconstrainedin pose,theeasieris thediscriminationtask,since

lesstoleranceto translationandorientationis expectedfrom the SVM. Tables(3.1) and(3.2) show

performanceof, respectively, theGaussianandthetriangularkernel.While theGaussiankernelrelies

heavily on thechoiceof Z , thetriangularkernelachievesanerrorratesimilar to thebestGaussianker-

nel without tuningany scaleparameter. Furthercomparisonsareshown in (Sahbi& Fleuret2002)in

orderto illustratethegoodgeneralizationperformancesof thetriangularkernelfor otherclassi�cation

taskssuchashandwrittencharacterrecognition(usingtheMNIST database).

Table 3.1: Error ratesusing the Gaussiankernel on the face vs. non-faceclassi�cation problem.

Theseerrors are thepercentage of misclassi�cationson six testsetseach onecontains1000(faceand

background)subimages.
$ Er (l=1) Er (l=2) Er (l=3) Er (l=4) Er (l=5) Er (l=6)

s�r�r�r

7.36% 2.37% 2.13% 1.66% 1.90% 1.56%

º�r�r

7.36% 2.37% 2.13% 1.66% 1.90% 1.21%
{

r�r

7.83% 2.13% 1.90% 1.90% 1.18% 0.90%

s�r�r

7.12% 3.08% 1.90% 1.90% 0.95% 0.93%

s�r

41.80% 41.80% 41.80% 41.80% 41.80% 41.80%

Table3.2: Error ratesusingthescale-invariant triangular kernel. Theseerrors are thepercentage of

misclassi�cationsonsix testsetseach onecontains1000(faceandbackground)subimages.
Er (l=1) Er (l=2) Er (l=3) Er (l=4) Er (l=5) Er (l=6)

6.88% 2.61% 1.9% 1.9% 1.42% 0.69%

3.5 Summary

This chapteris a global review of SVM theoryandkernelmachinesfor patternclassi�cationprob-

lems.Themainfeaturesof SVMsare1) thetheoreticalvalidationof themaximummargin classi�er in
Ý

http://www.uk.research.att.com/facedatabase.html
à

Noticethatthenumberof trainingexamplesis farbiggerin our facedetector(cf next chapters).
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3.5. Summary

termsof reducingthegeneralizationerrorand2) the implicit mappingusingkernelswhich canguar-

anteethe linear separabilityof the training set in a higherdimensionalmappingspace.Whenusing

the Gaussiankernel, the scaleparameteris determinedusingsomeheuristicsand/orseveral training

andcross-validationsteps. In this chapter, we demonstratedthat the triangularkernel implementsa

scale-invariantSVM andmultipleexperiment,show thatits generalizationperformanceis similar to an

SVM trainedusingthebestGaussiankernelwhich is foundafterseveraltrainingandvalidationsteps.

Theweakestpointsof SVMsarethedif�culty of trainingandtheslow run-timeperformance,mainly

for large-sizetrainingproblemssuchasfacedetection.Severaltechniquesin theliteraturemakeit pos-

sible to reducethecomplexity of anSVM decisionboundary. Nevertheless,suchapproximationswill

not necessarilymaintainthe samelow error rate as the initial decisionboundary. In the following

chapters,we addressthecomputationalissuesandwe designa hierarchicalSVM platformwhich ac-

commodatesa tradeoff betweenspeedandgeneralizationerror.
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If knowledgecancreateproblems,

it is not throughignorance

thatwecansolvethem.

IsaacAsimov.



Chapter 4

The f-network

4.1 Intr oduction

In this chapter, we addressthe problemof building a global hierarchicalclassi�er andan ef�cient

searchstrategy for facelocalization. Achieving invarianceis anothermotivation for the hierarchyas

a platform both for learningandclassi�cation. Learninga view-basedclassi�er from a training set

which representsall or mostof thevariability is a very dif�cult taskboth in theoryandpractice,since

differentnumericalandtechnicalproblemsappear(Rowley et al. 1998)(Osunaet al. 1997b)(Osuna&

Girosi 1998)(Burges& Scḧolkopf 1997). Classi�erstrainedon a largeamountof dataareoftenslow

in executionandcanbe sensitive to over-�tting. The hierarchicaldecompositionis a generalization

of view-basedlearning(Pentlandet al. 1994)(Rowley et al. 1998)(Viola & Jones2001a), andcanalso

be interpretedin the framework of sourcecodingandinformationtheory. This approachprovidesa

low-to-high frequency scoringof the pose,a nestedfamily of classi�ers which are moreand more

discriminatingandeasyto learn.

4.2 Posevariation

The pose
y


¶�-f“��t �0–‡� refersto the position,tilt andscaleof a face. Theseparametersde�ne the

posespace. Thefacelocationf is takenasthepositionof themidpointbetweentheeyes,thescale– as

thedistancebetweentheeyesandthetilt t is relative to theaxisperpendicularto thesegmentjoining

theeyes(cf. Fig 4.1).

A referencesetof posesu is recursively subdividedresultingin anestedfamily of partitionsof u :

u 

s

�Åf“��t �j–¡�PÙ¾R

v s.t fïÙ

#

I¿€w�0FH€

%

:

��t^Ù

#

IT	�]

r

�0Fu	�]

r

%

�0–‹Ù

#

)7]’�0	�]

%

v

(4.1)
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4.2. Pose variation
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Figure4.1: Faceposemodeling.
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Figure4.2: A nestedfamilyof posesets.
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4.2. Pose variation

Level 2Level 1 Level 3 Level 4

Level 5

Level 6

Figure4.3: Distributionof eyeandmouthcoordinatesin theimagespacein differentlevelsof thepose

hierarchy.

90



4.3. The f-network

In thecaseof abinaryhierarchys asaplatformwe have:
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In general,theposehierarchyis a setof nestedpartitionsof thereferenceposeset u (seeFig 4.2).

The nodesbelongingto a particularlevel in the hierarchydeterminea granularity, which increases

from the root to the leaves. In practice,we partition the posein termsof threequaternarysplits in

locationandonebinary split on both tilt andscale,resultingin 	�/�� leaf nodesin the �nest partition

s&�

‘3�

s

�,+-+-+.�•�

‘3�

:

zÀ{

v

(cf. Table4.1,Fig 4.3).A facetrainingset(denoted
 

�Å� � ) is synthesizedfor eachpose

set �

�Å� �

in thehierarchy(cf. Fig 4.4)andencodedusingtheHaarwavelettransform.In theremainder

of this thesis,we denoteby S thefeaturevectorof theHaarwaveletcoef�cients computedon a given

���i�[��� subimageandthisvector S is referredto asapattern.

Figure4.4: Somefaceexamplesfrom,respectively, the least(left images)andthemost(right images)

constrainedposesetin thehierarchy.

4.3 The f-network

4.3.1 Probability distrib ution

Let ‚ beauniformempiricalprobabilitydistributionon thesetof all possiblepatterns(denotedÁ ).

Thesepatternsarecomputedon all the ���M�N��� subimages,taken, for example,from the Web. Here
Á 


 

|‚•

, where
 

denotesthesetof all facepatternswith poseparametersin u and
•




 

¿ contains

all thebackgroundpatterns.Givena patternSÉÙ Á , we denoteby Ï���SY�ŠÙ s3]w�,)��,+.+-+-�0	

‘

˜

s

v

its class
Æ

A binaryhierarchymakestheanalysisof thecomplexity-precisiontradeoff moretractableaswill beshown in chapter

5.
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4.3. The f-network
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Figure4.5: Given /�] imagestaken fromtheCMU database, this diagramshows,for each image, the

fractionof all subimageswhich are faces.

membership:equalto ] if thepatternis backgroundanddifferentfrom ] if it is afacepatternwith Ï•��SY�

correspondingto anapproximation(or a label)of theposetakenfrom 	

‘

˜

s possible“�ne” posecells.

We de�ne ‚

r

��+½�i
†‚É�m+•UXÏ_
 ]&� , ‚

s

��+½�i
†‚É�m+•UXÏ ¯§]&� , asthe conditionalprobability distributions

on, respectively, the backgroundandfacepatterns.Throughoutthis thesis,we assumethat ‚i�LÏC


]&� ¯<¯Ô‚��DÏä¯Ô]�� , which meansthatthepresenceof a facepatternis consideredto bea rareeventin a

subimagesampledunder‚ (seeFig 4.5).

Table4.1: Nodesin thehierarchyandtheir relatedposeconstraints.There are threesplitsin location,

onein rotationandonein scale.

Levels(l) LocationÍ Rotationƒ Scale
è

Nbr of Nbr of SVsin
(pixels) (degrees) (pixels) nodes thef-network

aftertraining

1 (Coarsestcell) 16
K

16 [-20,+20] [10,20] 1 1401

2 (Locationsplit) 8
K

8 [-20,+20] [10,20] 4 696

3 (Locationsplit) 4
K

4 [-20,+20] [10,20] 16 547

4 (Locationsplit) 2
K

2 [-20,+20] [10,20] 64 512

5 (Tilt split) 2
K

2 [-20,0] [10,20] 128 380
2

K

2 [0,+20] [10,20] 394

6 (Scale,�nest split) 2
K

2 [-20,0] [10,14] 256 300
2

K

2 [-20,0] [15,20] 320
2

K

2 [0,+20] [10,14] 290
2

K

2 [0,+20] [15,20] 304
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4.3. The f-network

4.3.2 Local detectors

Givena poseset �

�Å� �

in thehierarchy, we identify anSVM classi�er W

�Å� �

trainedto separatea popu-

lation of facepatternswith poseparametersin �

�Å� �

from backgroundpatterns.A test ƒ

ª

��� �

dedicatedto

�

��� �

is de�ned by ƒ

ª

��� �


_) if W

�Å� �

¯º] and ƒ

ª

�Å� �


Œ] otherwise.

Let Î bea randomvariableon R

‘ standingfor thedistributionof thedata.Let Ï

��� �

on g¡]w�,)

p

bethe

realclassof thedata,i.e., Ï

�Å� �

��Î¼��
_) if agivenpatternÎ is a facewith aposein �

�Å� �

and Ï

��� �

��Î¼�5
Œ]

otherwise. Whentraining an SVM W

�Å� �

on a set Á®��� � 
 sb�•S

]

s

^

�•Í

]

s

^

�0�,+.+-+-�7��S

]

£

^

�•Í

]

£

^

�

v

generatedi.i.d

accordingto ��Î[�•Ï

��� �

� , theamountof computationto evaluateW

�Å� �

is a linearfunctionof theunderlying

numberof supportvectorsÞ

ª

��� �

. It follows from (Burges1998)(Vapnik1995)(Vapnik1998)that the

expectednumberof supportvectorsÞ

ª

��� �

is boundedbelow by „

�

&‡‚…&,ƒ

ª

��� �

�•Î¼�ñ� 
 Ï

��� �

(i( Þ‡† , where
�

&7‚'&7ƒ

ª

��� �

�•Î¼�ñ� 
 Ï

�Å� �

(i(
is theexpectationof thegeneralizationerrorof W

��� �

(over differenttraining

andtestsetsdrawn from thesameprobabilitydistribution), and Þ is thesizeof the trainingset. This

complexity is mainly relatedto the level of “pose invariance”in the hierarchy. For instance,in the

root cell, theposeis the leastconstrained,thegeneralizationerror is thenexpectedto be thehighest,

soaccordingto Vapnik's bound(seeabove)many supportvectorsareexpectedat this level in orderto

modelthedecisionsurface.

Let ˆbƒ

ª

�Å� �

��Î¼�?� 
ŒÏb��� �%‰ bedenotedsimply by 
k�Å� � . We canexpandthegeneralizationerror ‚º�D
���� �,�

as:

‚º�L
8��� �,��
 {

ª

��� �

‚É�LÏl�Å� �…
e]&�EF‹Š

ª

��� �

‚º�DÏb��� ��
Š)7� (4.2)

here {

ª

��� �

, Š

ª

�Å� �

denote,respectively, thefalsealarmandmiss-detectionratesof W

�Å� �

givenby:

{

ª

��� �


 ‚º�D
8�Å� �uU,Ïl��� �q
 ]&�¶
 ‚…&,ƒ

ª

��� �


Š)‹U7Ïl�Å� ��
 ]
(

Š

ª

��� �


 ‚º�D
8�Å� �uU,Ïl��� �q
_)‡�¶
 ‚
&

ƒ

ª

��� �


e]kU7Ïl�Å� ��
_)#(

(4.3)

As ‚��DÏb��� �q
e]&�

x

‚��DÏ_
e]&� ¯<¯Ô‚��DÏ �
 ]&�

x

‚i�LÏl��� �q
Š)‡� , andsince Š

ª

��� �

is generallyverysmall
:

the

generalizationerrorin (4.2) is largely dominatedby thefalsealarmrate {

ª

��� �

, i.e., ‚º�L
8�Å� ���

ˆ

{

ª

��� �

.

4.3.3 Global detectorand the search strategy

By thef-networkwemeanahierarchyof SVM classi�ers,whereanSVM W

��� �

is identi�ed with each

poseset �

�Å� �

in the hierarchyandtrainedusingfacessynthesizedwith posesin �

��� �

. We denoteby

Ð Ù_g¡]w�,)

p

the global responseof the entiref-network which declaresa givenpatternasa face(i.e.

Ð 
‰) ) if thereis at leastonecompletechainof positive responsesfrom the root SVM W

s

�

s

to a leaf

SVM W

‘3� �Om

(seeFigs4.6.A,4.6.B):
Ç

This is mainlydueto theconservationhypothesis(cf. thesectionabouttheg-network andchapter6).
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Thegeneralizationerrorof thef-network is:
‚

�

Ð �
 ),•
Ž�•

r[•

� 
�{

ª

‚É�LÏ_
 ]&�¹F‘Š

ª

‚º�DÏ ¯œ]&� where {

ª , Š

ª denoterespectively thefalsealarm

andmiss-detectionrateof thef-network respectively givenby:

{

ª


 ‚

r

�LÐ �
 ]&�

Š

ª


 ‚

s

�LÐ 
 ]&�

(4.4)

Again, sincethepresenceof facesis a rareevent (i.e. ‚i�LÏ 
Ó]&�Ü¯Ü¯_‚i�LÏ ¯_]&� ), thegeneralization

errorof thef-network is largely dominatedby thefalsealarmrate {

ª .
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Figure4.6: (A) A completechainof ones.(B) Thedepth-�rst search strategy.

Givena patternS , we usethedepth-�rst search strategy to evaluatethe responseof the f-network.

This searchis startedat the top of the hierarchy. Given a cell �

�Å� �

, we computethe responseof the

underlyingclassi�er W

��� �

. If the answeris “positive” (i.e., W

��� �

��SY� ¯ ] ), we visit recursivelythe sub-

hierarchiesderived from �

��� �

; otherwisewe cancelall thesesub-hierarchies(seeFig 4.6, B). Again,

thef-network declaresS asa facepatternif thereis at leastonecomplete“chain of ones”. In practice,

multiple “chains of ones” can exist for a given pattern S , so our strategy �nds all thesecomplete

chainsandthepatternS is classi�edasa facewith aposegivenby theaverageof theposeprototypes
4

belongingto theleavesof thesecompletechains(seeFigs4.7,4.8).

Equivalently, thef-network respondsnegatively (i.e. Ð_
V] ) if andonly if thereis a “null covering”

of thehierarchyin thesenseof a collectionof negative responseswhosecorrespondingcellscover all
Õ

A poseprototype,denoted–O—•˜š™š›�œ

”

—•˜

, is themidpointof ›•œ

”

—•˜

.
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Figure4.8: Left: Multiple alarmsaroundeach detectionresultingfrom multiple completechainsof

ones.Right: Theposeof each detectionis takenastheaverageposeof thesealarms.
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4.3. The f-network

poses;thesearchis terminatedupon�nding sucha null covering. Thus,for example,if W

s

�

s

Ñ�] , the

searchis terminatedastherecannotbea completechainof ones;similarly, if W

:

�

s

ÑÓ] and W

4

�

4

Ñ ] ,

W

4

�

v

ÑÔ] thesearchis terminated;etc.

A sceneis processedby visiting non-overlapping ),�µ�É),� blocks(seeFig 4.9),processingthesur-

roundingimagedatato extract the wavelet coef�cients and classifyingthesecoef�cients using the

searchstrategy describedabove. Thisprocessmakesit possibleto detectall faceswhosepositionfalls

in the )7�E�~)7� block andwhosescale – lies in the interval
#

)7]w�0	�]

%

; the rangeof tilts is
#

IT	�]3Ê,�0Fu	�]�Ê

%

.

Facesat scales
#

	�]w�,)7��]

%

aredetectedby repeateddown-sampling(by a factorof 2) of theoriginal im-

age,oncefor scales
#

	�]w�•�&]

%

, twice for
#

��]w�j€�]

%

andthricefor
#

€�]w�,)7��]

%

(seeFig 4.9). Noticethatwhena

completeroot-leafchainexists,theunderlyingleaf-cellprovidestheposeof thepatternS with anerror

equal(atmost)to onepixel in location, )7] Ê in rotation,and ž pixelsin scale.

4.3.4 Generalpropertiesof the f-network

As statedin (Vapnik1995)(seechapter3), theexpectednumberof supportvectorsfor a classi�er

W

��� �

is boundedbelow:

Þ

ª

�Å� �
x

�

#

‚º�D
k��� ���

%

Þ (4.5)

Again,sincethepresenceof a facewith a posein �

��� �

is a rareevent,thegeneralizationerrorof W

��� �

is

largely dominatedby thefalsealarmrate {

ª

��� �

, sowe canassumethat ‚É�L
k�Å� ���

ˆ

{

ª

��� �

. Throughoutthis

chapter, thiserroris alsoreferredto asthemarginal falsealarmprobabilityof W

��� �

.

Themainhypothesiswe make is thatall theclassi�ersbelongingto thesamelevel of thef-network

have the samemarginal probabilityof falsealarms,sincethe level of poseinvarianceandthesizeof

theunderlyingtrainingsetsareassumedsimilar. Hence,we denotethefalsealarmrate {

ª

�Å� �

simply by

{

ª

�

. Furthermore,thelevel of poseinvariancedecreasesfrom top to bottomandthismakesthedecision

boundarymoreandmoresimpleandthe falsealarmrateclearlydecreaseswhengoing from the root

to the leaf-cells(i.e., {

ª

s

x

{

ª

:

x

+-+.+

x

{

ª

‘

). It follows from equation(4.5) andthe above arguments

that the lower boundon thenumberof supportvectorsshouldbeaboutthesamefor all theclassi�ers

belongingto thesamelevel andshoulddecreasewhengoingfrom thetop to thebottom.Experiments

(seeTable4.1)show that in factthenumberof supportvectorsis quitesimilar for SVMs belongingto

thesamelevel anddoesdecreasefrom top to bottomin thehierarchy. Hence,we denoteÞ

ª

�Å� �

simply

with Þ

ª

�

andassumeÞ

ª

s

x

Þ

ª

:

x

+-+.+

x

Þ

ª

‘

. Figure(4.10,right) shows that theaveragefalsealarm

ratesfor different levels accordingto real observations
v

aredecreasingas • increases.Figure (4.10,
Ý

Theseexperimentsareperformedby runningeachlocal detectorin the f-network separatelyon randombackground
patterns.Themarginalprobabilityof falsealarmsfor a level

¡

is takenastheaverageof themarginal falsealarmratesmade

by thedetectorsbelongingto
¡

.
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Figure4.9: Multi-scaleanalysisof faceimages.
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4.3. The f-network

left) shows that theunderlyingnumberof supportvectorsis decreasingwith respectto • soVapnik's

boundon thegeneralizationerror(i.e.,
�

#

‚i�L
i�Å� ���

%

ˆ

{®�@Ñ_�LÞ

ª

�

n�Þ[� ) is decreasingas • increases.This

is predictablesincethe level of “poseinvariance”decreasesandhencethe learningproblemsbecome

easier, sotheunderlyingSVM classi�ersaremorediscriminatingandrequirefewer supportvectorsas

• increases.Noticethatin all thesestatementsandobservations,thesizeof thetrainingsetis thesame

for all thecellsin thehierarchy.

0

100

200

300

400

500

600

700

800

900

1000

1100

1200

1300

1400

1500

Level 1 Level 2 Level 3 Level 4 Level 5 Level 6

N
um

be
r 

of
 s

up
po

rt
 v

ec
to

rs

0

0.005

0.01

0.015

0.02

0.025

0.03

0.035

0.04

0.045

0 1 2 3 4 5 6 7

F
al

se
 a

la
rm

 r
at

e

Levels (l)

Marginal probability

Real observation 

Figure4.10: Left: Theaverage numberof supportvectors for each level in thef-network.We cansee

that this numberis decreasingand accordingly: as the sizeof the training set is similar for all the

cells, thegeneralizationerror is decreasingroughlyin accordancewith Vapnik's bound(4.5). Right:

Average of the marginal probability of falsealarmsfor the classi�ers belongingto different levelsin

thef-network.

Let ‚
&

ƒ

ª

s

� �

$


\)��,+-+.+-�•ƒ

ª

�Å� �

&


Š)#( be the probability of a “chain of ones” from the root to the pose

cell �

�Å� �

&

. As statedearlier the marginal probability {

ª

�Å� �

&

is the falsealarm rate of W

��� �

&

given that

this classi�er is run on randombackgroundpatterns. However, when W

�Å� �

&

is run only on back-

groundpatternsfor which the classi�ers at the upper levels )��,+.+-+-�j•PI�) answerpositively, then the

falsealarm rate of W

��� �

&

is referred to as the conditionalprobability of falsealarmsand is equal to

‚'&7ƒ

ª

�Å� �

&


_)¢U,ƒ

ª

�

˜

s

� �

&

¶È$


_)��,+.+-+-�•ƒ

ª

s

� �

$


_)
( . For the reasonscited above, classi�ers belongingto the

samelevel of thef-network areassumedto havethesameconditionalprobabilityof falsealarms.Since

both the conditionalandthemarginal probabilityof falsealarmsareonly level-dependent,it follows

that ‚
&

ƒ

ª

s

� �

$


_)��,+-+.+-�•ƒ

ª

�Å� �

&


Š)#( dependsonly on theunderlyinglevel andnoton '

s

�,+-+-+.�0'�� .

Denote ˆ
ƒ

ª

s

� �

$


Š)��,+.+-+-�•ƒ

ª

��� �

&


_)
‰ simplyby G¸��� �

& . Wecanexpandthe(joint) probability ‚i�DG¸�Å� �

&

� as:
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As ‚É�LÏ_
 ]w�6Ïb��� �

&


 ]&� 
 ‚É�LÏ_
e]&� ¯<¯ ‚É�LÏ­� 
e]&�

x
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 ]’��Ïb��� �

&
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 ]&�ë¯<¯§‚º�DÏ­� 
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Theconditionalprobability ‚
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( to accepta backgroundpat-
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is that, given the previous positive responsesƒ
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 ) , this backgroundpatternis

more likely to resemblea facethanonechosenat randomfrom all backgroundpatterns. It follows

from extensive experiments(seeFig 4.12, left) that the tests g‡ƒ

ª

s

� �

$

�,+-+.+-�•ƒ

ª

�Å� �

&

p

arenot independentun-

der ‚

r

sincethe product �¬{

ª

s

�Œ+.+-+��á{
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�

� decreasesmuch fasterthan the observed joint probability
‚
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in experiments.

Diagram(4.12, left) shows clearly that the joint probability ‚

r

&
ƒ

ª

s

� �

$


Š)��,+.+-+-�•ƒ

ª

��� �

&


_)#( of getting

a particularchaindecreasesdramaticallyfrom the �rst to the secondlevel of the f-network. This is

predictablesincethelevel of invariancechangesdramaticallydueto more“locationconstrained”clas-

si�ers in thesecondlevel. Furtherconstraintsin locationfor theclassi�ersbelongingto third andfourth

levelsof thef-network donotmakeasnoticeableareductionin this joint probability. Nevertheless,the

split in locationin theselevelsis requiredin orderto focusthetrainingonly onrotationandscalein the

�fth andthesixthlevels.Accordingto theseobservations,thejoint probabilityof theexistenceof apar-

ticular chainfrom thetop to the�fth or thesixth levelsdecreasesslowly asthepatternsreachingthese

levelsarethemostsimilar to faces.Weseeclearlythattheclassi�ersdonotbehaveindependently. The

conditionalprobabilityof alarmsshown in Fig 4.12(right) canbeinterpretedasa deceleration of the

discriminationpowerof agivenclassi�er W

�Å� �

&

providedthatthisclassi�er is runonspeci�c background

patterns
z

. While naturally the marginal falsealarmrateof W

��� �

&

decreasesasthe poseinvariancede-

creases(with • ) (seeFig 4.10,right), its conditionalfalsealarmrateis not guaranteedto decreasewith
à

i.e., thosefor which theclassi�ersbelongingto theupperlevelsanswerpositively.
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alarms=117/1960 alarms=43/1960

alarms=30/1960 alarms=12/1960

alarms=2/1960

l=1 l=2

l=3 l=4

l=5
alarms=2/1960

l=6

Figure4.11: Reductionof alarmsfromthe root to the leaves.We processthis image at four different

scales,resultingin )7}���] non-overlappingblocksof )7�H�ï)7� pixels.For each level • in thehierarchy, we

showthenumberof blocks(alarms)for which a chain of onesexistsfromtheroot to the level • in the

f-network.
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Figure4.12: Left: Theobservedjoint and (theoretical) productprobabilitiesfor each level in the f-

network.Right: Theobservedmarginal andtheconditionalfalsealarmprobability for testsbelonging

to differentlevelsin thehierarchy.

• asthenegativepatternsreachingthelower levelsof thef-network resemblefacesmoreandmore.

In the following section, a hierarchicalbootstrappingtechniqueis presentedwhich improves

face/non-facediscrimination,particularlywhenapproachingthelower levelsof thef-network.
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Figure4.13:Thesediagramsshowthedecreaseof thejoint andthemarginal probabilityof falsealarms

whenusingthebootstrappingprocess.Wecanseefromthethird levelof thef-network,thatthedecrease

startsto benoticeablesincebackgroundpatternsresemblefacesmore andmore andeach detectoris

thentrainedon thesespeci�c patterns.

4.3.5 Top-bottom hierarchical bootstrapping

TheSVM trainingprocessis performedfor eachposeset �

��� �

&

in thehierarchyby solvingaquadratic

programmingproblemusingtheunderlyingtrainingset Áb�Å� �

& consistingof facepatterns
 

�Å� �

& with poses
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4.3. The f-network

in �

��� �

&

andbackgroundpatterns(denoted
•

��� �

& ). Theaccuracy of theresultingSVM classi�er W

��� �

&

may

dependson theappropriateselectionof thesepatterns.In particular, thedecisionfunction W

�Å� �

&

is more

accuratewhenthebackgroundpatternsarechosento be “close” to the face-backgroundinterface. In

sucha case,thesepatternsaregoodcandidatesto be supportvectors. In this section,we presenta

naturalmethodto selectthe backgroundtraining patternsin sucha way asto reducethe global false

alarmratein thef-network.

Dueto thestructureof thehierarchy, as • increases,backgroundpatternsaremoreandmoresimilar

to faces.Thus,theclassi�ersshouldbetrainedusingnegativeexampleswhichpassall thepreviouslev-

elssincetheseexamplesbettercharacterizethediscriminationproblemto beencounteredthanrandom

chosennegative examples.Hence,eachbackgroundpatternS which is classi�ed positively (a “chain

of ones”)from theroot to a cell �

�

˜

s

� �

&

¶c$

will beusedasa negative exampleto train all theclassi�ers

for thechildrenof �

�

˜

s

� �

&

¶È$

.

At the�rst step,webuild theSVM W

s

�

s

bysolvingaquadraticprogrammingproblemusing
 

s

�

s

|)•

s

�

s

where
•

s

�

s

is arandomsubsettakenfrom theset
•

containingall backgroundpatterns
{

. Then,atagiven

level • , andfor eachposeset �

��� �

&

in the f-network, an SVM W

��� �

&

is trainedusing
 

��� �

&

|ž•

��� �

& , where

•

�Å� �

& is a setof backgroundpatternscollectedfrom
•

for which thereis a chainof onesfrom theroot

to theparentof thecell �

�Å� �

&

at the level •`IV) . With this particularselection,theprobability to geta

particularchainof onesfrom the root to thecell �…�Å� �

& decreasesdramatically(cf. Figs (4.13),(4.14),

(4.16),(4.15),(4.17)).Therationalis thateachclassi�er W

�Å� �

&

will thenfocuson thenegativeexamples

which passthe upperlevelsandthis classi�er is thenexpectedto achieve higherdiscriminationthan

a classi�er belongingto the samecell andtrainedon a randomsubsetfrom
•

. The following table

summarizesthewholehierarchicaltrainingprocessof thef-network:
Ÿ

In thef-network describedin theprevioussections(i.e., trainingwithout bootstrapping),all theSVMs in thehierarchy
weretrainedusinga subsetfrom   identicalto  

Æ�” Æ .
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Initialization¡

All thesets¢�£

”

—•¤ and  �£

”

—•¤ areinitialized:

¢_£

”

—•¤06m¥

All thefacessynthesizedwith randomposesin ›

£

”

—•¤

andencodedusingtheHaarwavelettransform. ¦

  £

”

—•¤ 6 ¥

Randomsubsetfrom   If
¡

68§ £ 6�M

¨F©

otherwise ¦

(4.8)

Here   is avery largesetof backgroundpatterns.
¡

Using ¢

Æ•” Æ�ª

 

Æ�” Æ , theSVM classi�er .

Æ�” Æ is trainedby solvinga classicalQpproblem.

Bootstrapping¡

Runthefollowing stepsfrom thesecondto thebottomlevel of theposehierarchy.
¡

For agivenlevel
¡

andaposeset ›

£

”

—•¤

, build theset  �£

”

—•¤ accordingto thefollowing rule:

«

1K™¬  if ­#§

Æ

x[®¯®U®¯x
§F£

N

Æ s.t.
’�“

£

N

Æ•”

—•¤U°²±

6|MFx[®¯®U®¯x

’�“

Æ•” Æ

6 M

and ›

£

”

—•¤´³

›

£

N

Æ�”

—•¤U°²±µ³

®U®¯®

³

›

Æ•” Æ

then  �£

”

—•¤G6} �£

”

—•¤

ª

¨

1

©

¡

Giventheset ¢
£

”

—
¤ of facepatternswith poseparametersin ›

£

”

—
¤ , train theSVM .

£

”

—•¤

on ¢
£

”

—
¤

ª

 
£

”

—
¤

by solvingaclassicalQp problem.

4.4 The g-network

The g-networkusesthe sameposehierarchyasthe f-network. However, for eachposeset �

��� �

, a

simpli�ed SVM decisionfunction ³

��� �

is built by reducingthecomplexity of thecorrespondingclassi-

�er W

�Å� �

in thef-network. In this chapter, wewill not go into detailsof thedesigntheg-network; this is

thesubjectof chapters5 and6.

Thecomplexity of ³

�Å� �

, measuredby thenumberof supportvectorsis constrainedto increasefrom the

top to the bottom levels of the g-network. Therefore,the decisionfunctionsat the upperlevels are

rapidly computedbut arecoarseandproducehigh errorrates
|

, whereastheclassi�ersapproachingthe

bottomof theg-networkaremorecomplex andachieverelatively lowererrorratesthanin theupperlev-

els(seeFig 4.18).Noticethatthegeneralizationerrorfor eachlocaldetectorin theg-network doesnot
¶

As in thecaseof thef-network, thiserroris largelydominatedby themarginal falsealarmrate.
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),���k�N),}&	 , 8.25(s) 	�•�/»� ž���} , 36.82(s) �&ž�}k�[ž�]�] , 38.36(s)

ž�]�]8�¾	��&] , 23.52(s) �¥),�k�¾	�•�ž , 34.04(s) ž&	�]k�¾	��&] , 22.79(s)

���&]k�[�&€�] , 78.09(s) •�	�•8� /�ž�� , 144.63(s)

Figure4.14:Detectionswithoutthebootstrappingprocess.(Imagesizeandrun-timeperformancesare

alsoreported.)
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),���k�N),}&	 , 9.96(s) 	�•�/»� ž���} , 46.75(s) �&ž�}k�[ž�]�] , 44.81(s)

ž�]�]8�¾	��&] , 25.56(s) �¥),�k�¾	�•�ž , 41.52(s) ž&	�]k�¾	��&] , 27.46(s)

���&]k�^�&€�] , 92.5(s) •�	�•k�[/�ž�� , 265.02(s)

Figure4.15:Detectionswhenusingthebootstrappingprocess.(Imagesizeandrun-timeperformances

arealsoreported).Wecanseethattherun-timeperformancedoesnotdependonlyonthesizeof images

butalsoonthecomplexityof thescene. Wefoundthatthenumberof supportvectorsis larger in different

levelsof thef-network(usingthebootstrappingprocess)thanstandard trainingof thef-network(using

thesamebackgroundpatternsfor all thecells)andaccordinglyprocessingtimeis bigger.
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��ž�]8�[�¥),€ , 78.56(s) �&	�žk�[€�]�/ , 156.0(s)

),}w)u�N)7}�ž , 11.53(s) �&�&	»�¾	�}�� , 41.55(s) 	�•��k�[�&]�� , 32.93(s)

Figure4.16:Detectionswithoutthebootstrappingprocess.(Imagesizeandrun-timeperformancesare

alsoreported.)
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��ž�]8�[�¥),€ , 94.25(s) �&	�žk�[€�]�/ , 182.55(s)

),}w)u�N)7}�ž , 14.39(s) �&�&	»�¾	�}�� , 68.27(s) 	�•��k�[�&]�� , 37.89(s)

Figure4.17:Detectionswhenusingthebootstrappingprocess.(Imagesizeandrun-timeperformances

arealsoreported).Wecanseethattherun-timeperformancedoesnotdependonlyonthesizeof images

butalsoonthecomplexityof thescene. Wefoundthatthenumberof supportvectorsis larger in different

levelsof thef-network(usingthebootstrappingprocess)thanstandard trainingof thef-network(using

thesamebackgroundpatternsfor all thecells)andaccordinglyprocessingtimeis bigger.
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4.4. The g-network

necessarilyre�ect Vapnik's bound(see(4.5) andchapter3) sincetheseclassi�ersdo not result from

a classicalunrestrictedSVM training problemasbefore. Theseclassi�ers have smallerandsmaller

falsealarmratesas • increases.This is mainly dueto the fact that: (i) This marginal falsealarmrate

is decreasingin thef-network as • increases(cf. section4.3.4);(ii) Eachlocal detector³

��� �

mirrorsthe

correspondingclassi�er W

��� �

in thef-network undercertainconstraints(cf. chapter6).

We usethe samecoarse-to-�nestrategy (cf. section4.3.3) for evaluatingthe g-network as the f-

network. Unlike the f-network, however, the decisionfunctionsat the upperlevels arerapidly com-

putedandyetstill respondnegatively in themajorityof cases- andhence“cancel” theevaluationof all

�ner SVMs in theassociatedsubtrees.This is possiblesinceonly a smallpercentageof thesubimages

visitedactuallyhave faces.
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Figure4.18:Complexity versusinvarianceon theg-network.

4.4.1 The conservation hypothesis

OneimportantdifferencebetweentheSVM classi�ers ³

��� �

and W

�Å� �

, particularlyneartheroot, is that,

if ³

�Å� �

is constructedpurely for ef�ciency, it may have an unacceptablyhigh falsenegative error rate

(andhencebeinconsistentwith ourcomputationalstrategy) and,in particular, it will nothavethesame

low falsenegative errorof thecorrespondingW���� � (cf. chapters5,6). We arewilling to sacri�ce power

for ef�ciency, but notat theexpenseof missing(many) faces.Thisadditionalconstraintwill besatis�ed

if a conservationhypothesisis imposedfor any patternS : W

�Å� �

��SY�
¯�] implies ³

��� �

�•SY�
¯ ] . This will
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4.5. Summary

guarantee,at leastempirically, thatall thefacepatternsclassi�edpositively usingthef-network will be

classi�edpositively usingtheg-network. We noticethatpositivity of W

�Å� �

for “large” �

��� �

by no means

automaticallysignalsa faceasthereis anon-trivial falsealarmrate.Ontheotherhand,wecanassume

that W

��� �

¯œ] for nearlyall facepatternswith aposein �

�Å� �

.

We de�ne the testsƒq„

��� �

relatedto theg-network in thesamemanneraswith the f-network. Again,

‚

�

ƒ…„

�Å� �

��Î¼�ñ� 
 Ïb��� �L� , thegeneralizationerrorof ³

�Å� �

, is expandedas:
‚

�

ƒ…„

�Å� �

��Î¼�ñ� 
 Ïb��� � � 
 {¥„

��� �

‚É�LÏl�Å� �…
e]&� F Š7„

�Å� �

‚º�DÏb��� ��
Š)‡� , where {¥„

�Å� �

, Š‡„

��� �

denote respec-

tively the false alarm and miss-detectionrates of ³

��� �

. For the samereasonsas the f-network,

this generalizationerror is largely dominatedby the marginal probability of false alarms {B„

�Å� �




‚

�

ƒ

„

�Å� �

��Î¼�?� 
 Ïb��� �HU7Ïl�Å� ��
 ]t� .

De�ne theoverall responseof theg-network as · Ù†g¡]w��)

p

, andwrite W¹¸œ³ to indicatethattheset

of detectionsfrom the W -network is asubsetof thosefrom the ³ -network. Indeed:

Wž¸œ³

A

s

®

S Ù¾R

‘

B

Ð��•SY�5
_)

þ

·i��SY�5
_)

v

(4.9)

Let
y

denotesa facepose.We have in fact W¹¸œ³ since:

Ði��SY�5
_)

þ

r

y

Ù[�

‘3� �Om…º

+-+-+

º

�

s

� �

$

s.t W

‘&� �Rm

�•SY�Q¯º]¼»*+.+-+½» W

s

� �

$

��SY� ¯§]

(4.10)

The conservation hypothesisimplies ³

‘3� �Om

��SY��¯ ]¾» +-+.+¹» ³

s

� �

$

��SY��¯‰] , andhence ·i��SY��
 ) .

Accordingto this simpleargument,eachlocal detectorin the g-network producesmorealarmsthan

its correspondinglocal detectorin the f-network andthis makesthenumberof root-leafchainsin the

g-network greaterthanin thef-network.

Finally, sincetheg-network is exploredwith thecoarse-to-�nesearchstrategy anddueto controlling

thenumberof supportvectors,theg-network is a very ef�cient classi�er relative to the f-network, as

will beshown in chapters5 and7.

4.5 Summary

In many existing state-of-the-arttechniques,facelocalizationis de�ned asanexhaustive searchby

visiting subimagesat different locations,scalesand orientations. In this chapter, we overcamethe

weaknessof this bruteforce searchstrategy usinga coarse-to-�ne�ltering wherealmostall partsof

imagesarerejectedwith asingleSVM andheavy computationis performedonly on faceandface-like

structures.This schemeis motivatedby the fact that only a small fraction of the visited subimages

containfaces.
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4.5. Summary

We presentedin this chaptera combinationbetweencoarse-to-�neprocessingandSVM classi�ers

trainedusinga hierarchicalbootstrappingmethod.Theanalysisof theerrorhasshown that theboot-

strappingprocessis veryef�cient to selectthemostappropriatebackgroundpatternsin orderto reduce

falsealarms.Posedecompositionis anef�cient view-basedframework thatmakesprocessingcoarse-

to-�ne. Dif ferentsplitsin termsof 	�
 faceappearancetakenfrom g¡•

Ÿ

×0­3�«<

Ÿ

ŽÈ�

Ÿ¡ 

<Àd,Žb�«­&�«<

Ÿ

ŽJ�P–7×t­>••d

p

are

performedin our hierarchy, andthediscriminationpower of eachdetectorbelongingto a given level

dependson theunderlyingsplit. It would be interestingto seekthebestorderedsequenceof splits in

thesenseof maximizingthediscriminationpowerof eachlocaldetectorrelativeto theunderlyingback-

groundalternativehypothesis.Thiswouldbeaninterestingandperhapsdif�cult optimizationproblem.

Finally, we presentedin this chapterthe f-network, which is the �rst characterizationof our face

detectorbut for which theunderlyingcomputationalcostis extremelyhigh (seeFigs4.14,4.16,4.15,

4.17).Theg-network implementsaview-baseddetectormoreef�ciently sinceits architectureis coarse-

to-�ne in theposeandtheindividualSVM complexity.
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Asfar asthelawsof mathematics,

referto reality, they arenot certain;

andasfar asthey arecertain,they do not

referto reality.

Albert Einstein.



Chapter 5

Designingthe g-network

5.1 Intr oduction

The f-network classi�esdatawith a sequentialprocedureof decreasingintensity in the sensethat

the cost is decreasingwith levels in the hierarchyso that we reserve intensive local computationto

rarecases.We never do real template-matching- exhaustively searchingover many transformations-

sincethis requiresanenormousamountof computation.Theg-network usesthesameprotocolandis

expectedto have thesamefalsenegative rateasthe f-network dueto theconservationhypothesis(cf.

chapter4). However, thefalsepositive rateis largerdueto arti�cially reducingthenumberof support

vectorsand implementingthe conservation hypothesis(cf. chapter6). Our aim is thento build the

g-network with a smallercost(computation)at theexpenseof a larger, but reasonable,falsepositive

rate.

The global costof the g-network, i.e., of evaluating · on a ���[�~��� subimage,dependson mul-

tiple factorsincluding backgroundrejectionprobabilitiesandthe numberof supportvectorsfor each

g-classi�er. Obviously, almostall classi�ed patternsare not faces,so the global cost is dominated

by the amountof computationnecessaryto rejectthe background.Face-like structuresrequiremore

processingduebothto theincreasein thenumberof thetests(SVMs)andthecomplexity of eachtest.

Therefore,weattemptto selectthenumberÞ

„

��� �


 ŽY� of supportvectors(thecomplexity) for eachSVM

³

��� �

in theg-network suchthat theglobalaverage costto rejectbackgroundstructuresat a �x ed false

alarmrateis minimized.This analysisis performedunderthehypothesisof theexistenceof a strictly

convex functionwhich modelsthebackgroundrejectionprobabilityasa functionof SVM complexity

andthedegreeof “poseinvariance”.
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5.2. Complexity vs. precision
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Figure5.1: Thecontinuouscurveshowsthe falsealarm rate as a functionof the numberof support

vectors in a particular classi�er in theg-network.Thedashedline is thefalsealarm rateof its under-

lying f-classi�er (Actually, thedashedcurvedoesn't dependon thenumberof supportvectors as this

numberis constantin thef-classi�er. It is drawnjust to showthe lower boundof thefalsealarm rate

relatedto theg-classi�er).

5.2 Complexity vs. precision

Given that the sizeof the training set is the sameat all the levels of the f-network, the numberof

supportvectorsatagivenlevel • naturallydecreaseswith • ; this is simplydueto solvingeasiertraining

problemssincethecellsbecomemoreandmorehomogeneousas • increases.Of coursein SVM theory,

thenumberof supportvectorsre�ects thedif�culty of theproblemandwehavealreadydiscussedhow

the expectednumberof supportvectorsis boundedbelow by Ñ

Þ , where Þ is the cardinalityof the

trainingsetand Ñ is theexpectationof thegeneralizationerror.

In the“mappingspace”,anSVM decisionfunctionis ahyperplaneexpandedin termsof themapped

supportvectors. The dataappearsonly in termsof dot products(kernels)anda decisionfunction in

the“input space”is givenby a linearcombinationof kernels.Thecomplexity of thedecisionfunction

dependson thedistribution from whichdatapointsaredrawn. For instance,thedecisionfunctionfor a

simpleandlinearly separabletrainingset,might beexpressedwith only two supportvectors,whereas

thespiralexample(seechapter3) requiresmany supportvectorsasthedistributionof thedatais com-

plex andtheclassesarenot linearlyseparable.

ConsideranSVM classi�er W

�Å� �

in thef-network with Þ

ª

��� �

supportvectors.In chapter6, we present

amethodto build anSVM ³

�Å� �

with aspeci�ednumberŽ@� of supportvectors( ŽB�µÑ Þ

ª

�Å� �

) suchthatthe
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5.2. Complexity vs. precision
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Figure5.2: Falsealarm rateasa functionof thenumberof supportvectors usingtwo SVMclassi�ers

in theg-networkwith differentposeconstraints.TheSVMswere built usingtheGaussiankernel.

generalizationperformanceof ³

�Å� �

is assimilar aspossibleto thatof W

��� �

. Obviously when Ž@�6
ÓÞ

ª

�Å� �

,

³

��� �

is similar to W

��� �

, andachievesexactly thesamegeneralizationperformancebut of coursenogainin

computationis achieved. On theotherhand,underestimatingŽ`� makesthetopologyof ³

�Å� �

very loose

with respectto W

��� �

, so the power of ³

��� �

falls very far shortof that of W

��� �

. Clearly, asthe numberof

supportvectorsincreases,thediscriminationpower of ³

�Å� �

increasesandasymptoticallythis classi�er

reachesthegeneralizationperformanceof W

��� �

(seeFig 5.1).

With thesamenumberof supportvectors,aclassi�er ³

��� �

will producemorefalsealarmsthanaclas-

si�er ³

�

a

� �

a

when •¿Ú • a (cf. Fig 5.2) asmoreinvarianceis expectedfrom ³

��� �

. The falsealarmrateis

decreasingwith • in theg-network sincetheposeis moreandmorere�ned andthedesignatednumber

of supportvectorss is normally increasingwith • . At a givenlevel of theg-network, sinceall theclas-

si�ers have thesamedegreeof invarianceandarebuilt with thesamenumberof supportvectors,the

falsealarmrateis expectedto beapproximatelythesamefor all theseclassi�ers(cf. Fig 5.3).

Thepower-computationtradeoffs aremoreor lessobvious:

Building verysimpleclassi�ersin theupperlevelsof theg-network (for instance,linearSVMs)makes

thediscriminationpowerof thoseclassi�ersverypoorandalot of backgroundpatternswill requirefur-

therprocessingin the lower levels(containingnon-linearSVMs) (cf. Fig 5.4, top), possiblyresulting
Æ

Thisoptimalnumberis relatedto thebestcomplexity-precisiontradeoff accordingto ourmodelaswill beshown in the

following sections.
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5.3. Formalization

0

0.005

0.01

0.015

0.02

0.025

0.03

20 40 60 80 100 120 140

F
al

se
 a

la
rm

 r
at

e

Number of support vectors

Level 5, first pose-set 
Level 6, first pose-set 

Level 6, second  pose-set 
Level 6, third pose-set 

Figure5.3: For a particular posecell in the�fth level,andthreeparticular posecellsin thesixthlevel

of the g-network,webuild differentSVMswith several numbers of supportvectors. Theuppercurve

showsthe falsealarm rate of the SVMclassi�er in �fth level with respectto the numberof support

vectors,whereasthethreeothercurvesshowfalsealarmratesrelatedto theSVMsof thesixthlevel.

in aninef�cient g-network. Onotherhand,building veryexpensiveclassi�ersat theupperlevels(such

asthef-network) leadsto intensive earlyprocessing,andmainly whenclassifyingsimplebackground

patterns,so theoverall meancostexplodes(cf. Fig 5.4, low). Betweenthesetwo extremecases,it is

worthwhile to �nd theappropriatenumberof supportvectorsfor eachposecell in orderto minimize

theoverallmeancost(cf. Fig 5.5)at a givenfalsealarmrate,or minimizeanappropriatecombination

of costanderror. Of course,wecannotpossiblyexploreall possibledesignssoamodelbasedapproach

is necessary.

In thischapter, wepresentamodelwhichaccountsfor boththeoverallmeancostandthefalsealarm

rate. The proposedanalysisis performedunderthe hypothesisof the existenceof a convex function

which modelsthe falsealarmrateasa function of the numberof supportvectorsandthe degreeof

“poseinvariance”.We usea binaryhierarchyasa genericplatformin orderto make theanalysismore

tractableandweshow alsohow thisplatformcanbeusedto designanon-binaryhierarchy.

5.3 Formalization

Eachcell �

��� �

in theg-network, is associatedwith i) anSVM classi�er ³

�Å� �

, ii) amarginal falsealarm

rate {¥„

�Å� �

andiii) acost ×

��� �

which is linearin thenumberÞ¹„

��� �

of supportvectors:
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5.3. Formalization
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Figure5.4: For a particular image processedat four different scales,we extract )7€�]�] subimagesof

���ï�Ü��� pixels. Top: For each subimage, we computethe Haar waveletcoef�cients and we classify

themusinga g-network.Fromtheroot to thethird level, of this network,all theunderlyingSVMsare

linear whereasin therestof thehierarchytheSVMsaresimplebut non-linear. Thediagram,in thetop-

left, showsfor each subimage, thedeepestlevelvisitedin theg-networkwhenclassifyingthissubimage

using the depth-�rst-search strategy. Thediagram, in top-right, showsfor each subimage, the total

numberof kernelsevaluated.WhenanSVMis linear, weconsiderthat theunderlyingcostis equivalent

to onekernelevaluation.Bottom:For each subimage, wecomputetheHaar waveletcoef�cients andwe

classifythemusingthe f-network.Thediagram,in bottom-left,showsfor each subimage, thedeepest

level visitedin thef-networkwhenclassifyingthis subimage usingthedepth-�rst-search strategy. The

diagram,in bottom-right,showsfor each subimage, thetotal numberof kernelsevaluated.
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5.3. Formalization

0

1

2

3

4

5

6

0 200 400 600 800 1000 1200 1400 1600 1800

Le
ve

ls

Subimages

0

100

200

300

400

500

600

700

800

900

1000

0 200 400 600 800 1000 1200 1400 1600 1800

N
um

be
r 

of
 k

er
ne

l e
va

lu
at

io
ns

Subimages

Figure5.5: For a particular image processedat four different scales,we extract )7€�]�] subimagesof

���ï�Ü��� pixels. For each subimage, we computethe Haar waveletcoef�cients and we classifythem

usinga g-network. All the SVMsin this networkare non-linearand the numberof supportvectors

is increasingfromthe top to thebottomand is chosento minimizetheaverage evaluationcostof the

g-networkat a �xed falsealarm rate. Thediagram,in left, showsfor each subimage, thedeepestlevel

visited, in the g-network,whenclassifyingthis subimage using the depth-�rst-search strategy. The

diagram,in right, showsfor each subimage, thetotal numberof kernelsevaluated.
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Here ­ and Ö are, respectively, the cost to evaluatea kernelproduct,and the cost of the wavelet

decompositiononagivensubimage.NoticethatwepaythecostÖ for eachtesttraversedin thehierarchy

sincethesetestsareappliedatdifferentlocationsfor agiven )7�k�N)7� block.
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' , all the SVMs ³
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theg-network areexpectedto have thesamemarginalandconditionalfalsealarmprobability(seesec-
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5.3. Formalization
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Figure5.6: Backgroundrejectionef�ciency of a classi�er with respectto its complexity.
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In thecoarse-to-�nesearchstrategy (seechapter4), a classi�er ³

��� �

is performedif andonly if all the
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Again, ×
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5.4. Ef�cient computation
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As mentionedabove,theaveragecostis expressedasthesumof theexpectednumberof kernelsevalu-

atedandthefeaturecostwhich is theextra-costnecessaryto estimatetheHaarwaveletcoef�cients for

a givensubimage.For simplicity, we assumethat theglobalcostis dominatedby kernelevaluations.

Thus,in theremainderof this chapter, weassumethat ­k
Š) and Ö…
e] sotheexpectedcostbecomes:
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5.4 Ef�cient computation

In orderto achieveef�cient computation(at theexpenseof someextrafalsealarms),weconsiderthe

problemof designingtheg-networkasaconstrainedminimizationproblem:

ògóõô

•��DŽ

s

��+.+-+.��Ž@‘’�

s.t. ‚

r

�I·i��Î¼�5
_)7�ÌÑ ·

(5.8)

Of course‚

r
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Š)7� is theprobability thata completeroot-leafchainexists for a background

patternÎ , which is constrainedto belessthan · (a �x edboundonthefalsealarmrate),and Ž
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�,+.+-+-�•Ž@‘

arethedesignated(model)cardinalitiesof thesupportvectorsetsat levels )��,+.+-+-�
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5.4. Ef�cient computation

5.4.1 The model

At this stage,we model the marginal probability ‚
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This modelassumesthat the likelihoodof not rejectinga backgroundpatternis inverselypropor-

tional to thenumberof supportvectors.Theconditionalprobability(5.9)assumesthata test ƒ „
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Equation(5.10)is ourmodelof thejoint probability, givenabackgroundpattern,to haveapathfrom

the root cell �

s

�

s

to any particularcell �

�Å� �

suchthat all the underlyingtestsanswerpositively to the

facehypothesis.Again, in practice,increasingthe numberof supportvectors Ž

U

�O=N
Ò)��,+.+-+-�j• in the

g-network will decreasesthis (joint) probability of falsealarmsandthis constraintis satis�ed by our

model.
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Thefalsealarmrateof a classi�er ³

��� �

dependsalsoon thedif�culty of theunderlyingtask,i.e., on

thedegreeof “poseinvariance”.This propertyis alsoexpectedfrom our model;indeed,theweighting
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According to this bound,
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Here · is anupperboundon theprobabilitythata completechainexistsin theg-network, takenas

aninputparameter.
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Proof of Theorem 1
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LetusassumeŽ
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which proves(5.22).
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Theglobalaveragecostexpressedin (5.15),is now givenby:
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Accordingto this remark,thenew form of theconstrainedminimizationproblemis writtenas:
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Wherefor some Ž@‘ , the global solutionthat minimizes •��DŽ
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�,+-+-+.�•ŽB‘w� andsatis�es the constraints

(5.31)is givenby (5.16).

5.4.3 Solvinga non-binary network

Themodelusedto solvefor theoptimalnumberof supportvectorsin thecaseof abinaryg-network

(denotedBGN) canbeusedto �nd thisoptimalnumberin thecaseof anon-binaryg-network
:

(denoted

NGN) (seeFig 5.9).Noticethattheformulationof theconstrainedminimizationproblemrelatedto the

NGN is quitesimilar to theBGN asshown below.

Corollary 1 For anyparticular choiceof g7ˆ

s

�,+-+.��ˆ

{�p

, if g

—

Ž

s

��+.+-+.�

—

Ž

{�p

is an optimalsolutionof thecon-

strainedminimizationproblemrelatedto theBGN,then g

—

Ž

s

�

—

Ž

:

n�	>�

—

Ž

4

n¡�¥�

—

Ž

v

n�€w�

—

Ž

z

n�€w�

—

Ž

{

n�€

p

is also

an optimalsolutionof theconstrainedminimizationproblemrelatedto theNGN.

Proof of Corollary 1 Following thesamereasoningasin section5.3, theaverage numberof support

vectors to evaluatetheNGN(seeFig 5.9) is expandedas:
Ç

For thenon-binaryg-network, recall that therearethreequaternarysplits in location,onebinarysplit both in rotation

andscale(seechapter4).
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Figure5.9: Numberof branchesin theNGN.

Asin section5.4.2,wede�ne thenumberof chainsof onesfromtheroot to theleaf-cellsof theNGN

as:
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where thesumis over all 	

:

�

4

branches.Theprobability to get a chain of onesfromtheroot to a leaf

in theNGNis thenboundedasfollows:
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where
!

�DŽBa

s

�,+-+-+.�•ŽYa

�

�P


�

�

U




s

ˆ

a

U

Ž

a

U . Let · beanupperboundontheexpectedfalsealarmratein theNGN.

Using(5.11),(5.32)and(5.34),we�nd theoptimalnumberof supportvectors in theNGNasa solution

of thefollowingconstrainedminimizationproblem:
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For the particular choice of g‡ˆÈa
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theconstrainedminimizationproblem

of theNGNis thesameastheconstrainedminimizationproblemof theBGN,sincewehave:
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Noticethat
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Accordingto this argument,the constrainedminimizationproblemfor the NGN andthe BGN are

similar. We have just to adapttheboundsconcerningŽ`� andtheexpectedfalsealarmrate · asshown

in theproblem(5.39).

Discussion

As thenumberof posecellsin theNGN is higherthanin theBGN for agivenlevel • (seeFig 5.9),the

expectedinvariancefrom any classi�er in theNGN is smallerthanin theBGN atlevel • . It followsfrom

themodelthat thecoef�cients ˆ

a

˜

s

�

�;•;
 	’�,+-+-+.�j� , relatedto theNGN aresmallerthanthecoef�cients
ˆ6˜

s

�

��•T
*	’��+.+-+.�•� , relatedto the BGN. For instance,̂ a

˜

s

:


 ˆ6˜

s

:

n�	 , aseachlocal detectorbelonging

to thesecondlevel of theNGN hasa degreeof “poseinvariance”which is reducedby a factor 	 with

respectto any detectorbelongingto the samelevel in the BGN. With this factorof reductionin the
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degreeof invariance,themodelconsidersthat theunderlyingnumberof supportvectorsdecreasesby

thesamefactor, i.e., Ž a

:


 Ž

:

n�	 . Thesameargumentcanbeextendedfor all thelevelsin theNGN.

In orderto solve (5.39),we usethe“generate-and-test”methodaccordingto thetwo following pro-

cedures:

r Thegenerator-procedureenumeratesiterativelyall possiblecandidatesolutions.Noticethatthere

is no combinatorialexplosion(in termsof thenumberof candidatesolutions)sinceour problem

is one-dimensionalandis solvedin acompactdomain.In fact,thisstepproducesall thepossible

valuesof Ž“‘ from ) to �DÞ

ª

‘

	

4

� with aparticularincrement.

r For eachiteration(eachvalueof Ž`‘ ), thetester-procedurecheckstheconsistenceof thecandidate

solution Ž@‘ , i.e.,(i) whethertheconstrainton falsealarmsis satis�edandif all Ž`� arebelow their

upperbounds;thenwecheck(ii) if theobjectivefunctionreachessmallervalueonthiscandidate

solutionthenany previously consistentcandidatesolution. If (i) and(ii) aresatis�ed,than ŽÈ‘ is

declaredasthenew solutionof theproblem(5.39)at thecurrentiteration.

For small valuesof Ž“‘ , the objective function in (5.39) (the averagecost) takessmall valuesand

theupperboundconstraintsrelatedto g‡Ž“�

p

aresatis�ed,but thefalsealarmconstraint(discrimination

power) might not be satis�ed. As Ž“‘ increases,the boundson g‡Ž“�

p

might not be satis�ed and the

averagecostincreaseswhile thefalsealarmratedecreases.Noticethat(5.39)mightnothaveasolution

for any g‡ˆ®�

p

so thesecoef�cients are chosento guaranteethat (i) a solution of the problem(5.39)

existsand(ii) thefalsealarmratesthroughdifferentlevelsof theg-network, takenfrom themodeland

realobservationsaresimilar asmuchaspossible(cf. the following section).Finally, theconstrained

minimizationproblem(5.39)is interpretedasapracticalimplementationof ef�cient computationwhich

takesinto accountposevariationanddiscriminationpower.

5.4.4 Simulation

In thissection,wesolvetheconstrainedminimizationproblem(5.39).Wedonotneedany particular

optimizationroutinessincethe underlyingproblemis simpleandone-dimensional:Ž

s

�,+-+-+.�•ŽB‘

˜

s

are

de�ned in termsof Ž@‘ via (5.16) (
Ä


Ò� ). Therefore,we vary Ž

{

from 1 to its upperbound,take
Ž

s

�,+-+-+.�•Ž

{

asin (5.16)andwelook for theoptimalvalueof theobjectivefunctionsuchthatthepositivity,

theupperboundandfalsealarmconstraintsin (5.39)aresatis�ed. For ˆB� , we assumea two parameter

model:

ˆ6˜

s

�


e”

ri™0š>›

g3IT–&�L•BIœ)7�

p

(5.40)
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Again, ˆ6˜

s
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�`•“
\)��,+-+.+-�j� is adecreasingsequencewhichcharacterizesthedegreeof “poseinvariance”

for eachlevel • of theBGN. Here ”

r


Vˆ6˜
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s

characterizesthehighestdegreeof “poseinvariance”and

– is therateof thedecreaseof this “invariance”from theupperto thelower levels(cf. Fig 5.10,top).

Weselecttheoptimalparameters—ˆ a
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. In the error (5.41),
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optimalnumbersof supportvectorsfoundwhenminimizing (5.39)for a given ˆ6a`
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is theprobabilityto getachainof onesupto aparticularlevel • accord-

ing to themodel,while ‚
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ŽYa
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asparameters.

Table5.1: Comparisonbetweenerror ratesfor themodelandactualdata.Theoptimal�t is �D”

r

�0–‡�5


�L]w+2]�€&•�/’�j]w+2ž&/�� , andweconstrain thefalsealarmrateto belessthan · 
Œ]w+2]w) .

Levels( � ) Nbr of SVs Ê

q;Ë

& Falsealarm Falsealarm

in theNGN
Ê

�

Ë

& (optimal) (optimal) rate(Themodel) rate(Empiricalmeasures)

1 1.05 11.42 0.08317 0.09858

2 2.79 32.43 0.039004 0.0399144

3 5.62 92.05 0.025777 0.0246222

4 7.82 261.27 0.024010 0.0182505

5 14.71 370.76 0.015760 0.0139268

6 33.37 526.13 0.009968 0.0070544

When solving this constrainedminimization problem (see section about discussion),we �nd

the optimal choiceof
—

Ž@a

s

�,+-+.+-�

—

ŽBa

{

(cf. table 5.1) to be g�	’�5	’�J�w�6€’�Ë),�¥�Jž��

p

correspondingto —ˆ`aï


g3)�)�+"�3	’�Jž&	’+"�&žw�È}&	’+2]&/’��	��w)�+x	�•’�6ž�•�]w+x•��w�J/�	��w+-)7ž

p

. The falsealarmratesarequite similar for the em-

pirical andthemodelresults.Thus,theestimationof —

ˆ`a for thisoptimalsolutioncharacterizeswell the

decreasein thedegreeof “poseinvariance”in theNGN (seeFig 5.11).Sincethefalsealarmratesesti-

matedfrom themodelandrealobservationsaresimilar, it followsthatthecostin theobjectivefunction

(5.39)approximateseffectively the observed cost. In fact, whenevaluatingthe objective function in

(5.39),theaveragecostis )�) kernelevaluationsperpatternwhile in practicethis averagecostis equal

to )7] .
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Figure5.11: Left: Thebestmodelparameters ( —
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s
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*)���+.+-+.�•� ) characterizingthedecreaseof pose

invariancein the BGN is given by: —ˆ6˜

s
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, where �L”

r

�j–¡�¹
 �L]w+2]�€&•�/>�j]w+2ž&/�� .

Right: Theunderlyingcoef�cients ( —
ˆ

a

˜

s

�

�J•“
Š)��,+-+-+.�j� ) in theNGN.

As weseefrom table5.1,thecoef�cients g5— ˆ`a

�

p

andthecomplexity of SVM classi�ersareincreasing

aswe go down the levelsof the hierarchy, andthis effectively shows that the bestarchitectureof the

g-network is low-to-highin complexity aswell ascoarse-to-�nein pose.

5.5 Summary

The main contribution of this chapteris a model for the computationalcomplexity of the full g-

network in termsof the averagenumberof kernelevaluationsof the individual cell detectors.The

complexity is controlledusinganoptimizationframework, wheretheerror rate(falsealarms)is �x ed

asa constraintin theoptimizationprocess.Optimizationis exactandthemodelprovidesanaccurate

characterizationof theexperimentalobservations.

Sincethe complexity of eachSVM classi�er in termsof the numberof supportvectorsis known,

thenext chapterwill focusonhow to build a reducedcomplexity SVM classi�er for agivennumberof

supportvectorssuchthattheconservationhypothesisis satis�ed.

134



Seeksimplicity,

anddistrustit.

Alfr ed North Whitehead.



Chapter 6

Local detector: Reducingcomplexity

6.1 Intr oduction

In thef-network, SVM classi�ersarelearningmachineswhosedecisionsurfacesareparameterized

by a largesetof supportvectorsandthis makesit possibleto modelcomplex decisionsurfacesbut at

theexpenseof run-timeperformance.Thef-network is slow in thetestphasesincetheclassi�cationof

a givenpatternS takesseveral thousandkernelevaluations.Thedesignof theoptimizedg-network in

thepreviouschapteris anef�cient way to speedup theglobalperformanceof thehierarchy.

Recall the posehierarchy(seechapter4) consistsof nestedpartitionsof posesets �

��� �

wherefor

each�

�Å� �

, anSVM W

��� �

is trainedon faceswith poseparametersin �

��� �

. Theg-network hasthesame

architectureasthef-network, whereeachSVM W

��� �

is replacedby amoreef�cient classi�er ³

�Å� �

. Given

a �x edcost,de�ned by thenumberof supportvectors,weareinterestedin this chapterin building this

reducedcomplexity SVM classi�er ³

�Å� �

referredto asa g-classi�er. First, we review the reducedset

technique(Scḧolkopf etal. 1998)andwederiveaformulationbasedonclusteringin orderto overcome

thenon-convexity of theunderlyingminimizationproblem.In section(6.4),weextendthereducedset

techniqueto implementtheconservationhypothesiswhereabound,ontheprobabilitythatag-classi�er

violatestheconservationhypothesis,is presented.

6.2 Learning invarianceand complexity

Predictingthenumberof supportvectorsfor aparticularSVM trainingproblemdependson thedis-

tributionof thedataandhencethecomplexity of thedecisionboundary. Fromapracticalpointof view,

it is commonthatthenumberof supportvectorsrangesfrom /q¨ to 	�]T¨ of thesizeof thetrainingset.

For example,(Moghaddam& Yang2000)�nd that this percentageis 	�]¢¨ in their experimentswhen
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separatingfacesby their gender. The
�¢�

-dimension,probabilitydistribution of thedata,andsizeof

thetrainingset Þ all provide roughindicatorsfor predictinghow many supportvectorsarerequiredto

handlethetaskathand.(Vapnik1995)showedthattheexpectationof thenumberof supportvectorsof

anSVM W is boundedbelow by Þ

Ñ , where Ñ is theexpectationof thegeneralizationerrorof W and Þ

is thesizeof thetrainingset.

In general,for a linearSVM, thedecisionhyperplaneinvolvesa linearcombinationof multipledata

pointsandtherearemany equivalentrepresentationsof thesamedecisionboundary, sotheformulation

with the smallestnumberof supportvectorswill be the mostef�cient. Nevertheless,mostimportant

patternclassi�cationproblemsarenot accommodatedby linearSVMs,andtheslackformulation(see

chapter3) hassevere limitations in dealingwith a complex andnon-linearlyseparabletraining set.

Kernelsmapthe datainto a high dimensionalspacewherethe linear separabilitycanbe guaranteed.

Unfortunately, evaluatingasumof kernelsis computationallyintensive,especiallyfor largescalelearn-

ing problemssuchasfacedetection,wherethereal-timeprocessingmightbeahardconstraint.
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as(seechapter3):

¯�ªº


£
¦

�

T




s

É

T

Í

]

T

^

�¸�»k

]

T

^

� (6.1)

Thus,thecorrespondingdecisionfunctionin theinputspaceR

‘ is non-linear:
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Here gÈÉ

T
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and Ötª areadjustedsuchthat h0¯qªwh
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In thischapter, theobjectiveis to build aclassi�er ³ of reducedcomplexity for separatingsubimages

with andwithout a facewith posein �

��� �

, andsuchthat theconservationhypothesisis satis�ed, i.e., if

W™¯e] then ³ ¯V] . Let Þ
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theunderlyingsupportvector Ñ
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First, we review oneof themostrepresentative techniquefor reducingthenumberof supportvectors

andtheunderlyingweights.

6.2.1 The reducedsettechnique
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This function is now minimized with respectto the parameters+ 
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. For somekernels(for instancethe Gaussian),this function is not convex, so with
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standardoptimizationtechniquessuchasconjugategradient,theparameters�
Ð•�n+@� fail to convergeto

a goodsolutionto theminimizationproblem(6.6), resultingin a very poorapproximation�D¯
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� to

theseparatinghyperplane�D¯qª��jÖ0ª¡� . WhenusingtheGaussiankernel,(Scḧolkopf et al. 1998)showed
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with (for instance)positiveclasslabelswhile avoiding thenegativesupportvectors.

Thisprocessis interpretedin (Scḧolkopf etal. 1998)astheEM (ExpectationMaximization)algorithm

for clusteringthesetof supportvectors.

In the following section,we presenta new formulationfor ef�ciently estimatingthereducedsetof

supportvectors.This formulationusesanargumentsimilar to theonein (Scḧolkopf etal. 1998)stating

thateachsupportvectorin thereducedsetcanbeinterpretedasacentroidbut ourmethodis conceptu-

ally differentfrom (Scḧolkopf et al. 1998). Thus,we will show how clusteringis helpful to minimize

ef�ciently theobjective function (6.6). The proposedalgorithmoperatesin the threesteps:First, the
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onerepresentsadensedistributionof supportvectors.Then,eachcentroid,which is expressedasa lin-

earcombinationof originalsupportvectors,is replacedby onesupportvectorwhichbestapproximates

this linearcombination.Finally, we usethis new reducedsetof supportvectorsasan initialization of

theparametersin (6.6) in orderto improvethe�nal solution.

6.3 An ef�cient decompositionalgorithm for a reducedcomplex-

ity support vector machine

In this section,we considera family of kernelssuchthat: 'Y��S`��SY�Ë
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Thecoef�cients g#+’�
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We illustrate,in the remainderof this section,the differentsteps:rewrite the f-classi�er usingthe

form (6.8),estimatetheunderlyingpre-featuresandimprove thegeneralizationperformanceof ³ with

respectto W usingtheobjective function(6.6).
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Then Ù
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At eachiteration, +
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At theendof eachiteration,thedecisionfunctioncanberewrittenas:
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This entire processis repeateduntil Þ
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In thissum,eachvirtual centercapturesthemaininformationof aparticularclassof supportvectors

andthevariability insidethisclass.Again, in practice,eachvirtual centerwhich is notasinglesupport

vectordoesnothaveanexactpre-featureandin orderto reduceeffectively thecostof evaluatingW , the

secondstepwill estimatethepre-featureof eachvirtual center.

6.3.2 Secondstep: pre-featureestimation
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Æ

We assumethatcachingis performed,i.e., all thepossiblevaluestakenby thekernelarepre-computedandstoredin
memory.
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6.3. An ef�cient decomposition algorithm for a reduced complexity support vector machine

Equation(6.17)canberewrittenas:
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Theobjectivefunction(6.18)is solvedfor 'i
Š)��,+-+.+-�jÞ

„

. Usingtheweights
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v

estimated

in the �rst step,andfor someÖ

„

(seesection6.4), thenew form of thedecisionfunction(denotedg),

whichapproximatesthef-classi�er, canbewrittenas:
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6.3.3 Third step: Impr oving the accuracy

In this section,two differentmethodswill bediscussedin orderthere�ne theestimatedpre-features
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. Thismeansthatwe �nd thenew

parametersÐ and + suchthat �D¯
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� approximateswell �D¯qª��•Ötª‡� accordingto theobjective function

(6.6). Two methodswill bediscussedin this sectionin orderto re�ne theseparameters:
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Wecanrewrite
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where —á 
_�

—

+

s

+-+.+

—

+

£¥¤

�

é is thevectorof optimalweights.

Remark 5 For boththeGaussianandthetriangular kernels,theGrammatrix ”Ì� —Ðk� is alwaysinvert-

ible (Micchelli 1986).

(2) In the secondmethod, we allow both + and Ð to vary in the objective function (6.6). The sta-

tionary point of this objective function is found by constraining
�

ú

ú

Ô

Ä

:

��Ð•�k+B�t�

ú

úOã

Ä

:

��Ð•�k+B�O�¹
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andtheminimizationproblemis solvedusingstandardoptimizationtechniques(William et al. 2002)

suchasconjugategradientdescent.The main problemwhenminimizing (6.6) with respectto + and
Ð residesin the non-convexity of this function andthe dif�culty of reachinga global minimum. To

overcomethis problem,theinitial valuesof Ð and + aretakenfrom thesetof pre-features —Ð andtheir

underlyingweights
—

+ found after the clusteringandpre-featureestimationsteps. This initialization

helpstheoptimizationprocess.

(A) (B) (C)

äiåä�æ äiå

ä
æ

äiå

ä
æ

Figure 6.1: Correlation factors (“
�¢Ÿ‡ � 

”) for different examples. (A) Perfect correlation

(“
�‹Ÿ¡ ¡ 

”=1.0). (B) “
�¢Ÿ‡ � 

”=0. (C) “
�‹Ÿ¡ ¡ 

”=0.5.

It hasbeenshown in (Scḧolkopf et al. 1998)thatminimizing (6.6) is equivalentto maximizingthe

correlation
:
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(seeFig 6.1). This objective measureof the

performanceof the obtainedclassi�er
¯

„

is shown in Figure6.2 for steps(1,2 and3), andthe RST

with randominitialization. We canseethat (step3, �rst method)helpsto re�ne + andaccordingly

thecorrelationincreases;nevertheless,the improvementin thecorrelationis not very noticeable.On

theotherhand,(step3, secondmethod)increasesthecorrelationdramaticallyandoutperforms(step3,

�rst method)andthereducedsettechnique(with randominitialization). This is dueto thefactthatthe

pre-features
Ð

aswell astheweights
+

areallowedto vary in theminimizationproblem(6.6)resulting

in abettercharacterizationof thenew separatinghyperplanē
„

. For our facedetector, weusethesteps

1,2and(step3, secondmethod)in orderto build eachlocal detectorin theg-network.
Ç

We assumethat
é�ê

“

é

Ç

6

é¬ê•çcé

Ç

6 M
.
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Figure6.2: Thecorrelation is illustratedwith respectto the reductionfactor ( £
¤

£
¦

�§),]�] ). Theseex-

perimentsare performedon a particular SVMclassi�er in the hierarchy using the Gaussiankernel

( Z^
_)7]�] ).
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6.3. An ef�cient decomposition algorithm for a reduced complexity support vector machine

6.3.4 Discussion

Weshowedaboveasin (Scḧolkopf etal. 1998)thatclusteringis agoodinterpretationof thereduced

settechniquewhichalsoovercomesthelimitation dueto thenon-convexity of theunderlyingminimiza-

tion problem. Eachoptimizationsubproblemin (6.3.2)will de�ne locally oneparticularpre-feature.

The setof pre-featuresestimatedat this stageareusedin 6.3.3in orderto re�ne the global solution

of theobjective function(6.6)andaccordinglyto improve thecorrelationof thenew separatinghyper-

plane �D¯

„

�jÖ

„

� with respectto �D¯�ª��jÖ0ª�� .

Now, wecangivethefollowing observations:
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Ü

� , thedependenceof thepre-feature

of Ù¸� on k

]

ÍL^ is determinedby ˆ (seeFig 6.4)andthis is consistentwith theargumentin (Girosi1998)

whichstatesthatsupportvectorswith thelargestweightsarethemostimportant.
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Figure6.3: Exampleof clusteringtwosupportvectors in themappingspace. Thesesupportvectors lie

in theintersectionof a positive(or a negative)hyperplaneanda unit hypersphere.
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Figure6.4: Approximationof twosupportvectorswith onesupportvector. Each supportvectorde�nes

a Gaussianin theSVMdecisionfunction. Well separatedGaussianswith quitesimilar strengths(left

diagram)are more dif�cult to approximatethanoverlappingGaussianswith verydisparatestrengths

(right diagram).

In �gure (6.5),theimagesontheleft correspondto thereducedset(RS)of facesupportvectorswhile

the imageson theright correspondto thebackground.We canseethat theRSof backgroundsupport

vectorsarequitesimilar to faceimagesandthismeansthatthereexistsatransformationin themapping

spacewhich createtheRSof negative supportvectorsfrom thepositive set. WhenestimatingtheRS

of supportvectors,ouralgorithmperformsimplicitly sucha transformationsincetheRSof “non-face”

supportvectorslook like faceseven thoughall original backgroundtraining imagesare not similar

to faces.This clearly meansthat the RS of negative supportvectorsapproachesto the face/non-face

boundary.

Finally, �gure (6.6)shows theapplicationof our decompositionalgorithmto reducethecomplexity

of adecisionboundaryin 	�
 for two differenttargetednumberof supportvectors.

6.4 Implementing the conservation hypothesis

So far, the decompositionalgorithm makes it possibleto build a g-classi�er from an f-classi�er,

wherethe underlyingcostof the g-classi�er is �x ed by the framework presentedin chapter5. For a

given poseset �

�Å� �

, oneimportantdifferencebetweenthe classi�ers W§
Ò��¯Tª��jÖ0ª¡� and ³(
Ò��¯

„

�•Ö

„

� ,

particularlyneartheroot,is that ³ doesnothavethesamesmallfalsenegativerateasthecorresponding

classi�er W . Theperformanceof ³ with respectto W is measuredby:
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6.4. Implementing the conservation hypothesis

Level 1     (8 X 8) 

Level 2     (16 X 16) 

Level 3     (16 X 16) 

Level 5     (16 X 16) 

Level 5     (16 X 16) 

Figure6.5: Visualappearanceof somefaceand“non-face” pre-featurescorrespondingto thereduced

setof supportvectors. We usethe €•�(€ low frequencywaveletcoef�cients in thetop of thehierarchy

while in therestof thehierarchy, weusethe )7�H�¹)7� low frequencycoef�cients. Imagesin theleft-hand

sidecorrespondto the reducedsetof positivesupportvectors whereasimagesin the right-handside

correspondto thereducedsetof negativesupportvectors.
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Figure6.6: Top: Decisionboundaryusing )7]�]&¨ of thesupportvectorset.Middle: Decisionboundary

with a reducedsetof supportvectors correspondingrespectivelyto €&¨ and /�]&¨ . Bottom: Interpreta-

tion of our decompositionalgorithmasclusteringanddensityestimationusingtheGaussiankernel.

149



6.4. Implementing the conservation hypothesis
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� and )TIñÐB��¯
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� asrespectively theconservationrisk andthe relativeback-

groundrejectionef�ciency of ³ with respectto W . Theconservationrisk is theprobabilitythat ³ violates

theconservationhypothesiswhile therelativebackgroundrejectionef�ciency is a measureon thedis-

criminationpowerof ³ with respectto W . TheSVM ³ is expectedto satisfytheconservationhypothesis

and to have ashigh a relative backgroundrejectionef�ciency aspossible.Accordingly, the problem

of �nding theappropriatereducedcostSVM ³ canbeformulatedasthesolutionof thetwo following

problems:
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Wehaveshown in theprevioussection,how thisproblemcanbesolvedef�ciently .

2. When ¯
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is estimatedaccordingto (6.23),thebias Ö
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is selectedto maximizetherelative back-

groundrejectionef�ciency andto satisfytheconservationhypothesisresultingin:
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6.4.1 Bounding the conservation risk

Let Î bea randomvariableon theinputspaceR

‘ standingfor thedatato classifyand ÏB��� � in g¡]w��)
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be the real classof the datai.e., ÏB��� ����Î¼�[
 ) if Î is a facepatternwith poseparametersin �Ë�Å� � ,
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Let K

: bea closedboundingball of thetrainingdatain R

:

drawn from ��©6ª&�o©

„

� . At this stage,we can

write theconservationrisk as:
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For any Ñ

¯œ] , wecanchoosetheradius
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For this particularchoice,we selectÖ
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suf�ciently largesuchthat theconservationhypothesiswill be

satis�edin K
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Using(6.27),(6.28),equation(6.26)canberewrittenas:
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Consider��©6ª��o©
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� drawn from thejoint probabilitydistribution Ø>‚��»b@ª��db
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Assumingthat Ø>‚i�³bYª��db

„

� follows a Gaussiandistribution ô (seeFig 6.7) with a mean
�

and a

varianceõ , theboundon theconservationrisk canbewrittenas:
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6.4.2 Discussion

The formulationpresentedabove makes it possibleto �nd a shift Ö

°

„

necessaryto boundthe con-

servation risk using a Gaussianassumption. We can see from �gure (6.7) that the distribution

of data drawn from ��©6ª��o©

„

� is roughly Gaussian. This assumptioncan be validatedon the set

s
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usingtheKulbackLeiblerdivergence

(Bishop1995).This experimentalissuehasnot yet beeninvestigatedandwill beaddressedasa future

work.
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Figure6.7: Left: Sampleof data in ��� drawnfrom �	��
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-0/ , then ���

�

canbe overestimated(very large

dueto outliers) (seeFig 6.8, top) andthis makesthe relative backgroundrejectionef�ciency of the

g-classi�er �

$

�

�

���,�

�

� verysmall(seetable6.1,top row). Modelingthedistributionof �	��

������� usingthe

Gaussianassumptionmakesthe selectionof ���

�

robust to outliers. Table(6.1) shows the valueof the

boundon the conservation risk (6.31)for various ���

�

, andtheunderlyingrealobservations. For some

�

�

�

, theg-classi�er is extremelyef�cient in termsof therelative backgroundrejectionef�ciency to the

detrimentof a small increasein the boundof the conservation risk anda negligible increaseof the

underlyingempiricalobservation.

Regarding(table6.2, fourth column)and�gure 6.8, thecorrelationfactor
#%$

�

�

�

$


7( is an increasing

functionof thelevel in thehierarchyastheposeis moreandmorere�ned; furthermore,increasingthe

numberof supportvectorsmakestheg-classi�ersmoreandmoresimilarto theirunderlyingf-classi�ers

(cf. section5.2in chapter5). Consequently, at thebottomof thehierarchy, theg-classi�ersalmosthave

the samegeneralizationperformanceas their underlyingf-classi�ers and the amountof the shift �8�

�

necessaryto guaranteetheconservationhypothesisis moresimilar to �9
 as
$

�

�

is morecorrelatedwith
$


 . Thus,theboundon theconservationrisk is expectedto becloseto / aswereachthebottomlevels

of theg-network.
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6.4. Implementing the conservation hypothesis
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Figure6.8: Projectionof positiveand negativedata from R
¬

into
!
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°
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� relatedto different

levelsin theg-network.Thecorrelationfactor ±�¯Tª��•¯

°

„

²

increasesaswegoalongdifferentlevelsof the

hierarchy, sotheunderlyingclassi�ers W and ³ aremoreandmoresimilar.
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6.4. Implementing the conservation hypothesis

Table6.1: Theconservationrisk and the relativebackgroundrejectionef�ciency of a particular g-

classi�er in thesecondlevel of theg-network.Thisg-classi�er wasrun on examplesusedto train the

correspondingf-classi�er.

Theshift Theconservationrisk Theconservationrisk Therelativebackground

Ö

°

„

(Thebound) (Realobservations) rejectionef�ciency

(Realobservations)

Fu]’+x]&	 •’+x•��i�9)7]

˜

s

z

¨ ]w+2]H¨ �3	’+2�¸¨

IT]w+2]&	 ]w+-)7]T¨ ]w+2]&/¸¨ €&/’+"�H¨

IT]w+2]�ž ]w+x•�}T¨ ]w+2�H¨ }w)�+"�H¨

-0.04 3.64 ¨ 0.7 ¨ 94.9 ¨

IT]w+2]&/ )�)�+x}T¨ )�+2]H¨ }&•’+x	T¨

Table 6.2: This table showsthe correlation factors for different g-classi�ers in the g-networkwith

respectto their underlyingf-classi�ers. A comparisonis shownfor differentstepsto build theseclassi-

�er s.

Levels Steps1 + 2 Steps1 + 2 and Steps1 + 2 and
(step3,method1) (step3,method2)

1 0.5563 0.5568 0.6252

2 0.6305 0.6344 0.6896

3 0.6235 0.6282 0.8836

4 0.6195 0.6255 0.9217

5 0.6924 0.6998 0.9653

6 0.7191 0.7347 0.9882
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6.5. Summary

6.5 Summary

In this chapter, we proposedan algorithmwhich reducesthe evaluationcostof an SVM classi�er.

Theobjective of our methodis to overcomethenon-convexity of theobjective functionrelatedto the

reducedsettechniqueasclusteringandpre-featureestimationprovide anef�cient initialization of the

parametersof thisminimizationproblem.

Ouralgorithmbuildsanew SVM classi�erwith fewersupportvectorssuchthat(1) thegeneralization

performanceof this classi�er approximatesthe performanceof the initial one, (2) the conservation

hypothesisis guaranteed(3) andtherelative backgroundrejectionef�ciency is ashigh aspossible.A

simple formulation is introducedin order to implementthe conservation hypothesisand to derive a

boundon theprobabilitythatthenew g-classi�erviolatestheconservationhypothesis.
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Begreatin act,

asyouhavebeenin thought.

William Shakespeare.



Chapter 7

Experimentsand Applications

7.1 Intr oduction

In this chapter, we evaluateour facedetector(the g-network) in term of precisionand run-time

performance.A largeseriesof experimentsis presentedfor differentcases,includingstill imagesand

videoframesanddatasetsof varyingdif�culty , someextremelychallenging.In addition,our detector

canhandleawide rangeof applicationssuchasauthentication,videosurveillanceandimageretrieval.

7.2 Resources

The IMEDIA researchgrouphasstandardnetworked PCswith processorsof varying capabilities.

CPU-frequenciesrangefrom /�/�] Mhz to 	 GHz, andrandomaccessmemoriesfrom 	�/�� MB to /’)‡	

MB. All our experimentswererun undera ) -Ghz pentium-III mono-processorcontaininga 	�/�� MB

SDRMmemory, which is todayastandardmachinein digital imageprocessing.

7.3 Training dataset

All the training imagesof facesare basedon �&]�] gray level faceimagestaken from the Olivetti

databasewheretheeyesandthemouthcoordinateswerelabeledmanuallyfor eachimage.Recallthat

�;��� � is the setof posesat a givencell of the hierarchy. For eachfaceimagein the Olivetti database,

we synthesis	�] imagesof ���•�¼��� pixelswith randomposesin �…��� � . This processis repeatedfor dif-

ferentfaceimagesin theOlivetti databasein orderto sampleposevariationinside �q�Å� � . Thus,a setof

€w�j]�]�] facesis synthesizedfor eachposecell in thehierarchy(seeFig 7.1). Backgroundinformation

is collectedfrom a setof )��•]�]�] imagestakenfrom 	�€ differenttopicaldatabases(seeFig 7.2), includ-
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7.3. Training dataset

Figure7.1: Sampleof faceswith weakposeconstraintswhicharesynthesizedfromtheOlivetti database

andprocessedusinghistogramequalization.

ing: auto-racing,beaches,cameras,guitars,paintings,shirts,spaces,telephones,computers,animals,

�o wers,golf, houses,spiders,tennis,treesandwatches.Fromall theseimages,we extract randomly
/�]w�j]�]�] subimagesof ���u�µ��� pixelsusedto trainandto bootstrapeachSVM classi�er in thef-network

(cf. chapter4).
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7.3. Training dataset

Figure7.2: Samplesof backgroundimagesusedfor training.
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7.4. Multi-scale Analysis

Figure7.3: Multi-scaleanalysisof images.For each scale, thefacedetectormovesin stepsof ),�i�()7�

blocks,andsearchesfor all faceswith positionin theblock at anyscalein therange
#

)7]w�j	�]

%

.

7.4 Multi-scale Analysis

7.4.1 Scalevariation

Recallthatlargevariationsin scalearehandledby down-samplingof theoriginal imagethreetimes

(wherethe size is reducedby a factor of two at eachstep)in order to detectfaceswith a distance

betweentheeyesin theintervals
#

)7]qI9	�]

%

,
#

	�]qI¾�&]

%

,
#

��]qI¼€�]

%

and
#

€�]qIÜ)7��]

%

pixels,respectively (see

Fig 7.3).

7.4.2 Parsing images

As the detectorsfrom the top to the fourth level of the hierarchy, accommodaterespectively, vari-

ationsof :¸€ , :¸� , :u	 , :») pixels in location, thereis no needto scanexhaustively all the possible

locationsof theoriginal images (seeFig 7.4). In fact,only a very smallpercentageof thepixelsin an

imagearevisited
:

by a test(atagivenlevel • ). Diagram(7.5)shows,for eachlevel • , thepercentageof

thepixelsvisitedby a testbelongingto • . Givenanoriginal imagewhich is processedat four different

scales.Amongall possiblelocations(pixels), �gure (7.5) shows that theaggregatepercentageof the
Æ

Unlikemany of thebestexisting facedetectorswhichmakesthemrelatively slow.
Ç

A pixel /21Gx<;o3 is visitedby a testat the level
¡

if thedatasurrounding/51Gx3;o3 is extracted,thewavelet coef�cients are
computedandclassi�edusingtheunderlyingSVM.
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7.4. Multi-scale Analysis
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Figure7.4: Asthedetectors in different levelsof thehierarchy are invariant to certainshifts,they are

appliedonlyon somelocations.

pixelsvisitedis only )�+x	��H¨ (seeFig 7.6).
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7.4. Multi-scale Analysis
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Figure7.5: Thepercentageof pixelsvisitedby testsbelongingto differentlevels.

7.4.3 Combining detections

Variousheuristicsareregularly usedin theliteraturein orderto combinedetections,andtherebyto

reducefalsealarmsandimprove theprecisionof boththelocalizationandposeestimation.For exam-

ple, for his thesis,(Rowley 1999)usestwo heuristics,referredto astheANDing andORingstrategies,

in orderto arbitrateamongmultiple detections.Theauthorconsidersmultiple neuralnetworkswhich

aretrainedunderdifferentconditionsandproduceindependenterrors.TheANDing strategy declares

a facefor a given locationandscaleonly if all the networks respondpositively for this locationand

scale.This strategy reducesfalsealarmsbut alsodecreasesthedetectionrate. On theotherhand,the

ORingstrategy declaresa faceif oneof theneuralnetworks respondspositively for that locationand

scale.Thisstrategy reducesmiss-detectionsbut increasesfalsealarms.

Recall that our facedetectordeclaresa given subimageas a faceif thereexists one or multiple

completechainsof onesin thehierarchy. Whenrunningourfacedetectoronagivenimage,it ispossible

thatdetectionsoverlap(intersect)sowe usesomepost-processingtechniquesin orderto reducefalse

alarms.Amongpossibleheuristics:

r Voting: This techniquearbitratesbetweentwo (or more)overlappingdetectionsby maintaining

only thedetectionswith thehighestSVMscore. Givenacompletechainof onesin thehierarchy,

theSVM scoreis thevalueof theSVM functionat theleaf-cellof thischain.Themaindrawback

is thatthis heuristicwill removeoverlappingalarmscorrespondingto slightly overlappingfaces

(seeFig 7.7,theextreme-rightexample)which weresuccessfullyclassi�edasfacesby our hier-

archy. Furthermore,votingonly removesafalsealarmif it is closeto anotheralarmwith ahigher

SVM score,sothis heuristiccannotdealwith isolatedfalsealarms(seeFig 7.7,theextreme-left

example).
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7.4. Multi-scale Analysis
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Figure7.6: Topleft: Detectionsusingtheg-network.Topright: Byde�nition, darkpixelscorrespondto

areasof highprocessing, whereasbright pixelscorrespondto areaswith low processingafterapplying

thefacedetector. Bottom:thisdiagramshowsthenumberof timesthegray level informationof a pixel

is usedin the classi�cation process.This diagram is generated for the particular cut shownby the

arrow in thetop-rightpicture.
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7.4. Multi-scale Analysis

Figure7.7: Top: facedetectionsbefore applyingthe voting heuristic. Bottom: Reductionof alarms

afterapplicationof thevotingheuristic.Noticethata facedetectionis removedby thevotingheuristic

at theextreme-rightimage.

r Density heuristic: It is frequentlythe casethat multiple chainsof onesexist in the hierarchy

whenclassifyinga �����¼��� subimage.In sucha caseconsiderdeclaringa subimageasa faceif

thenumberof completechainsof onesis suf�ciently large.A slight variationof this, referredto

asthedensityheuristic,declaresa ���k� ��� subimageasa faceif theaggregateSVMscoreof the

classi�ersin the leaf-cellsof thesechainsis above a giventhreshold́ (seeFig 7.8). Themain

drawbackof this heuristicis selectingan appropriatethreshold́ , which controlsthe tradeoff

betweenfalsealarmrateandmiss-detections.Unlike voting, thedensityheuristiccanmaintain

overlappingfacealarms;furthermore,isolatedfalsealarmscanbeeliminated.

r Combination: We cancombinethedensityheuristicwith voting asfollows. First,we declarea

given ���i� ��� subimageasa faceif theunderlyingcumulativeSVM scoreis above ´ . Then,the

cumulative SVM scoreis usedto arbitrateamongoverlappingdetectionsusingthevoting strat-

egy. NoticethatthedensityheuristicmakesthecumulativeSVM scoreof actualfacesrelatively

strong
4

, so the voting will preferthesedetectionsduring the arbitrationprocess.Nevertheless,

overlappingfacesarenot preservedby thevoting strategy (seeFig 7.9) andthis increasesmiss-

detectionswith respectto thedensityheuristic(seetable7.2).
Õ

A facesubimageis generallyclassi�edwith many “chainsof ones”,sotheunderlyingcumulativeSVM scoreis high.
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7.4. Multi-scale Analysis

(A) (B) (C) (D)

Figure7.8: (A) Multiple alarmsaroundeach faceregion. (B), (C), (D) Only regionswith suf�cient

cumulativeSVM scores are declared as faceswhenusing the densityheuristic (the thresholdsare

respectivelýµ
e] , ´•
_) and ´µ
Š),] .)
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7.5. Evaluation

Figure7.9: Facedetectionusingthedensityheuristic( ´•
_) ) followedby thevotingstrategy.

7.5 Evaluation

In this section,we evaluateour facedetectorin term of falsealarmsand misseddetectionrates.

We run our facedetectoron different test sets,from simpleone (FERETdatabase)to standardand

challengingonessuchastheCMU+MIT database.

7.5.1 Receiver Operator Characteristic (ROC) curve

This is a very standardevaluationtechniquein machineperceptionandhasbeenusedin (Rowley

1999)and(Viola & Jones2001a), etc. Theprincipleis basedon varyingsomefreeparameters(e.g.,a

threshold),obtainresultsaboutthetradeoffs amongfalsepositiveandfalsenegativeerrors.In ourcase,

this free parameteris the threshold́ usedin the densityheuristic. When ´Ì
 ] , the global detector

producesarelatively high falsealarmratebut with few miss-detections.In general,thefalsealarmand

the detectionrateboth decreaseas ´ increases.It is interestingto seethe performanceof the global

detectorfor differentvaluesof ´ on a testset. For each́ , the falsealarmandthedetectionratesare

reported,so theROC curve shows detectionratesfor differentfalsealarmlevels. In theremainderof

this section,we illustratetheperformanceof thefacedetectoron theCMU+MIT andTF1 testsetsfor

differentvaluesof ´ , whereas,for easydatabases(suchasFERET),only a singlepoint of the ROC

curve is reported.

Theappropriatevalueof ´ is application-dependent.For instance,if we considera faceauthentica-

tion system(facedetectionfollowedby recognition), thenit is importantto select́ to have very few

miss-detectionsat the expense(if necessary)of morefalsealarms. Indeed,the recognitionstepwill

certainlyeliminatesomefalsealarms.

7.5.2 FERET dataset

TheFERETprogram(Phillips et al. 2000),sponsoredby DARPA, developedautomaticfacerecog-

nition systemsfor securityandintelligence.Thetestsetconsistsof )��¥�j]&/’) graylevel imagesof human
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7.5. Evaluation

Figure7.10:DetectionsusingtheFERETtestset.

headswith differentviews includingleft, frontal andright pro�les. This testsetis challengingfor face

recognition,but relatively simplefor detection,sinceit containsonly faceimageswith a simpleand

uniformbackground.

A setof )��j	�	�� imagesof singleandfrontal viewsof facesareusedin orderto testour facedetector.

Whenrunningour facedetectoronthisset,thedetectionratewas }�}w+2ž¿¨ with only �w) falsealarms(see

Fig 7.10).

7.5.3 AR Facedatabaseand sensitivity analysis

TheARF database
v

contains�¥�j]�]�] faceimageswith uniformbackground,but verychallengingdue

to differentexpressions,lighting effects,andthe presenceof partial occlusions(scarves,sunglasses,

etc). ARF databaseprovidesan excellentbenchmarkto evaluatethe sensitivity of our facedetection

systemto thevisibility of facial components(mainly theeyesandthemouth)andto variouslighting

effects.Wehaverunourfacedetectoronasubsetcontaining)��j]�]�] singlepersonimagescorresponding

to )7]�] persons,eachrepresentedby ),] faceimages.Amongthe )7] faceimagesfor agivenperson,two

imagesshow thepersonwith sunglasses,threewith scarvesand� ve with somevariationin the facial

expressionand/orstronglighting effects.Our facedetectorhasa detectionrateof •�€w+x•�}H¨ with only ž

falsealarms(seeFig 7.11).Wefoundthat ž&	’+-)‡	�¨ of themisseddetectionsaredueto mouthocclusion

(thepresenceof scarves), /��T¨ dueto eyeocclusion(presenceof sunglasses)and )�)�+x€�€T¨ dueto face

shapevariationandto the lighting effects(seeFig 7.12). This clearlydemonstratesthe importanceof

theeyesin ourdetectionprocess.
Ý

cf. http://rvl1.ecn.purdue.edu/s aleix/aleix faceDB.html
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7.5. Evaluation

Figure7.11:DetectionsusingtheARFtestset.
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Figure7.12: Percentage of errors dueto faceshapevariation, lighting effects,hiding the mouthand

theeyes.
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7.5. Evaluation

Figure7.13:SomeframestakenfromtheTF1corpus.

7.5.4 TF1 corpus

Our facedetectorhasbeenusedin the Media-Work projectaboutaudioandvideo annotation,de-

scriptionandretrieval. This projectinvolvesa FrenchTV channelTF1, INRIA andtheLIMSI-MNRS

Labs. The TF1 corpusinvolvesa News-videostreamof /�] minuteswhich wasbroadcastedby the

FrenchTV channelTF1on May 5th,2002.

We samplethevideoat oneframeeach�®�L–¡� , resultinginto •�/�] imagescontaining)7]&•�• faces,andrun

our facedetectoron the extractedframes. Someof theseframesareshown in Figure(7.13)andthe

facedetectionresultsin Figures(7.14,7.15,7.16). Noticethat theseimageshave goodquality, soour

facedetectorachievesrelatively high performances(cf. table7.1). Figures(7.17,7.18)show thesuc-

cessof facedetectiononaparticularimagewhich is arti�cially degradedusingsomeimageprocessing

techniques(blurring,oil-paintingeffects,etc).

7.5.5 CMU+MIT dataset

This is astandardandmostdif�cult testset.TheCMU subsetcontainsfrontal (uprightandin-plane

rotated)faceswhile theMIT subsetcontainslow quality faceimagesin verychallengingconditions.A

few subsetof imageswith strongvariationsin 2D andout-of-planefaceorientation
z

areremovedfrom

theCMU subsetsoour facedetectoris run on a subsetof ),�¥) imagesfrom theCMU databaseand 	�ž

imagesfrom theMIT testset.These)7��� imagescontain /�/�� faces.

à

i.e.,Faceswith a 2D andout-of-planeorientationangleslargerthan  ,=?> .
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7.5. Evaluation

Figure7.14:DetectionsusingtheTF1corpus.
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7.5. Evaluation

Figure7.15:DetectionsusingtheTF1corpus.
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7.5. Evaluation

Figure7.16:DetectionsusingtheTF1corpus.
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7.5. Evaluation

Figure7.17:Robustnessof thefacedetectorto degradingeffects,synthesizedarti�cially .
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7.5. Evaluation

Table7.1:Evaluationofour facedetectorusingtheTF1corpus.Theseresultsarerelativeto žw�0	�]�•’�0/�]��

subimagesprocessed.Theaveragerun-timeis reportedfor imagescontaining/�]�]J�q�&]�} pixels.Density

heuristicis denotedby ƒ andvotingby
�

.

Arbitration # Missed Detection # False Falsealarm Average

technique faces rate alarms rate run-time

T( @BADC ) 017 98.4 E 333 1/9,632 0.351(s)

T( @BADC ) + V 034 96.8 E 110 1/29,159 0.361(s)

T( @BAGF ) 109 89.8 E 143 1/22,430 0.357(s)

T( @BAGF ) + V 109 89.8 E 038 1/84,408 0.358(s)

T( @BAIH ) 151 85.9 E 096 1/33,411 0.343(s)

T( @BAIH ) + V 151 85.9 E 015 1/213,833 0.353(s)

Figure7.18:Robustnessof thefacedetectorto degradingeffects,synthesizedarti�cially .
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7.5. Evaluation

The resultsare very encouraging(seetable 7.2). The facedetectorachieves a detectionrate of

€�}w+2�w)P¨ with )�)‡	 falsealarmsonthe164imagesfrom CMU+MIT set.Theseresultsareverycompara-

ble to existing studiessuchas(Rowley et al. 1998)(Viola & Jones2001a) wheretheir testsetconsists

of )7ž�] imagescontaining/�]&• faces.Our facedetectorhasanequivalentnumberof falsealarms(with a

testsetlargerthanin (Viola & Jones2001a)(Rowley et al. 1998))anda smallerdetectionrate.In fact,

on theCMU+MIT databaseandfor }&/ falsealarms,thedetectionratein (Viola & Jones2001a) was

}�]w+2€q¨ andin (Rowley etal. 1998)it was €�}w+x	¿¨ . Thelow falsealarmratein oursystemis mainlydue

to: (i) thehierarchicalbootstrappingtechnique(cf. chapter4) which makesit possibleto build a pow-

erful f-network; and(ii) thefactthattheg-network canbemadeto mirror thef-network. Thedetection

ratein oursystemcouldvery likely beimprovedfurtherif weconsidereda facetrainingdatabase,with

morevariationthantheOlivetti set,asin (Viola & Jones2002),(Rowley et al. 1998),(Schneiderman

& Kanade1998)who useda largeandmorechallengingtrainingsetsof facescontainingrespectively

�&}w)7� , )7]���€ and }�}w) images.This issuewill beaddressedin futurework.

Table7.2: Evaluationof our facedetectorusingtheCMU+MIT testset.A total of �&•�žw�j	��w) subimages

areprocessed.Densityheuristicis denotedby ƒ andvotingby
�

.

Arbitration Detection # False Falsealarm

technique rate alarms rate

T( @BADC ) 92.95 E 312 1/2,157

T( @BADCKJML ) 89.61 E 112 1/6,011

T( @BAGF ) 87.2 E 096 1/7,013

T( @BAGF�C ) 34.94 E 004 1/168,315

V 77.27 E 103 1/6,536

T( @BADCKJML ) + V 85.48 E 088 1/7,650

Our facedetectorprocessesscenesvery ef�ciently (seeFigs7.19-7.23andtable7.4). Therun-time

dependsmainly on the sizeandthe complexity of the original images(numberof faces,presenceof

face-like structures,texture, etc). The following tableshows the run-timeperformancefor different

imagestaken from the CMU+MIT set. The size of eachimageand the numberof facesare also

indicated.Our systemprocessesan imageof ž�€��•�(	�€�€ pixels in ]w+x	’) (s) which is ž time slower than

(Viola & Jones2001a), approximately/ time fasterthanthe fastversionof (Rowley et al. 1998)and

	�]�] time fasterthan(Schneiderman& Kanade2000). Notice that for tilted faces,the fastversionof

Rowley'sdetectorspends),� (s)on imagesof ž&	�]k� 	¡�&] pixels.

176



7.6. Application to face recognition

Table7.3: Thebestresultsreportedon differentdatabases.

FERET ARF CMU+MIT TF1

(Frontalfaces)

Nbr of images )��0	�	�� )��•]�]�] )7��� •�/�]

Nbr of faces )��0	�	¡� )��j]�]�] /�/�� )7]&•�•

Falsealarms �w) ž )�)‡	 ž�ž�ž

Detectionrates }�}w+2ž¸¨ •�€’+½•�}T¨ €�}w+2�w)…¨ }�€’+2�u¨

Two daysarenecessaryin orderto trainthe )7] SVM classi�ersof thef-network,shown in (chapter4,

table1), andto build theclassi�ersof theg-network by reducingthecomplexity of these)7] classi�ers.

Table7.4: Run-timeperformancefor someimagestakenfromtheCMU+MIT database.
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7.6 Application to facerecognition

7.6.1 Facerecognitionand imageretrieval in IK ONA

We have developeda facerecognitionmethodreferredto as DSW
{

(Sahbi& Boujemaa2001b)

(Sahbi& Boujemaa2002b), which obtainsthe sameperformanceasthe eigenfacemethod(Pentland

et al. 1994)for simpledatabases(suchastheOlivetti), but outperformseigenfacesfor challengingtest

sets(suchastheARF database).Indeed,theDSW signaturehandlesfacerecognitionef�ciently , even

whenfacesarepartiallyoccluded.
Ÿ

DSWstandsfor dynamicspacewarpingby analogywith thedynamictimewarpingfor speechrecognition(Ney 1984).
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Figure7.19:DetectionsusingtheCMU+MIT testset.
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Figure7.20:DetectionsusingtheCMU+MIT testset.
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Figure7.23:DetectionsusingtheCMU+MIT testset.
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7.7. Summary

Figure7.25: Two screenshotsof the IKONA interface. Thefacequeryis in the top-left sideof each

screen-shot,andthe8-nearestresponsesaresortedfromleft-to-rightandfromtop-to-bottom.

We pluggedour face detectorand the DSW face recognitionmethodinto the IKONA system

(Ferecatuetal. 2001)(Boujemaaetal. 2001).IKONA is a “searchby content”navigationtool for both

largegenericandspeci�c databasesandwebimages,includingfaces,usingaclient/serverarchitecture.

Theclient choosesthesefunctionsusinganinterface(seeFigs7.24,7.25).

7.6.2 Facerecognitionusing the TF1 corpus

Within the framework of the Media-Work project,we have built a facerecognitionsystemwhich

canrecognize)‡/ peoplewho regularly appearin the TF1 corpus. The coarse-to-�ne(CTF) detector

extractsfacesfrom theTF1corpusandprintstheirnamesusinga facetrainingdatabase.Thisdatabase

consistsof ž�]�] well-extracted,registeredfacesbelongingto these )‡/ personsandencodedusingthe

DSW+eigenfacessignatures.Givena window declareda faceby our CTF detector, we usea simple

nearestneighboorclassiferin orderto �nd theclosestmatchof thiswindow in thefacedatabase(of )‡/

persons)andthenameof theunderyingpersonis returnedasawindow label(seeFig 7.26).

7.7 Summary

This chapterdescribesthe performanceof our facedetectorusingdifferentdatabasesof differing

dif�culty andimagequality. The strongpointsof our detectorare: (i) The hugeaccelerationin the

processingtimeobtainedby theg-network with respectto thef-network; (ii) Themaintenanceof good

performancein termsof falsealarmanddetectionrates;(iii) Thefactthatthis approachis genericand
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7.7. Summary

Figure7.26:Facerecognition usingtheTF1corpus.
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7.7. Summary

couldbeappliedto solvemany semi-rigidobjectdetectionproblems.

In addition,ourCTF detectormimicstheway thehumanvisualsystemworks. Indeed,humanswill

generallyspendmore time interpretinga scenecontainingfaceswith a dif�cult background(like a

jungle)thanascenecontainingfaceswith asimplebackground(likeanI.D. photography).

Extensionsfocusonamorerealistictrainingsetin orderto covermorevariationsin faceappearance

andfaceexpression,occlusioneffects,and3D posevariations.
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Chapter 8

Conclusionand futur ework

Detectinginstancesof faceswith varying appearancesusingcoarse-to-�neSVM classi�ers is ex-

tremelyef�cient both from an algorithmicpoint of view and in termsof precision. This ef�ciency

is mainly dueto theuseof a hierarchicalplatform,proposed�rst in (Fleuret& Geman2001),which

modelsinvarianceusinga coarse-to-�nesubdivision of the poseand low-to-high variationof SVM

complexity. In chapter4, we proposedoneplatform- thef-network - which is a hierarchyof standard

SVMs trainedto modelinvarianceusinganestedfamily of poseconstraints.In theupperlevelsof this

hierarchy, SVMs aretrainedon facepopulationsunderweakposeconstraintswhile in thelower levels

theseconstraintsaremoreandmoresevereso the underlyingSVMs areincreasinglydiscriminating.

Thef-network, althoughverydiscriminating,hasthedisadvantageof beingveryslow in thetestphase

sinceit requiresheavy processingevenonsimplebackgroundstructures.

Theg-network hasa similar architectureasthe f-network, but requiresvery little processingin the

majority of the imagespace.This is mainly dueto controlling the numberof supportvectorsin the

posehierarchy, in suchawayasto balancetheexpectedevaluationcostandtheerrorrate.As shown in

chapter6, this error is largely dominatedby falsealarmssinceeachclassi�er in theg-network is built

to achieveanegligible miss-detectionrate(at leastempirically)at theexpenseof a reasonableincrease

in falsealarms.

Severalexisting techniquesproposetheuseof multiple classi�ersof increasingcomplexity anddis-

criminationpowerin orderto achieveef�cient computation(Rowley 1999),(Viola & Jones2002).One

of theproblemsis thedif�culty in selectingtheappropriatecomplexity for eachclassi�er suchthatthe

averageoverall evaluationcostis minimal at a �x ederrorrate.In chapter5, we have studiedthecom-

plexity/error ratetradeoff usingacomputationalmodel.Thismodelassumesthatbackgroundrejection

ef�ciency is aconvex functionof SVM complexity (numberof supportvectors)andthedegreeof “pose

invariance”.
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We have shown in chapter4 that thediscriminationpower of eachclassi�er at a givenlevel • of the

f-network dependsalsoonthecomplexity of backgroundpatternsreaching• , whicharemoreandmore

similar to facesas • increasesthanarerandombackgroundpatterns.Ourconclusionis that,for a given

cell, theconditionalprobabilityof falsealarmsis largerthanthemarginal probability. This propertyis

installedin thecomputationalmodelproposedin chapter5: Therateof thedecreaseof theconditional

probabilitymodelwith respectto complexity is smallerthanfor themarginal probability. Clearly, our

modelis fairly realisticasnoassumptionabouttheindependenceof theSVM testsis required;further-

morethe formulationis simpleanda simpleoptimizationroutineis suf�cient to solve theunderlying

constrainedminimizationproblem.Whensolvingthis problem,we foundin fact that thebestorgani-

zationof thehierarchy(thecost-reducingg-network) is low-to-high in complexity, andcoarse-to-�ne

in pose.Thus,with sucha platformsimplestructuresarerejectedusingsimpleSVMs,while faceand

face-likestructuresrequirefurtherprocessingat lower levelsof theg-network.

It hasbeenshown that SVMs often outperformotherpopularclassi�erssuchasstandardarti�cial

neuralnetworks(ANNs)or standardradialbasisfunctions(RBFs)(Cortes& Vapnik1995),(Scholkopf,

Sung& Poggio1997)(Scholkopf 1997).An SVM actsasasinglehiddenlayerANN wherethenumber

of units in thehiddenlayer is automaticallyfoundby solvingtheSVM Qp problem(Vapnik1995). It

hasalsobeenshown thatSVMs achievebettergeneralizationperformancethanstandardRBF training

(Scholkopf, Sung,Burges,Girosi, Niyogi, Poggio& Vapnik1997). Indeed,anSVM actsasan RBF

classi�er wheretheparametersof theRBF arefoundwhenmaximizingthemargin; accordingto Vap-

nik's theory(Vapnik1998)thiswill minimizethegeneralizationerror.

Thechoiceof kernelsin SVM trainingis alsocritical andadesirablepropertyis invariance(Evgeniou

et al. 2000)(Scḧolkopf et al. 1996). In chapter3, we have shown a scale-invariancepropertyof SVMs

trainedusingthe“triangularkernel”. Thegoodgeneralizationperformanceof this kernelis alsostud-

ied in this chapter, as well as in (Sahbi& Fleuret2002) for 2D toy problems,facedetection,and

hand-writtencharacterrecognition.Without tuningany of parameters,the triangularkernelachieved

generalizationperformancesimilar to thebestGaussiankernelwith parametersoptimizedusinginten-

sivecross-validation.

TheHaarfeaturesusedin our facedetectorarevery simple,rapidly calculatedandmake it possible

to analyzethespatio-temporalvariationof the2D facesignal.Thesefeaturesfocusonly on theglobal

shapeof faces(i.e., thelow frequency characteristics)insteadof thefacialdetails(i.e.,high frequency

characteristics)which arenecessaryfor othertaskssuchasfacerecognition,faceexpressionanalysis

or genderclassi�cation. We exploit thesimplestructureof theHaar�lters in orderto computethese
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8.1. Future work

waveletcoef�cients quickly usingtheintegral image(Viola & Jones2002).A fastversionof histogram

equalizationis derivedin chapter2,usingtheintegral image,whichreducestheoverhead,enhancesthe

contrastof facesandreducesstronglighting effects.

Finally, the hierarchicalfacedetectoraspresentedin this thesis,may be connectedto the way the

humanvisualsystemperceivesa scene.In fact,a coarsetestin thehierarchy(i.e., dedicatedto weak

poseconstraints)canbeidenti�ed with braincellswhich areactivatedwhena genericclassof objects

is perceived,whereasa testdedicatedto �ne poseconstraintscanbeidenti�ed with amorespecialized

mechanismdedicatedto aparticularclassof objects.Thefactthatthecostis increasingaswe traverse

thehierarchymimicswell thefact that thebrain focusesmoreeasilyon a particularobjectembedded

in a uniformbackgroundthanin aclutteredscene.

8.1 Futur ework

Our hierarchycanbeextendedto implementa multi-classSVM with Þ Fe) differentclasses(with

oneextra classfor thebackground).ConsideranSVM dedicatedto a particularposecell. It might be

interestingto useapriori knowledgeaboutthe2D transformationsin thehierarchyin orderto infer the

SVMsrelatedto otherposecellsusingthemethodof virtual examples(Scḧolkopf etal. 1996).Wecan

alsoextendourapproachto model3D posevariationusingadatabaseof facepro�les (or half pro�les)

or a3D facemodel.

Wehaveshown is chapter4 thattrainingdependsonthelevel of poseinvarianceandontheappropri-

ateselectionof thenegativeexampleswhenusingthebootstrappingprocess.Oneof thestrongpoints

of ourhierarchywith respectto theuseof asimplecascadeis thattheposeis moreandmorere�ned as

we traversedifferentlevels.Thus,thedistributionof facepatternsat thelower levelsis morehomoge-

neousandthis will help (i) thebootstrappingprocessachieve goodperformancein termsof reducing

falsealarmsand(ii) the techniquepresentedin chapter6, approximatingthe decisionboundarywith

few supportvectors.

Posedecompositionis anef�cient view-basedframework thatmakesprocessingcoarse-to-�ne.Dif-

ferentsplitsin termsof 	�
 faceappearancetakenfrom g¡•

Ÿ

×0­&�«<

Ÿ

ŽJ�

Ÿ‡ 

<Ld,ŽY�«­&�«<

Ÿ

ŽJ�P–7×0­’••d

p

areperformed

in our hierarchy, andthediscriminationpower of eachdetectorbelongingto a givenlevel dependson

thenatureof thesplit. It would beworthwhile to seekthebestorderedsequenceof splits in thesense

of maximizingthediscriminationpower of eachlocal detectorrelative to theunderlyingbackground

alternativehypothesis.Thiswouldbeaninterestingandperhapsdif�cult optimizationproblem.
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8.1. Future work

Wearecurrentlyinvestigatingthestudyof thegeneralizationperformanceof SVMstrainedusingthe

triangularkernel.In (Osunaetal. 1997a), theauthorsprovideaformulationto implementthestructural

risk minimizationprinciplewhich tradesempiricalrisk againstgeneralizationerror. Theauthorsstate

thattheobjectivefunctionof theunderlyingconstrainedminimizationproblemis aweightedcombina-

tion of two terms.The�rst onemaximizesthemargin (reducesthegeneralizationerror)andthesecond

oneminimizesthe empirical risk. The weight (denotedin (Osunaet al. 1997a) by
�

) controlsthis

tradeoff. If
�

is small,theSVM trainingfocuseson maximizingthemargin at theexpenseof increas-

ing theempiricalrisk, andvice-versa.It hasalsobeenshown in (Osunaetal. 1997a) thatthedualform

of the SVM constrainedminimizationproblemis equivalentto a standardSVM Qp problemexcept

that the coef�cients gÈÉ

T

p

areboundedabove by
�

(i.e., îE­&S“gÈÉ

T

p

Ú

�

). Now, the naturalquestion

is: What is therateof thechangeof gÈÉ

T

p

whenincreasingthescaleof a trainingpopulation,for both

thetriangularandtheGaussiankernels?It is clearthatthis ratewill determinetheupperbound
�

and

accordinglywill controlthetradeoff betweentheempiricalrisk andthegeneralizationerror.

Oneof thelimitationsin ourapproachis thedif�culty in analyzingtheinvarianceof theHaarfeatures

to somenon-linearfacedeformations(suchasfaceexpressions)which arenot necessarilyexpected

from the local SVM detectors. It could be interestingto useexisting techniquesin order to select

amongall thepossiblewaveletcoef�cients thosewhicharethemostappropriatefor facedetection,and

to show thatthesefeaturescorrespondin factto thelow frequency coef�cients.

Thesizeof the backgroundtraining setnecessaryto build andto bootstrapSVMs in thehierarchy

makestraining laboriousandvery demandingboth in time andmemoryresources.Furthermore,the

Olivetti databaseis small to characterizeaccuratelythe variability in faces. The useof a larger and

morevariedfacedatabaseswill certainlyimprovethedetectionrateof oursystem.Of course,theboot-

strappingprocessshouldfurtherlimit falsealarms.

Finally, furtherimprovementsin speedandaccuracy couldresultfrom adaptingourdetectorto video

streaming,color images,etc.
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